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Rediscovering the mental health of populations

The principles of prevention espoused by G. Rose1 have under-
pinned many modern successes in health care. In areas such as 
cardiometabolic diseases, injuries and violence, and substance 
abuse, shifting the community distribution of risk factors has 
become the primary strategy. The ensuing reductions in disease 
burden have been striking.

Psychiatry remains an outlier. Over decades, the quality of clini-
cal care has been improved, greater funding has been attracted, 
more and better trained mental health professionals have been 
grown, and the governance of mental health care has been up-
graded2. However, the emphasis in recent initiatives in high-in-
come countries has been overwhelmingly a further extension of 
treatment: early clinical intervention has been the dominant ini-
tiative taken up in government investments into the mental health 
of young people3.

Yet, this continuing expansion of government expenditure, 
prescribing of antidepressants and availability of psychologi-
cal services has still not been accompanied by reductions in 
the prevalence of common mental disorders3. While it remains 
possible that this in part reflects a continuing failure to scale 
minimally-sufficient treatments, the evidence from other fields 
of medicine suggests that a more likely explanation is the lack of 
scalable risk-focused prevention strategies.

This failure to embrace population-based approaches to pre-
vention in psychiatry is understandable. Most clinicians find 
the endorsement of population perspectives difficult. For them, 
the individual is the unit of study1. For psychiatry, the opacity 
of pathophysiological processes has supported the tendency to 
focus on interventions directed at the individual. Recent excite-
ment about progress in genetics and neuroscience has reinforced 
this tendency, with both major research funding agencies and 
the pharmaceutical industry emphasizing the individual over  
the social context.

In this scenario, the paper by Fusar-Poli et al in this issue of 
the journal4 raises questions around the optimal strategies for 
prevention in psychiatry. The overwhelming emphasis to date 
across common mental disorders, psychosis and bipolar disor-
der has been on individuals at high risk by virtue of early clini-
cal symptoms or genetic predisposition. These selective and 
indicated approaches to prevention have targeted subjects at the 
tail of the distribution, with an aim of reducing the likelihood of 
transition to clinical caseness. However, this emphasis on indi-
viduals has been accompanied by a failure to address structural 
and social determinants.

E. Durkheim’s work, well over a century ago, drew the conclu-
sion that suicide rates are stable and distinctive characteristics of 
populations. He viewed suicide as a collective phenomenon in 
which personal factors are less important than the social context. 
Similarly, strategies focused on the social, economic and regula-
tory context that bring a reduction in average alcohol consump-
tion have been far more successful in reducing levels of alcohol 
use disorders than individually targeted interventions5. This 

principle that actions to reduce modest risks in a large group will 
generate greater benefits than targeting conspicuous risks in a 
small number should guide the prevention of mental disorders.

One challenge is that most risks for mental disorders lie out-
side the direct influence of the health sector. For young people, 
social determinants of mental health derive from inequitable 
gender norms, shifts in family structure and function, culture 
and religion, economic development and its consequences, digi-
tal technology, urbanization and planetary change. These social 
and structural determinants shape peer, family and community 
relationships, accessibility of service systems, the likelihood of ex-
periencing major external events, as well as risks related to life-
style and individual behaviour. For mental disorders, as for the 
physiological processes underpinning physical health, there are 
also sensitive periods in which risks are more likely to become 
embedded and when prevention will be more effective.

The COVID-19 pandemic illustrates the influence of social 
and structural factors on the mental health of all age groups, but 
particularly the young. It also illustrates areas where psychiatry 
should be acting. The effects of lifestyle risk factors for mental 
disorders, including physical inactivity, screen time, irregular 
sleep and poor diets, have been enhanced. Even more profound 
have been the shifts in relationships, with disruption to friendships 
and peer interactions, heightened worries about and sometimes 
conflict with family members, confinement to home and loss of 
the social milieu of schools, including extracurricular activities.

In taking prevention in psychiatry forward, there are further 
lessons to be drawn from other areas of medicine1. Epidemiol-
ogy remains the underpinning discipline of public health, and, 
for psychiatry, epidemiology should adopt both life-course and 
population perspectives. However, psychiatric epidemiology 
remains in a parlous state, particularly for children and young 
people. Global coverage for even basic estimates of prevalence 
lies under seven percent, with rates in low- and middle-income 
countries substantially lower, and 124 countries having absolute-
ly no data6. Coverage of risk factors is even weaker.

As noted by Fusar-Poli et al, a life-course perspective on men-
tal health is essential4. Yet, a life-course perspective would ideal-
ly extend across generations, given that familial clustering is the 
clearest of all risk factors. Beyond genetics, there are malleable in-
tergenerational risk factors for mental disorders, ranging from the 
biological (e.g., epigenetic) through to the structural (e.g., inequi-
table gender norms), including those risks that become embed-
ded prior to conception7. Longer-term perspectives derived from 
prospective life-course studies have the potential to guide pre-
vention research and policy, particularly when combined with  
powerful new analytic tools for causal inference.

Recent intervention trials provide grounds for optimism. 
Schools will be one important context for prevention. Chil-
dren and young people spend close to half their waking hours in 
school and education. Policy-makers increasingly understand 
that poor student mental health affects learning and academic 



achievement. There are now examples from both high- and low-
resource settings that interventions promoting a positive school 
social climate and reducing bullying can substantially reduce 
symptoms of common mental disorder8. Other promising plat-
forms include those based in local communities (e.g., girls clubs) 
and the new social environments created by digital media.

Interventions well beyond those traditionally regarded as the 
focus for prevention of mental disorders will also be important. 
Cash transfers have been widely adopted by governments in oth-
er areas of health and social policy, and seem to bring reductions 
in symptoms of mental disorder and promotion of well-being in 
low-resource settings where psychological interventions based 
on cognitive behaviour therapy have little or no effect9. Such find-
ings suggest the value of inclusion of mental health into trials of 
non-mental health interventions.

The dramatic deterioration in community mental health dur-
ing the COVID-19 pandemic heightens the imperative for psy-
chiatry to shift beyond its comfort zone of the individual patient, 

and engage with the social, structural and political determinants 
of mental health.
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Enabling a youth- and mental health-sensitive greener post-pandemic 
recovery

International bodies such as the United Nations (UN), the 
World Health Organization (WHO), the International Labour Or-
ganization (ILO) and the Organization for Economic Co-opera-
tion and Development (OECD) have warned that the COVID-19 
pandemic has made the world a yet more difficult place to be 
young.

The ILO report Youth & COVID-19: Impacts on Jobs, Education, 
Rights and Mental Well-Being1 found that nearly three-quarters 
of people aged 18-29 years reported pandemic-related educa-
tional disruptions, one-half described themselves as depressed, 
and one-in-six of those who were employed before the outbreak 
had stopped working. The effects have been worst among youth 
in low- and middle-income countries (LMICs) and among young 
women everywhere, exacerbating pre-existing inequalities.

Perversely, pandemic-related hardship has pushed some 
young people prematurely into work, particularly in Asia and the 
Pacific region. In India and Indonesia, for instance, the UN Chil-
dren’s Fund (UNICEF), the Asian Development Bank and the ILO 
have jointly reported that poor households are increasingly likely 
to take underage children out of school to work in the home or 
away in cities, or to marry them off early to boost family income.

In this issue of the journal, Fusar-Poli et al2 emphasize that 
“universal public health approaches targeting the social deter-
minants of mental disorders hold the greatest potential for re-
ducing the risk profile of the whole population”. We can extend 
the focus on inequalities in the socioeconomic environment to 
incorporate the role that physical environments, built and natu-
ral, play in shaping youth mental health, and what can be done 
in this respect.

By May 2020, governments globally had invested over 10 tril-

lion USD in responses to the pandemic, mostly for crisis initia-
tives such as furlough schemes, financial support for businesses, 
and the acquisition of medical supplies. The world is now talking 
about recovery. Scientists and major international bodies – e.g., 
the International Monetary Fund, the ILO, the International En-
ergy Agency (IEA), the European Union, and the InterAcademy 
Partnership – have proposed a green approach to rebuilding 
economies.

Statista’s survey of 28,000 individuals from fifteen nations, 
Global Green Economic Recovery Support After COVID-19 20203,  
found that two-thirds want a green recovery, especially young 
people. The ILO has hosted a meeting of ministers from thirty 
countries to discuss how to “build back better”, and the UN 
Secretary-General went so far as to suggest that a green recov-
ery approach in LMICs could help post-pandemic economic 
development switch from “grey to green”. The message is clear: 
post-pandemic rebuilding cannot continue the over-exploitation 
of the resources of the planet and its peoples – especially young 
people – without regard for the costs to either.

Substantial steps have been made in the right direction. The 
IEA’s Global Energy Review 2020 found that COVID-19 restric-
tions on travel reduced global carbon emissions by 8%, the 
kind of fall needed to keep the world within the so-called 1.5°C 
guardrail beyond which global warming becomes dangerous. 
However, emissions have started to rise again with the relaxation 
of restrictions. A commitment to a green recovery, which could 
avoid 0.3°C warming by 20504, is urgently needed.

Leading economists have identified five recovery strategies 
with particularly strong potential for retaining and even accel-
erating the emission reductions that the pandemic achieved5. 
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The strategies embrace building clean physical infrastructure, 
retrofitting buildings, and investing in education, training, clean 
research and development, and natural capital. These are con-
sistent with the WHO’s six “prescriptions” for simultaneously 
promoting planetary and human health outlined in their Mani-
festo for a Healthy Recovery from COVID-196: protecting and 
preserving nature; investing in essential services for health (e.g., 
clean water, health care facilities); moving quickly to green en-
ergy; healthy and sustainable food systems; stopping subsidiz-
ing polluters; and building healthy cities. The UN and the World 
Bank note that cities are an important focus for a green recov-
ery; the latest UN-HABITAT report has estimated that 60% of the 
world’s population will live in cities by 2030, and 60% of these 
will be children.

All of these prescriptions and strategies could support univer-
sal approaches to promoting young people’s future health and 
prosperity, but it may seem hard to sell some of these ideas politi-
cally. However, as the WHO Manifesto points out6, the pandemic 
has shown that people can accept difficult policies where these 
are evidently necessary. Further, though politicians may not al-
ways listen to scientists and health experts, they listen to public 
opinion. The large majority of the world’s adults wants action on 
climate change and, as the School Strike for Climate led by Greta 
Thunberg has shown, those under voting age can be influential.

Clinicians, researchers and their representative bodies have a 
role to play in persuading opinion leaders of the mental health 
benefits of a green recovery, especially for young people. This 
is challenging because its greatest benefits are not immediately 
obvious. Climate change and mental health are both complex 
phenomena and their relationship is complicated. It begins high 
up the causal chain, where climate change aggravates the root 
causes of mental illness, and ultimately involves multiple recip-
rocal direct and indirect linkages between a host of proximal, 
intervening and distal factors that lie on interacting paths of in-
fluence7.

Taking a systems approach to elucidating these relationships 
can help simplify the complexity meaningfully and shift thinking 
from the narrow perspective of treating illness to the bigger pic-
ture that also incorporates promoting well-being and preventing 
illness. Systems thinking in this case involves mapping the fac-
tors linking climate change to mental health outcomes, from direct, 
proximate causes to distal root causes, and specifying their inter-
actions. For example, one effect of climate change is to increase 
the frequency, intensity, unpredictability and duration of extreme 
events, such as the wildfires that ravaged South-Eastern Australia 
and California in 2020. Destruction on this scale inevitably has 

mental health implications that go beyond the immediately obvi-
ous, incorporating risks as diverse as significant injury or death, 
and losses to education and employment, cultural practices, out-
door recreation, access to fresh foods and Internet connectivity. 
Every one of these cascading factors, separately and interactively, 
is a potential threat to mental health7.

Young people can be highly motivated to help in health crises 
and can mobilize whole communities when needed. Indeed, the 
ILO report1 found that, by August 2020, nearly one-third of young 
people globally was engaged in pandemic-related volunteering. 
They are also leading a research initiative established by the UN 
Educational, Scientific and Cultural Organization (UNESCO), 
Youth As Researchers8, investigating how the pandemic has af-
fected young people.

Developing a youth- and mental health-sensitive approach to 
COVID-19 recovery would harness the interest, optimism, con-
fidence and energy of young people. It would also address their 
yearning for a greener future. The Tony Blair Institute for Global 
Change’s report, Listening to Covid-19’s “Lost Generation”: In-
sights From Our Global Youth Survey9, has pointed out that young 
people should help design pandemic recovery pathways.

Members of older generations may feel uneasy about a cli-
mate crisis that is their collective bequest to younger cohorts, 
and may want to help. One thing they can do is to come together 
more effectively to apply the resources, capabilities and wisdom 
they have acquired in life to helping young people contribute to 
the pandemic recovery. Young people are ready to meet the chal-
lenge – their way, a green way.

Helen L. Berry
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The promise of machine learning in predicting treatment outcomes 
in psychiatry
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For many years, psychiatrists have tried to understand factors involved in response to medications or psychotherapies, in order to personalize their 
treatment choices. There is now a broad and growing interest in the idea that we can develop models to personalize treatment decisions using new 
statistical approaches from the field of machine learning and applying them to larger volumes of data. In this pursuit, there has been a paradigm 
shift away from experimental studies to confirm or refute specific hypotheses towards a focus on the overall explanatory power of a predictive model 
when tested on new, unseen datasets. In this paper, we review key studies using machine learning to predict treatment outcomes in psychiatry, 
ranging from medications and psychotherapies to digital interventions and neurobiological treatments. Next, we focus on some new sources of 
data that are being used for the development of predictive models based on machine learning, such as electronic health records, smartphone and 
social media data, and on the potential utility of data from genetics, electrophysiology, neuroimaging and cognitive testing. Finally, we discuss 
how far the field has come towards implementing prediction tools in real-world clinical practice. Relatively few retrospective studies to-date include 
appropriate external validation procedures, and there are even fewer prospective studies testing the clinical feasibility and effectiveness of predic-
tive models. Applications of machine learning in psychiatry face some of the same ethical challenges posed by these techniques in other areas of 
medicine or computer science, which we discuss here. In short, machine learning is a nascent but important approach to improve the effectiveness 
of mental health care, and several prospective clinical studies suggest that it may be working already.

Key words: Computational psychiatry, machine learning, treatment outcomes, prediction, external validation, pharmacotherapies, psy­
chotherapies, electronic health records, smartphone data

(World Psychiatry 2021;20:154–170)

Treatment interventions in psychiatry are far from being ef­
fective in all cases in which they are indicated. In depression, for 
example, only 30-50% of individuals achieve remission after what­
ever initial treatment they receive, even in the context of a well-
conducted clinical trial1. Eventually, after trying some number 
or combination of treatments, most patients do attain remission. 
What if, rather than iterating through the available treatments that 
a patient might benefit from, we could predict the right treatment 
for each individual from the start?

Researchers have wanted this for decades. Historically, they 
have tried to understand specific factors involved in treatment 
response based on theoretical groundings, leading to many stud­
ies focusing on single variables such as early childhood stress, 
suicidality, major life events, or comorbid diagnoses. Since then, 
the ongoing search for one (or a few) true explanatory variables 
has included many levels of analysis, including: the patient (clini­
cal characteristics, blood marker levels), his/her brain (structural 
and functional neuroimaging, cerebral blood flow, scalp electri­
cal recordings), his/her genes (single nucleotide polymorphisms, 
mutations/rare genetic variants, copy number variations, gene 
expression), and intervention characteristics (the medication or 
psychotherapy selected, the way it was delivered, the provider, 
the therapeutic alliance). If one variable alone could accurately 
predict treatment response, our field would probably have found 
it by now. Instead, most characteristics identified so far have 

shown small explanatory power over treatment outcomes, and 
researchers’ attention naturally turned towards multivariable 
models that can incorporate many smaller effects.

Machine learning is a collection of statistical tools and ap­
proaches that are extremely well suited to this goal of detecting 
and aggregating small effects in order to predict an outcome of 
interest2. It allows researchers to go from evaluating a small num­
ber (~10) of predictor variables to many hundreds or thousands 
of variables or variable combinations. There are many potential 
pitfalls when applying these techniques, but, when implemented 
well, they afford many opportunities for psychiatric research3,4. 
They allow us to examine many variables, even correlated ones, 
simultaneously. They move away from exclusively additive mod­
els and allow us to identify more complex non-linear patterns in 
data. They more naturally bridge disparate data types, potentially 
incorporating clinical assessments, geospatial information, and 
biological findings into a single analysis. By unlocking powerful 
hypothesis-free approaches, they enable us to discover factors 
that are less intuitive but nonetheless predictive of outcomes.

The introduction of machine learning in psychiatry is more 
than just adding an analysis tool for combining and exploring big­
ger data sets – it marks a paradigm shift5. For years, we used classi­
cal statistical approaches to confirm or refute specific hypotheses. 
Now, machine learning studies shift the focus toward the overall 
predictive power of a model, particularly how accurately it predicts 
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the desired outcome in a new, unseen dataset. Studies in this field 
are evaluated primarily by their potential clinical impact: what our 
model can reliably tell us about the prognosis of new patients in 
the future, and what we can do with that information to improve 
clinical practice.

With this in mind, this paper explores the promise of machine 
learning in predicting treatment outcomes in psychiatry. There are 
many things that we do not focus on. This is not a primer on ma­
chine learning6, an explanation of how it works2, or a debate about 
what counts as machine learning versus traditional statistics or 
“non-machine-learning”. We do not explain how to build predic­
tive models7 or how to validate them. We are not formally com­
paring different algorithmic approaches, how each one works, or 
circumstances where one may be more appropriate than another. 
We also avoid a distinction between moderators versus mediators 
of treatment outcomes, or whether a model predicts outcomes 
specifically for a treatment versus others or predicts outcomes 
more generically for multiple treatments8. Finally, we do not aim 
to review the many sociodemographic and clinical variables that 
have been or can be used for prediction of treatment response in 
psychiatry, which generally have the most predictive power and 
are cheapest to collect9,10.

We begin by discussing machine learning methods, how they 
compare to traditional statistical approaches, and to what extent 
is machine learning specifically adding value. Next, we provide 
an overview of the interventions for which researchers have tried 
to use machine learning methods to predict outcomes, ranging 
from medications and psychotherapy to digital interventions and 
neurobiological treatments. In doing so, we highlight characteris­
tics that made them gold standard examples, and discuss the dif­
ferent goals that can be achieved in each context. Next, we focus 
on the potential utility of electronic health records, smartphone 
and social media data, and of data from genetics, electrophysiol­
ogy, neuroimaging and cognitive testing for the development of 
predictive models based on machine learning. Finally, we help 
the reader understand the broader context: how close have we 
come to implementing these prediction tools in real-world clini­
cal practice; and what are the ethical challenges that these tools 
carry. The intent of this paper is to review studies throughout psy­
chiatry; any emphasis on depression is not intentional, but it does 
reflect the fact that the majority of research in this field has been 
conducted in people with that mental disorder.

IS MACHINE LEARNING ADDING VALUE OVER 
TRADITIONAL STATISTICS?

Machine learning studies generally differ from traditional re­
search in two ways. The first is a focus on prediction (explanatory 
power of the model) rather than inference (hypothesis testing). 
The second is a shift towards model flexibility, with the ability to 
handle large numbers of predictors simultaneously.

Prediction can be performed without machine learning al­
gorithms, and many studies still use traditional statistical tech­
niques such as logistic regression. In fact, when assumptions 

and sample size requirements are reasonably met, the number 
of predictors is small (≤25), and non-linear effects are relative­
ly weak, traditional parametric models will likely predict well. 
Several studies found no benefit of machine learning over tra­
ditional logistic regression, for example in predicting treatment 
resistance in major depression11, brain injury outcomes12, or ma­
jor chronic diseases13.

One recent systematic review of clinical prediction models 
found no difference in performance between machine learning 
and logistic regression14, although the authors considered in the 
category of logistic regression some advanced frameworks that 
could be included within machine learning, such as penalization 
(e.g., lasso, ridge or elastic net) and splines (which capture non-
linearities). In areas of medicine such as diabetes and heart fail­
ure, simple logistic models have performed well and have been 
externally validated more than machine learning models15,16.

The added value of machine learning approaches emerges 
when the number of potential predictors is large and/or their 
effects are non-linear. Many machine learning algorithms are 
capable of handling large numbers of predictors, even in cases 
where there are more predictor variables than observations, due 
to built-in overfitting control. For example, ridge, lasso and elas­
tic net regression17 include penalization, which forces the regres­
sion coefficients to be closer to zero than in the traditional linear 
or logistic regression models. Machine learning approaches are 
also good at capturing complex, interactive, or non-linear effects. 
For example, tree-based models are able to evaluate many pos­
sible variables and variable combinations to identify subgroups 
that could not be captured by traditional linear models. Another 
common technique adopted by machine learning approaches 
is “ensembling”. Here, several models are fitted on random sam­
ples of the original dataset, and then an average is taken amongst 
the predictions from each model. This approach is a key element 
of many popular machine learning techniques today, especially 
gradient boosting machines and random forests18-20.

Several recent treatment outcome prediction studies in psy­
chiatry demonstrated the added value of machine learning. Ran­
dom forests and/or elastic net regression21-24, as well as support 
vector machines25, were found to outperform traditional regres­
sion methods. Large-scale comparisons on benchmark datasets 
consistently found machine learning to outperform traditional 
methods26-29. Overall, boosted trees (random forests and gradient 
boosting machines), regularized regression, support vector ma­
chines, and artificial neural networks can all perform well, but no 
one method will have the best performance across all situations.

While researchers typically aim to maximize predictive per­
formance, practical aspects such as explainability or the cost of 
including more variables should also be considered. In some 
cases, simpler models with slightly lower predictive accuracy or 
higher generalizability might be preferred, because they already 
capture most of the effects30,31. There is no silver bullet in statis­
tics, and all prediction algorithms face the so-called bias-var­
iance tradeoff2,32,33, where flexibility needs to be balanced with 
the risk of overfitting. For machine learning methods to capture 
increasingly complex effects, much larger sample sizes are still 
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needed. Although these methods can deal with large numbers 
of potential predictor variables, careful pre-selection of variables 
likely improves predictive accuracy.

While traditional research approaches focused on p values for 
specific coefficients in a model, prediction studies focus on the 
overall explanatory power of the model, often in terms of R2, bal­
anced accuracy, or area under the receiver operating characteristic 
curve (AUC). Predictive studies require a keen focus on validation 
approaches, to examine whether the model is learning patterns 
that are substantive and consistent from one dataset to another, or 
whether the model has simply learned idiosyncrasies of the initial 
training data. Table 1 discusses various kinds of validation that are 
conducted in predictive studies, from internal approaches that use 
just one dataset, to external validation approaches that use data 
from independent sites, studies, trials, countries, or consortia to 
test model generalizability. Validation frameworks, especially ex­
ternal validation, are critical for developing models that are reli­
able and useful, and understanding whether the fitted model is 
likely to generalize to unseen data in the future34-36.

PREDICTING TREATMENT OUTCOMES IN 
PSYCHIATRY BY USE OF MACHINE LEARNING

Medications

Predicting treatment outcomes for psychiatric medications is 
the most active area of research in the field, primarily because they 
were the easiest place to start. Machine learning studies require 
large volumes of data to build predictive models, ideally with clearly 
labelled outcomes, control over the intervention, and relevant data 

about the patients before treatment. Since this describes most large 
clinical trials, and most large clinical trials in psychiatry are con­
ducted to evaluate efficacy of a medication, most machine learning 
efforts began by investigating treatment responses to medications 
treating depression, schizophrenia or bipolar disorder.

These studies mostly used information from demographic in­
take forms and clinical symptom scales common in clinical trials, 
although more recently genetic and neuroimaging data have also 
been incorporated (discussed later in this paper). Despite being 
the most active area of research, most resulting models have not 
yet been validated in external samples. Relatively few prediction 
tools generated by mental health researchers so far have advanced 
through implementation studies and into clinical practice37-39. 
Here we focus on examples of studies that were adequately pow­
ered, underwent external validation, or are notable for other rea­
sons.

Most treatment prediction studies have focused on antide­
pressants commonly used in the acute phase of depression. For 
example, Chekroud et al40 determined a small group of 25 pre-
treatment variables that were most predictive of remission with 
citalopram in the Sequenced Alternative Treatments for Depres­
sion (STAR*D) trial. This model achieved an accuracy of 64.6%. 
The model was then applied to data from another clinical trial to 
examine whether it can generalize to patients from an entirely in­
dependent population. The model was able to predict response 
to two similar antidepressant regimens (escitalopram plus pla­
cebo, and escitalopram plus bupropion, each with an accuracy of 
around 60%), but the model did not predict remission better than 
chance for patients who took venlafaxine plus mirtazapine (51%).

The five most important variables identified by the model in 
predicting remission were baseline depression severity, employ­

Table 1  Common validation approaches used in clinical prediction studies

Generalizability test Description

None, p value testing The entire sample is used to predict an outcome, and a p value indicates the probability of  obtaining the result in the absence of  a true 
effect. The study cannot make any claims concerning translation or generalizability because they have not been tested.

Leave-one-out  
cross-validation

One subject is randomly chosen and left out. A model is trained on the remaining subjects and applied to the left-out subject to assess 
generalizability. This procedure is repeated for every subject in the dataset. This is the simplest form of  cross-validation. It produces 
optimistic biased results.

K-fold cross- 
validation

The sample is randomly divided into subsamples (called “folds”). One fold is left out and statistical models are trained on the remaining 
subjects. The models are applied to the subjects in the left-out fold to assess generalizability. This is a common technique to reduce 
overfitting. However, when the data are from one sample (even if  collected at multiple sites), generalizability claims need to be 
tempered.

Leave-one-site-out 
cross-validation

Instead of  randomly leaving out subjects, sites are now randomly left out. Models are fitted on the remaining sites, and applied to the 
left-out site. This assesses cross-site generalizability, and the same technique can be extended to any other group definition, such as 
blocks of  time, gender or ethnicity. Generalizability and translational claims still need to be tempered.

External validation A model is created in one study and applied to a completely separate sample. This approach reflects a high degree of  generalizability 
capacity. Demonstrations can be increasingly close to real-life circumstances, which strengthens the evidence of  generalizability 
and translational potential (but does not guarantee it). The approach may still be subject to poor sociodemographic representation, 
sampling biases, or study designs that do not reflect clinical reality.

Prospective  
validation

A previously-created model is evaluated in a prospective study that is ideally randomized and in conditions as close to clinical reality as 
possible, in order to test whether the tool is safe and effective in practice. Prospective validation studies are still susceptible to the same 
concerns around external validity as all other clinical trials (e.g., participant compensation and meaningful endpoints), and require 
large sample sizes, a broad and unbiased recruitment process, and good clinical practices. As with other clinical trials, a phased process  
may be necessary to first evaluate feasibility and safety in a smaller sample before proceeding to broad evaluation of  effectiveness.
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ment status, feeling restless during the past seven days (psycho­
motor agitation), reduced energy level during the past seven 
days, and Black or African American ethnicity. The study was 
later replicated by Nie et al41, who similarly trained a model to 
predict citalopram treatment outcomes using information easily 
obtainable at baseline. The team trained and tested the model 
in the STAR*D dataset and validated it in data from a different 
open-label citalopram trial, using 22 predictor variables that 
overlapped between the two trials. Despite minor differences de­
pending on the specific algorithm used, the balanced accuracy 
of the models was roughly 64-67%.

An earlier study by Perlis11 showed that eventual treatment 
resistance might also be predictable from the outset. The author 
developed a model using STAR*D data that was able to predict at 
baseline whether an individual would not reach remission after 
two antidepressant treatment trials, with an AUC of 0.71. Early 
proofs of concept like the Perlis study did not include external 
validation, at least partly due to the lack of independent datasets 
with similar trial designs that could be used for that validation.

The above antidepressant studies selected predictors in a 
purely data-driven way, including all data that could be extracted 
at baseline and then using machine learning methods that dis­
card irrelevant information or are amenable to including many 
variables at once. However, the choice of predictors is not always 
hypothesis-free, and a priori knowledge from scientific literature 
can also guide the choice of variables and yield useful results. In­
iesta et al42 aimed to predict remission of depression in patients 
treated with escitalopram or nortriptyline using only variables 
that had previously been confirmed as individual predictors or 
moderators of response to treatment. Their models predicted  
overall response to medication with an AUC of 0.74 and response 
to escitalopram with an AUC of 0.75, but prediction of nortrip­
tyline outcomes was not statistically significant. In subsequent 
work incorporating genetic data to the models43, these authors 
predicted response to escitalopram and nortriptyline with an 
AUC of 0.77.

A second use of machine learning to predict medication out­
comes is to better define subgroups of patients, symptoms, or 
symptom trajectories, and then use these subgroups to make 
more nuanced predictions. Drysdale et al44 used clustering to 
identify four “subtypes”, or groups, amongst 1,188 depressed 
patients based on patterns of dysfunctional connectivity in lim­
bic and frontostriatal networks. They developed classifiers for 
each depressive subtype using support vector machines and 
later tested these models on an independent dataset, accurately 
classifying 86.2% of the testing sample. As a next step, the team 
used the subtypes to predict response to transcranial magnetic 
stimulation, but did not validate these predictions in any inde­
pendent sample. Although the biotypes approach is interesting, 
subsequent methodological research has highlighted concerns 
and limitations45.

Chekroud et al46 used clustering to identify groups of symp­
toms and mixed-effects regression to determine if they had 
different response trajectories. Three symptom clusters (core 
emotional, sleep and atypical) emerged consistently from two in­

dependent medication trials – STAR*D and Combining Medica­
tions to Enhance Depression Outcomes (COMED) – across two 
commonly used symptom scales. The authors subsequently used 
data from STAR*D to train gradient boosting machines (one for 
each combination of cluster and medication arm), finding mod­
est improvements in the ability of clusters of symptoms to predict 
total severity outcomes. The same symptom clustering approach 
was also effective in a study of treatments for adolescents47.

Other researchers first used techniques like growth mixture 
modeling48 or finite mixture modeling49 to identify trajectories 
of symptom response such as “fast and stable remitter”, “sus­
tained response”, or “late relapse”. Machine learning models 
were then developed to try and predict the specific response tra­
jectory a patient will have for a given treatment. This approach 
is potentially more robust to the noise that is naturally present 
amongst individual patient trajectories and less affected by the 
way that outcomes are defined in trials – e.g., whether remission 
is defined as a score of 5 on the Patient Health Questionnaire-9 
(PHQ-9) or a score of 5 or 6 on the Quick Inventory of Depressive 
Symptomatology (QIDS)48,49. However, the approach relies on 
the availability of repeated measures.

Medication treatment outcomes have been most widely stud­
ied in depression, due to the prevalence of the condition and 
extant available data, but the approach has also been proven in 
other psychiatric conditions. For schizophrenia, Koutsouleris et 
al25 used data from the European First Episode Schizophrenia 
Trial (EUFEST, N=344) to predict good and bad outcomes based 
on global functioning scores over time using a support vector 
machine, and validated the ten most predictive features on an 
unseen sample of 108 patients with a balanced accuracy of 71.7%. 
The most valuable predictors identified were largely psychosocial 
variables, rather than symptom data: unemployment, poor edu­
cation, functional deficits, and unmet psychosocial needs.

Again in schizophrenia, Leighton et al50 were not only success­
ful in predicting response to medication treatment in first episode 
psychosis, but also in validating findings in two independent 
samples. They first identified predictors that were available across 
three studies – the Evaluating the Development and Impact of 
Early Intervention Services (EDEN) study in England, two cohorts 
recruited from the National Health Service (NHS) in Scotland, and 
the Danish clinical trial called OPUS. This allowed them to build 
and test harmonized models across the three studies to predict 
four outcomes capturing different aspects of recovery: symptom 
remission, social recovery, vocational recovery and quality of life. 
Next, they used logistic regression with elastic net regularization to 
identify the most relevant predictors in the EDEN study (N=1027) 
– much like Chekroud et al40 – to determine a smaller subset of 
variables that could still predict outcomes but require less effort 
for future data collection and improve clinical applicability. These 
regularized models trained in the EDEN sample reached internal 
validation AUCs of 0.70 to 0.74 (depending on the outcome meas­
ure). When tested in the second Scottish cohort, the AUC ranged 
from 0.68 to 0.87. In the OPUS trial, it ranged from 0.57 to 0.68.

Predicting medication response in other mental disorders 
is still in early stages. Two studies51,52 used baseline sociode­
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mographic, clinical and family history information to predict 
response to medications commonly used in bipolar disorder: 
lithium and quetiapine. Although both obtained models with 
performance above chance, neither was validated in independ­
ent samples, and one used 180 variables for prediction51, which 
limits its clinical applicability.

Psychotherapies

Historically, efforts to predict treatment outcomes in psycho­
therapies have focused on theoretically-motivated single vari­
ables that might moderate treatment outcomes. Only relatively 
recently have psychotherapy researchers applied machine learn­
ing approaches to predict treatment outcomes53. Even amongst 
these studies, the historical focus on moderators of psychothera­
peutic effects has persisted, leading researchers to distinguish 
between “prognostic” and “prescriptive” models. Prognostic 
models are those that predict whether a patient will recover with 
a given treatment. Prescriptive models instead predict which of 
two (or more) treatments is best suited for a particular patient54. 
Both kinds of model can clearly have clinical utility, even if they 
answer slightly different questions. The differences continue 
to blur further with more recent attempts to build prescriptive 
models by developing multiple prognostic models for different 
treatments and then comparing their outputs55.

In an early effort, Lutz et al53 used nearest neighbor modeling 
to predict rate of symptom change and session-by-session varia­
bility. Models were based on age, gender and baseline symptom 
scores. Compared to non-machine learning models, the nearest 
neighbor predictions were more highly correlated with actual 
values of rate of change, but not session-by-session variability.

Since then, other approaches to prediction in psychotherapy 
proliferated. DeRubeis et al56 developed a multivariable mod­
eling method, known as the “personalized advantage index” 
(PAI), that uses interaction effects between baseline variables 
and treatment condition, to predict whether a patient will re­
spond better to antidepressants versus cognitive behavioral 
therapy (CBT). Amongst their small sample of 154 individuals, 
a clinically meaningful advantage (PAI ≥3), favoring one of the 
treatments relative to the other, was predicted for 60% of the pa­
tients. When these patients were divided into those randomly as­
signed to their “optimal” treatment versus those assigned to their 
“non-optimal” treatment, outcomes in the former group were 
better (d = 0.58, 95% CI: 0.17-1.01). Similar approaches have been 
developed by other groups55,58, and more recently improved fur­
ther by the use of machine learning approaches59 to generate 
better predictions and incorporate more variables.

Several studies since then have tried to predict which evi­
dence-based psychotherapy is most likely to benefit a specific 
patient55,59, including efforts to identify which of two (or more) 
psychotherapies may be most effective60,61, and whether a given 
patient is predicted to respond better to psychotherapy or medi­
cations56. A recent scoping review62 identified a total of 44 studies 
that developed and tested a machine learning model in psycho­

therapy, but only seven of them reported on the feasibility of the 
tool. Since psychotherapy trials are often expensive and rarely 
have large sample sizes, some have argued that predictive mod­
els may need to be developed initially with large observational 
datasets63.

PAI-style approaches that calculate treatment by variable in­
teractions quickly lead to high-dimensionality prediction analy­
ses that are prone to overfitting (or require very large sample 
sizes). Using data from two Dutch randomized trials, van Bron­
swijk et al60 examined whether PAI models developed in one 
clinical trial dataset were able to successfully generalize to an 
independent dataset. Although the models performed statisti­
cally above chance in the trial used to train them, they did not 
generalize to the other clinical trial when predicting benefit for 
CBT versus interpersonal therapy (IPT) for depression.

The psychotherapy literature has generated several other pre­
diction models, potentially optimizing significant aspects of 
patient care. For example, models have been developed64,65 that 
would enable mental health providers to select low- or high-
intensity treatments for patients on the basis of their expected 
prognosis. Other studies have tried to deconstruct the content 
that is traditionally combined to form a course of psychothera­
py treatment, in order to predict which treatment components 
should be delivered within a given intervention, as well as the 
order in which the components should be implemented66-68. 
Other novel directions include using machine learning to match 
patients to specific therapists69, replicating human ratings and 
judgements70,71, and using natural language processing tech­
niques to discover patterns of therapist-patient interactions that 
predict treatment response72,73.

In general, many machine learning approaches to predict 
responses to psychotherapies are in the early stages of develop­
ment62. However, a notable exception is found in the well-devel­
oped literature on routine outcome monitoring and “progress 
feedback”. This involves tracking a patient’s response to treat­
ment in real time by entering his/her self-reported outcome/
symptom measures into a computerized system that compares 
his/her response to predicted trajectories of improvement de­
rived from clinical data using conventional statistical analyses 
(e.g., longitudinal multilevel/mixed models and growth curve 
modelling). There are now over 20 randomized controlled trials 
and several meta-analyses indicating that such clinical predic­
tion models can help to improve treatment outcomes74.

In addition to models investigating differential response to 
treatment and treatment optimization, the psychotherapy litera­
ture also includes adequately powered studies predicting overall 
response to treatment based on sociodemographic and clinical 
variables, much like the literature on response to medication. 
Buckman et al75 built nine different models, using depression 
and anxiety symptoms, social support, alcohol use, and life 
events to predict depressive symptom response after 3-4 months 
of treatment in primary care settings. Models were trained on 
data from three clinical trials (N=1,722) and tested on three in­
dependent trials (N=1,136). All models predicted remission bet­
ter than a null model using only one post-baseline depression 
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severity measurement. Green et al76 also predicted depressive 
symptom response to psychotherapy in 4,393 patients from com­
munity health services. They found that a model with only five 
pre-treatment variables (initial severity of anxiety and depres­
sion, ethnicity, deprivation and gender) predicted reduction of 
anxiety and depression symptoms with an accuracy of 74.9%. 
The number of sessions attended/missed was also an important 
factor affecting treatment response.

Digital CBT

In recent years, online delivery of mental health interventions 
has been seen as a promising approach to reducing barriers to 
care, with growing evidence for the effectiveness of both guided 
and unguided delivery77,78. Interventions such as internet-based 
CBT (iCBT) may be particularly amenable to the use of machine 
learning techniques, due to the possibility of longitudinal stand­
ardized collection of outcome data at scale, and the potential to 
directly incorporate machine learning outputs into online or app-
based interventions. For example, in guided treatments, machine 
learning tools could provide feedback to therapists or alerts re­
garding risk. They could also be used to drive just-in-time adaptive 
interventions79. Smartphone delivery also opens up the possibil­
ity of automated collection of sensor data to derive behavioral 
markers80, which would open up many possibilities for tailored 
interventions, while also raising a number of privacy and ethical 
concerns.

Machine learning-derived outcome predictions for iCBT may 
have advantages with regard to ease of deployment, for example 
by providing integrated decision support for case management. 
However, most existing work focused on predicting outcomes 
has been exploratory in nature and based on modest sample siz­
es. A key distinction is between approaches that use only base­
line pre-treatment data, and hence may be applied to direct the 
choice of treatment, and approaches which use data gathered 
during the course of treatment, such as regular outcome meas­
ures or ecological momentary assessment (EMA).

As an example of the former, Lenhard et al81 examined how 
clinical baseline variables can be used to predict post-treatment 
outcomes for 61 adolescents in a trial of iCBT for obsessive-
compulsive disorder. Whereas multivariable logistic regression 
detected no significant predictors, the four machine learning 
algorithms investigated were able to predict treatment response 
with a 75 to 83% accuracy.

In a study which included, in addition to demographic and 
clinical data, therapy-related predictors of treatment credibility 
and working alliance, assessed at week 2 of treatment, Flygare 
et al82 used a random forest algorithm to predict remission from 
body dysmorphic disorder after iCBT in a sample of 88 patients, 
comparing the results to logistic regression. Random forests 
achieved a prediction accuracy of 78% at post-treatment, with 
lower accuracy in subsequent follow-ups. The most important 
predictors were depressive symptoms, treatment credibility, 
working alliance, and initial severity of the disorder.

van Breda et al83 added EMA data to models using baseline mea­
sures in a study predicting outcomes for patients who were ran­
domized to blended therapy (face-to-face CBT and iCBT) or treat­
ment as usual. This approach did not improve prediction accuracy.

The effectiveness of digital CBT interventions is mediated by 
patient engagement84. Detailed patient engagement data can be 
gathered automatically in online or app-based interventions; this 
may include data such as content views, completion of exercises, 
and interactions with clinical supporters85. Engagement data may 
be used within predictive models, providing interpretable and ac­
tionable outputs (e.g., the need for more frequent therapist contact 
in order to motivate greater engagement). Chien et al86 analyzed 
engagement data from 54,604 patients using a supported online 
intervention for depression and anxiety. A hidden Markov model 
was used to identify five engagement subtypes, based on patient 
interactions with sections of the intervention. Interestingly, while 
in general patients who engaged more achieved better outcomes, 
the best outcomes were found in those who were more likely to 
complete content belonging to key components of CBT (i.e., cog­
nitive restructuring and behavioral activation) within the first two 
weeks on the program, despite not spending the highest amount 
of time using the intervention. This work demonstrates the feasi­
bility of gathering detailed engagement and outcome data at scale.

Interactions between patient and therapist, and the content 
of text in patient exercises, may also be analyzed using sentiment 
analysis techniques87. Analysis of patient texts might be embed­
ded in therapist feedback tools for guided interventions, or as 
features within predictive models. Ewbank et al73 conducted an 
analysis of 90,934 session transcripts (specifically, CBT via real-
time text messages). Deep learning was used to automatically 
categorize utterances from the transcripts into feature categories 
related to CBT competences, and then multivariable logistic re­
gression was applied to assess the association with treatment out­
comes. A number of session features, such as “therapeutic praise”, 
were associated with greater odds of improvement.

Chikersal et al88 analyzed 234,735 messages sent from clini­
cal supporters to clients within an iCBT platform, examining 
how support strategies correlate with clinical outcomes. They 
used k-means clustering to identify supporters whose messages 
were linked with “high”, “medium” or “low” improvements in cli­
ent outcomes, as measured by PHQ-9 and Generalized Anxiety 
Disorder-7 (GAD-7). The messages of more successful support­
ers were more positively phrased, more encouraging, more often 
used first person plural pronouns, were less abstract, and refer­
enced more social behaviors. Association rule mining was then 
applied to linguistic features in the messages in order to identify 
contexts in which particular support strategies were more effec­
tive. For less engaged patients, longer, more positive and more 
supportive messages were linked with better outcomes. For 
more engaged clients, messages with less negative words, less 
abstraction, and more references to social behaviors were asso­
ciated to better outcomes. Such results could ultimately be used 
in the design of supporter training materials.

One could also try to predict whether a patient engages or 
drops out of care. Wallert et al89 aimed to predict adherence to 
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an online intervention targeting symptoms of depression and 
anxiety in people who had experienced a myocardial infarction. 
The analysis included linguistic features of the homework texts 
as well as demographic and clinical characteristics. The strongest 
predictors of adherence were cardiac-related fear, gender, and 
the number of words in the first homework assignment.

Neurobiological treatments

Numerous neurobiological options have emerged as potential 
treatments for severe and treatment-resistant depression, such 
as transcranial magnetic stimulation (TMS) and electroconvul­
sive therapy (ECT). Given the potential risks and side effects of 
these treatments, as well as their higher financial costs, there is 
an especially strong interest in identifying for whom they are safe 
and effective90-92.

Recent reviews have examined predictors of treatment re­
sponse and relapse among depressed patients receiving TMS92-94. 
TMS studies with more female patients tend to have higher ef­
fect sizes, suggesting that gender may be a predictor of TMS out­
comes95. Although several studies have attempted to examine 
neurobiological predictors of response to TMS, the findings are 
currently inconsistent92. Small sample size generally means that 
machine learning study designs are likely to overfit and produce 
results that will not replicate later.

Efforts to predict treatment outcomes for ECT are still primar­
ily traditional association studies. Some of them identified a few 
variables that appear to replicate across studies. Better outcomes 
have been found for older patients, those with psychotic depres­
sion, those with high suicidal intent, and those who exhibit early 
symptom changes90,96. However, due to the small sample size 
in most ECT trials, and the typically non-randomized study de­
signs, this area has not seen much progress. These are also obsta­
cles to the application of machine learning techniques.

THE UTILITY OF ELECTRONIC HEALTH RECORDS, 
SMARTPHONE AND SOCIAL MEDIA DATA

Electronic health records (EHR) are increasingly widely adopt­
ed in health care systems. They comprise data routinely collected 
and maintained for individual patients over the course of their 
clinical care. As such, these data may be particularly useful for 
building predictive models in psychiatry that could be read­
ily integrated into points of care within clinical settings97. EHR 
data can be divided into two major types: coded structured data, 
including diagnostic codes, procedure codes, laboratory and 
medication prescription codes; and unstructured data, including 
clinical notes and other text-based documentation, which can be 
mined using natural language processing.

Recent studies have tested the potential of EHR data to predict 
treatment outcomes in psychiatry, with the bulk of efforts to date 
focused on depression, though examples exist for bipolar disor­
der98 and schizophrenia99. Machine learning-based efforts using 

EHR data have sought to identify those individuals who are likely 
to drop out after initiating antidepressants100, those who will show 
a stable treatment response to antidepressants101, and those who 
may transition to a bipolar diagnosis after starting antidepres­
sants for depression102. Such applications have shown promising, 
though still modest and not yet clinically actionable, results.

Applying logistic regression and random forest approaches, 
Pradier et al102 used demographic and structured EHR data (i.e., 
diagnostic, medication and procedure codes) available at the 
time of initial prescription to predict treatment dropout after 
initiating one of nine most common antidepressants. Although 
mean AUC was below 0.70, they found that incorporating EHR 
data significantly improved prediction of treatment dropout 
compared to demographic information alone, and that predic­
tive performance varied by type of antidepressant (AUC as high 
as 0.80 for escitalopram) and provider type (higher accuracy 
among psychiatrist-treated individuals).

Hughes et al101 applied logistic regression and extremely 
randomized trees with demographic and structured EHR data 
to predict general and drug-specific treatment continuity in 
patients receiving any of 11 antidepressants, observing a mean 
AUC of 0.63-0.66 and similar performance when evaluated at a 
separate site.

Where symptom score (e.g., PHQ-9) data have been avail­
able for smaller EHR cohorts (e.g., N<2,500)103, LASSO models 
incorporating demographic information, structured and un­
structured EHR data, and baseline symptom scores have shown 
modest-to-adequate performance in predicting improvements 
in depressive symptom severity, for both medication treatment 
(AUC=0.66) and psychotherapy (AUC=0.75). However, the most 
important predictor in these models was baseline symptom 
scores. Only when symptom scores are routinely integrated into 
EHR treatment workflows will such models be relevant for out­
come prediction in large-scale health systems.

When using EHR data for predicting treatment outcomes in 
psychiatry, a key challenge is how to operationalize the outcome 
of interest using available clinical information. This usually in­
volves establishing a set of rules around which relevant EHR fea­
tures are observed, or not observed, in a cohort of patients over 
a defined period. For example, treatment dropout was defined 
by Pradier et al100 as less than 90 days of prescription availability 
after index antidepressant initiation, with no evidence of alterna­
tive psychiatric treatment procedures. Antidepressant treatment 
stability, on the other hand, has been defined as two or more an­
tidepressant medication prescription codes at least 30 days apart 
over a period of at least 90 days, with additional rules about the 
maximum time gap between adjacent prescription codes, and 
other medication possession indicators101.

EHR data are also highly dimensional, with tens of thousands 
of possible diagnostic codes in addition to possible medication 
and procedure codes. Machine learning methods may be particu­
larly suitable for modeling complex signals across a diverse set of 
EHR-based predictors, but also for reducing their dimensions pri­
or to modeling. In their study of antidepressant treatment stabil­
ity, Hughes et al101 applied supervised topic modeling using latent 
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Dirichlet allocation to reduce 9,256 coded EHR features into 10 
interpretable empirically derived topics, finding that a classifier 
for continuous treatment based on this lower-dimensional set of 
predictors showed comparable performance to a logistic regres­
sion based on a higher-dimensional set of features. Simpler meth­
ods, such as selecting only diagnostic codes that meet a frequency 
threshold in the patient population, have also been used100.

Smartphones can provide various kinds of data that are diffi­
cult to acquire through other means. Their first and biggest fea­
ture is that they contain many sensors that can passively collect 
data across a variety of domains. Passive smartphone data include 
dynamic measures of sleep quality, exercise, heart rate, geospatial 
locations, language use, and communication patterns80,104. Ma­
chine learning methods are indispensable for dealing with com­
plex patterns in these sensor data105. Currently available studies 
applying machine learning to predict mental health outcomes us­
ing sensor data have generally employed modest samples of 7 to 
70 participants, yielding proofs-of-principle more than generaliz­
able results80,106-108. Mobile phones also facilitate the collection 
of EMA data, allowing investigators to perform measurements at 
frequent intervals (e.g., several times a day). Furthermore, smart­
phone-based neurocognitive assessments appear to be a promis­
ing way to scalably collect cognitive data109,110.

Few studies have used smartphone data to predict treatment 
outcomes. These include studies using text data from emails to 
predict treatment response in patients with social anxiety111, 
EMA data to predict changes in self-esteem from an online in­
tervention112, and EMA data to predict treatment response in 
patients with depression83. In the study predicting depression 
outcomes, a model including EMA data did not outperform a 
model using baseline characteristics83, showing that the former 
data do not always provide incremental value.

Social media allow investigators to access large amounts of 
data relating to language use and online activity. However, to our 
knowledge, these data have not yet been used to predict treat­
ment responses. One of the tradeoffs between incorporating dif­
ferent types of data is the cost and quantity versus quality of data: 
very often these data present with noise which may hinder the 
ability to identify meaningful patterns and signals. Novel meth­
ods of topological machine learning are robust to noise, and al­
low to extract descriptors of the shape and structure of data that 
can augment performance for the analysis of intensive time-
point measurements113. Such data with repeated measures may 
be useful for testing hypotheses, since sample size may compen­
sate for the increased noise of data114.

THE USE OF DATA FROM GENETICS, 
ELECTROPHYSIOLOGY, NEUROIMAGING AND 
COGNITIVE TESTING

Genetics

Machine learning methods are an appealing analytical ap­
proach for bridging genetic data with the prediction of treatment 

response in psychiatry. They put the focus on prediction rather 
than association, are able to detect interactions between loci, 
wisely handle correlation, and do not assume a pre-defined sta­
tistical model or additivity115.

Machine learning has been used with the objective to im­
prove prediction of treatment outcomes from genetics alone in 
many diseases, including cancer116,117 and hypertension118.

The question of whether an individual’s genetic background 
could affect how he/she responds to medication treatment has 
been investigated in pharmacogenomics. An earlier study apply­
ing genome-wide complex trait analysis in a sample of roughly 
3,000 depressed patients suggested that common genetic varia­
tion could explain up to 42% of observed individual differences 
in antidepressant treatment response119, suggesting that mod­
eling common genetic variation could be useful for prediction. 
However, results of pharmacogenomic studies have so far, in 
general, been underwhelming120.

Polygenic scores are a common method for quantifying the 
overall contribution of common genetic variation to particular 
traits121. Polygenic associations with treatment response have been 
investigated in relatively small patient cohorts (most N<1000) to 
date, with mixed findings122-125. For example, polygenic scores for 
major depression and schizophrenia did not significantly predict 
antidepressant efficacy (based on symptom improvement) in clas­
sic treatment studies such as Genome-Based Therapeutic Drugs 
for Depression (GENDEP) and STAR*D123. However, these scores 
were built on earlier genome wide association studies (GWAS) and 
were likely underpowered. Well-powered GWAS of antidepressant 
response have produced mixed results, with one study identify­
ing gene sets of relevance for bupropion response126 and another 
observing no significant findings for antidepressant resistance127. 
Larger-scale GWAS meta-analysis efforts are needed and ongoing. 
Even fewer studies have examined common genetic variation as­
sociated with responses to other treatment modalities such as psy­
chotherapy125 or ECT128.

DNA methylation and gene expression data have been ex­
plored in combination with phenotypic datasets of demograph­
ic and clinical variables on their ability to predict response to 
multiple medications. A recent review129 pointed out genetic 
prediction of therapeutic outcomes in depression as the most 
promising43,130-133, with an overall accuracy of 0.82 (95% CI: 0.77-
0.87)134. Models combining multiple data types, such as periph­
eral gene expression data, neuroimaging and clinical variables, 
achieved significantly higher accuracy134.

Tree-based approaches were the most popular machine learn­
ing methods, followed by penalized regression, support vector 
machines and deep learning129. Studies were quite heterogene­
ous in design, methods, implementation and validation, limiting 
our capacity to elucidate the extent to which machine learning in­
tegrated with genetics can predict antidepressant drug response.

Evidence for polygenic risk scores versus support vector ma­
chines for the prediction of treatment-resistant schizophrenia 
from GWAS data have been reviewed135. Although support vector 
machines might be more suitable to take into account complex 
genetic interactions, the traditional polygenic risk score approach 
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showed higher accuracy for classifying treatment-resistant indi­
viduals115.

Despite many efforts to use many kinds of genetic information 
in many different ways, results so far have not been sufficiently 
compelling or accurate to support the use of these approaches to 
guide clinical care136,137. In the future, until novel analytic tech­
niques become available to extract signal from the genome, or 
a better understanding of the genetic basis for mental illness 
emerges, the most promising avenue in this context is to inte­
grate genetic information into multivariable analyses to poten­
tially improve broader model performance133,137.

Electrophysiology and neuroimaging

Tailoring treatment decisions based on brain measures is 
intuitively appealing and empirically well-justified. Systematic 
reviews and meta-analyses indicate that therapeutic outcomes 
are often related to pre-treatment brain differences and that the 
brain changes as a result of therapy138-145. However, in previous 
research using traditional statistical methods, effect sizes were 
too low to make the jump from statistical significance to clini­
cal relevance, external validation was rare, sample sizes were 
small, methodological and site-related variance was high, and 
in many cases the techniques were not suited to an integration 
into clinical routine due to their cost-benefit ratio (e.g., positron 
emission tomography) or reliance on experimental protocols 
that are unavailable in most clinical settings138,139,143,145,146. Ma­
chine learning approaches offer hope in overcoming these bar­
riers to clinical implementation. Preliminary reviews comparing 
accuracies support this optimism by suggesting superiority for 
treatment prediction with respect to traditional statistical meth­
ods134.

Early studies in this area applied machine learning to detect 
outcomes such as response to clozapine in psychosis147 and 
to selective serotonin reuptake inhibitors (SSRIs) in depres­
sion148-150, but the majority of research has focused on predicting 
brain stimulation outcomes for depression148,151-155. For example, 
Corlier et al156 found that alpha spectral correlation could be used 
to measure EEG connectivity, which then predicted response to 
repetitive TMS (rTMS), using cross-validated logistic regression, 
with an accuracy of 77% in a subgroup of depressed individuals. 
This increased to 81% when adding clinical symptoms of depres­
sion. Most studies report predictive accuracies of >80% on the 
basis of pilot samples consisting of approximately 50 cases or 
less155, reflecting the strong likelihood of bias and overfitting that 
is also seen with magnetic resonance imaging (MRI)157.

Task-related functional MRI (fMRI) has been used for treat­
ment prediction158: for example, by modelling amygdala engage­
ment interactions with early life stress during an experimental 
task to predict antidepressant outcome159 or by using fear con­
ditioning responses to predict panic disorder treatment out­
come160,161. Similar task-related predictive models have been 
built in a number of studies of CBT162 or antidepressant re­
sponses162-164. In task-based fMRI, however, the translational po­

tential is limited due to the use of lengthy and methodologically 
complicated experimental paradigms. Resting-state fMRI is a 
popular alternative, because it measures behaviourally-relevant, 
synchronized brain network activity at rest, and the imaging pro­
tocols can be more easily harmonized across scanners165. Stud­
ies in this field have demonstrated similar accuracies for CBT166, 
trauma-focused psychotherapy167, antidepressant treatment168, 
and antipsychotic therapy169, while also showing predictive ac­
curacy for ECT165,170.

A challenge of functional imaging is reliability across scan­
ners, especially in non-experimental clinical settings. Structural 
neuroimaging may provide an opportunity for faster implemen­
tation into existing clinical routines. Most studies have involved 
grey matter measurements, and ECT treatment prediction has 
been a frequent focus, with studies using whole-brain approach­
es171, regional measurements172, and combinations of neuro­
imaging modalities173. White matter measurements (e.g., with 
diffusion tensor imaging) have been relatively less commonly 
considered.

Overall, the lack of multi-site studies and external validation 
reflects the pilot-study stage of research in this area, where re­
sults can be interpreted as promising but highly experimental. 
Whether the machine learning results will ultimately agree with 
the low effect sizes found with classical statistical approaches re­
mains an open question143,145.

Cognitive testing

Cognitive testing is a straightforward method to indirectly as­
sess brain functioning that has been historically linked to treat­
ment outcomes. Although such testing can be time-consuming 
and costly when performed by a trained neuropsychologist, 
more recent computerized methods can facilitate efficient digi­
tal assessments that lend themselves especially well to machine 
learning, including from passively collecting smartphone mea­
surements as described above80,114,174.

Etkin et al175 conducted an early study in this area, as part of 
the international Study to Predict Optimized Treatment in De­
pression (iSPOT-D), aimed to predict response to antidepressant 
treatment using a battery of computerized cognitive tasks as­
sessing attention, processing speed, memory, and executive and 
emotional functions. In order to obtain accurate predictive esti­
mates, they first classified depressed individuals into a subgroup 
with particularly poor cognition before training a supervised dis­
criminant function to predict remission. Results demonstrated 
that remission following escitalopram could be predicted with 
72% accuracy, but this was not confirmed with sertraline or ven­
lafaxine.

Subtyping or unsupervised learning approaches have also 
been helpful to identify response trajectories to cognitive train­
ing. A recent study found that self-organizing maps detecting 
multivariate relationships between cognitive functions associ­
ated with working memory task performance could identify in­
dividuals who differentially responded to the training176.
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HOW CLOSE WE HAVE COME TO REAL-WORLD 
IMPLEMENTATION

Not all prediction models will translate readily for use in clini­
cal or other real-world settings. In evaluating the readiness of 
predictive models for real-world implementation, key criteria 
include external validation, empirical support from implemen­
tation trials, and acceptability to users (e.g., clinicians).

External cross-validation remains the gold standard for evalu­
ating real-world performance, as it quantifies performance loss 
when a trained model is applied to a completely independ­
ent sample. In addition, it guards against increased researcher 
degrees-of-freedom that may result from the many tuning pa­
rameters of more complex machine learning methods. A review 
focusing on machine learning in psychotherapy research report­
ed that only 3 of 51 studies had performed external validation62.

Studies without external validation are at high risk of over­
confidence, as demonstrated by Van Bronswijk et al60, who de­
veloped and then tested a treatment selection model across 
two randomized controlled trials comparing CBT and IPT. They 
found that the estimated effect size for the benefit of receiving 
the model-recommended treatment (generated through internal 
cross-validation) shrunk by 77% when the model was tested us­
ing the second study’s data (external validation).

Some prediction efforts using large naturalistic samples have 
reported positive results following external validation65,177,178.

When a model undergoes external validation and successfully 
predicts outcomes, the next step towards real-world use is an im­
plementation trial. These trials provide the most compelling evi­
dence for the value of a decision support tool. Here, patients are 
usually allocated to algorithm-guided treatment (generally with­
in a shared decision-making framework) or treatment as usual.

Trial-based efforts to evaluate the efficacy of treatment per­
sonalization tools have begun to emerge. One example is a mul­
ti-service cluster randomized trial179, in which patients (N=951) 
were referred to either high- or low-intensity psychotherapy. In 
one arm, the choice of intensity was informed by an algorithm 
previously developed in a naturalistic dataset. In the other arm, 
most patients started on low-intensity psychotherapy and were 
later referred to high-intensity treatment in the case of non-re­
sponse, as per usual stepped care. The study found higher de­
pression remission rates in patients whose initial treatment was 
recommended by the algorithm compared to usual stepped care 
(52.3% vs. 45.1%, odds ratio, OR=1.40, p=0.025).

Another recent example comes from Lutz et al180, who used 
archival data from an outpatient CBT clinic to develop a pre­
dictive decision support system providing therapists with treat­
ment strategy recommendations and psychometric feedback 
enhanced with clinical problem-solving tools. They randomized 
therapist-patient dyads (N=538) to treatment as usual or to algo­
rithm-informed treatment. They reported that, overall, outcomes 
for those who were randomized to the intervention did not differ 
from those who received usual care. However, there was signifi­
cant variability in the extent to which therapists in the interven­
tion condition followed the recommendations provided by the 

decision support tool. When the authors analyzed outcomes for 
patients whose therapists had followed the recommendations, 
significant benefits emerged.

Browning et al181 conducted another trial randomizing de­
pressed patients to either algorithm-informed care or usual care 
for depression. Their algorithm, called PReDicT, used information 
from symptom scales and behavioral tests of affective cognition 
to predict non-response to treatment with citalopram. After eight 
weeks of treatment, the rate of depressive symptom response in the 
PReDicT arm was 55.9%, versus 51.8% in the usual care arm (not 
significant, OR=1.18, p=0.25). Of all instances where the algorithm 
predicted non-response, only 65% prompted a change in treat­
ment regimen, and most consisted of an increase in dosage only.

In combination, the above findings highlight that accurate 
algorithms are not enough to ensure the success of a decision 
support system for precision treatment39. When randomizing 
patients to algorithm-informed care or usual care, clinicians may 
override algorithm recommendations and choose alternative 
treatments. Patients may refuse the algorithm-recommended 
treatment, or have restrictions to its use that were not contem­
plated by the decision support tool (e.g., prohibitive cost of ther­
apy). In light of this, effect sizes for these interventions will often 
vary when applied in different settings.

The use of predictive models may be uniquely challenging in 
psychotherapy research and practice. One challenge is that a giv­
en therapist is only trained to provide a limited subset of psycho­
therapies. Whereas a psychiatrist may be qualified to prescribe a 
large number of different medications or medication combina­
tions, a psychotherapist is less likely to be able to competently 
provide many different psychotherapies. Another consideration 
is that predictions from a model may lead to self-fulfilling proph­
ecies, in which clinicians treat “easy” patients (those with good 
prognoses) differently than “difficult” patients182.

For both medications and psychotherapies, in real-world, 
treatment decisions are rarely going to be made solely based on 
model recommendations. Rather, these decisions will involve 
the preferences of patients, the recommendations of clinicians, 
the availability and costs of treatments, and several other con­
siderations183. As such, the development of data-driven decision 
tools should be informed by extensive consultation and co-pro­
duction with the intended users, in order to implement models 
that maximize acceptability and compatibility with other clinical 
guidelines (i.e., risk management procedures, norms about safe 
dosage or titration of medications).

Another crucial barrier to implementation is the interpretabil­
ity of machine learning models. As algorithms become increas­
ingly complex, sometimes called “black box” algorithms, they 
can become very difficult to interpret, and therefore unlikely to 
be acceptable to clinical users. Methods for explaining predic­
tions of complex models have therefore been developed184,185, 
but there is currently no agreed-upon measure for assessing the 
quality or accuracy of these explanations. In addition, black-box 
predictive models combined with (similarly complex) explana­
tory methods may yield complicated decision pathways that in­
crease the likelihood of human error186.
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In order to ensure that algorithm recommendations are used 
in trials, additional thought and effort must be devoted to issues 
of dissemination and implementation, with the goal of making 
the recommendations simple to generate, easy to understand, 
trustworthy, ethical, cost-effective, and compelling enough to 
influence the decision-maker(s)187.

A recent experiment was conducted with 220 antidepressant-
prescribing clinicians to assess the impact of providing machine 
learning recommendations and accompanying explanations188. 
It was found that recommendations did not improve accurate se­
lection of antidepressants in hypothetical patient scenarios, and 
that accuracy was even lower when incorrect recommendations 
were presented than when standard information was available. 
Prospective field-tests181,189 are one method for identifying the 
myriad institutional, cultural and contextual factors that could af­
fect the uptake and sustained use of a precision psychiatry tool, 
aiming to co-produce acceptable and interpretable decision tools 
with the intended users.

ETHICAL CHALLENGES

From the development of machine learning tools to their po­
tential deployment into clinical care, we can identify several ethi­
cal challenges190-193.

The first challenge concerns responsibility. With the imple­
mentation of machine learning programs into clinical practice, 
physicians and machine learning-based tools would become 
“teammates” that collaborate in selecting an optimal treat­
ment194,195. In such a scenario, who will hold authority and 
ethical responsibility over the decision made? We believe that a 
competent human agent should check and take final responsi­
bility on the machine learning-based suggestions196, as only he/
she is equipped with empathy, a good understanding of the con­
textual environment and, most uniquely, consciousness.

The second challenge is to avoid dehumanization197. Ma­
chine learning can incorporate a great variety of psychological, 
environmental and social variables, and there is some progress 
towards including subjective patient experience into machine 
learning models198. However, giving a patient the space to articu­
late his/her concerns is essential to ensure accurate diagnosis, 
health outcomes, and humane care199.

Third, making decisions is an intricate part of physicians’ ac­
tivity. The non-expert tends to act as a “technician” and more 
likely relies on protocols, whilst the expert, after the observation 
of many cases, is more prone to making decisions based on tacit 
knowledge200-202. The ethical mandate is that practitioners use 
all of their capabilities, including those based on self-experience 
and observation, even if this is in discordance with a statistical 
model. Disagreements between physicians and machine learn­
ing-based decisions may lead to consultations with other clini­
cians193. However, in the context of modern health care systems, 
respecting clinicians’ judgement is vital193,203, and they should 
not be forced to act against their own criteria (freedom of ac­
tion)204.

Practitioners (especially those with less expertise) might be in 
danger of not developing/losing their own clinical judgement and 
become dependent on automatically deployed machine learning 
outcomes205, particularly for those complex cases that they fear 
they are not competent enough to solve. This would risk disem­
powerment of clinicians. On the other hand, it is a physicians’ 
duty to train themselves in the use, understanding and interpre­
tation of machine learning applications, so that they can trust the 
system and its outputs, and contribute to patients’ acceptance206.

Machine learning tools need to be transparent to the human 
teammates to facilitate understanding194,207. The idea of trans­
parency is opposite to that of “black-box” machine learning al­
gorithms, in which the patterns the algorithm follows to make a 
decision for a given patient are opaque to the person and even 
to the developer, making very challenging (if not impossible) for 
the affected person to understand how the system worked out an 
output for him/her190. This risks not only increasing clinicians’ 
resistance to use the tool, but also disempowering patients and 
disrespecting their autonomy. Developers should consider sim­
pler algorithms that balance interpretability with accuracy191.

Furthermore, a central issue in fair machine learning develop­
ment arises when the training dataset is not a good representa­
tion of the phenomenon being studied192,208. A model trained in 
such data will predict erroneous outcomes for groups that were 
underrepresented209. For example, a widely used machine learn­
ing algorithm assigned the same level of disease risk to Black 
and White patients, even if Black patients were sicker than White 
patients210. As a consequence, the system was actively causing 
harm to Black patients by leading to allocation of fewer resourc­
es to them. Potentially discriminatory predictors should be left 
out of the model, but developers should be aware that surrogate 
variables correlated with the excluded set might still become rel­
evant for prediction. Objective unbiased applications might help 
reduce discrimination in machine learning211,212.

Finally, the risk of misuse of personal and sensitive data ex­
changed in machine learning is high213. For this reason, machine 
learning tools can be only used when data security and privacy 
are guaranteed.

CONCLUSIONS

This paper reviews several studies suggesting that it is possible 
to predict outcomes and personalize psychiatric treatment by 
using machine learning. Several gold standard prediction studies 
have shown that we can predict whether a depressed patient will 
respond to specific antidepressants40,41, to specific psychothera­
peutic techniques177, and whether patients with first episode 
psychosis will have good prognosis after one year with certain 
antipsychotic medications25,50. At least three predictive models 
have even been tested in prospective clinical trials.

Despite this progress, the potential for machine learning in 
psychiatry has just begun to be explored. Predicting treatment 
response is just one relatively narrow use case where machine 
learning can add value and improve mental health care. Predic­
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tion can help with so many more clinical decisions and clinical 
processes. We could predict barriers that prevent an individual 
from engaging in care initially, or non-adherence or dropout from 
care after initiation. We could streamline patients to the appro­
priate level of care, such as self-guided programs vs. outpatient 
care, or intensive outpatient versus inpatient care, to maximize 
scarce health care resources. In selecting a specific treatment ap­
proach, we could optimize dosing or predict side effect profiles 
in order to improve symptoms but minimize impact on patient 
quality of life. Some psychiatric treatments carry high cost (e.g., 
ketamine, ECT) or unwanted side effects (e.g., metabolic disrup­
tion and weight gain for antipsychotics). Doing no harm is argu­
ably more important than improving the probability of recovery, 
and so precision mental health efforts could be especially impor­
tant in identifying which treatments are safest and most tolerable.

Machine learning could even help sequence treatments over 
time, or design specific treatment protocols for an individual. For 
example, modular psychological interventions can be personal­
ized66,68, or tailored health behavior change interventions can be 
customized for an individual. This form of personalization and 
customization has proven effective in contexts like smoking ces­
sation, breast cancer screening, and physical activity214,215.

Techniques like natural language processing, often using ma­
chine learning algorithms, give us the ability to draw insights 
from text-based data – e.g., social media posts, peer-support 
conversations, or conversation transcriptions – that might in­
form the content that is offered to an individual as part of his/her 
treatment to maximize future outcomes. In addition, the same 
analytic techniques may form the basis of interventions, such 
as chatbots, that could provide scalable support for loneliness, 
stress, or other subclinical psychological issues when human 
support is unavailable or not clinically warranted. This person­
alization of iCBT treatment may be particularly necessary for un­
guided interventions, where non-adherence is widespread and 
undermines the potential for symptom relief.

Machine learning is a powerful tool that can help sift through 
multi-modal predictors and model their complex/non-linear 
contributions. And it can identify specific subtypes of patients, 
e.g., through clustering, for more nuanced prediction of treat­
ment outcomes. Machine learning techniques are allowing us to 
extract more knowledge from bigger datasets in a more efficient 
way – which is a good and promising thing.

However, the ultimate goal of psychiatry is to better treat men­
tal illness. The path toward machine learning improving psychi­
atric care in real-life settings is not only governed by statistical, 
but also by implementation considerations. Recent seminal 
findings180,181 highlight that accurate algorithms alone are not 
enough to ensure the success of a decision support system for 
precision treatment. This is because many things change in 
the transition from a research setting into real patient care39. In  
practice, clinicians may override algorithm recommendations 
and choose alternative treatments. Patients may refuse the 
algorithm-recommended treatment, or have restrictions to its 
use that were not contemplated by the decision support tool. 
Recommendations may be provided in a poorly-designed user 

interface, and thus may go unseen or be actively ignored. All of 
these factors contribute to a general phenomenon of reduced ef­
fect sizes when an algorithm is implemented in clinical practice.

In our own personal experience, patient concerns around 
privacy are a very real problem. Because mental health is par­
ticularly sensitive, capturing personal data can be challenging 
and we need to innovate ways of collecting these data so that we 
do not have a biased perspective of the landscape due to a poor 
sampling within certain groups. Data needs to be collected in 
such a way that participants are aware of how and for what pur­
poses those data will be used216.

Technology systems must implement careful logging process­
es to examine concept or data drift, where the underlying distri­
bution of a predictor or an outcome changes over time, and to 
ensure that the inputs and outputs of the system are auditable. 
This is a collective exercise of building trust in predictive mod­
els and how these will be potentially used to enhance patient 
outcomes, and can avoid the introduction of harm or biases in 
decision-making processes.

This paper reviews many kinds of data that have been used to 
predict treatment outcomes in psychiatry. Ultimately, treatment 
responses emerge from multiple interacting biological, psycho­
logical and social factors. Therefore, in theory, multi-modal ap­
proaches using demographic, clinical and brain variables should 
result in the most accurate predictions217. However, to this date, it 
is clear that certain kinds of data – specifically sociodemograph­
ic, self-report, psychosocial and clinical data – consistently offer 
more meaningful and generalizable predictions. Other types of 
data that might be more scientifically appealing – such as neuro­
imaging and genetic data – have not yet shown compelling results 
in a large external sample, let alone in prospective implementa­
tion studies.

Ultimately, data types that can be easily integrated into clini­
cal care in a cost-effective and ethical way, which is appropriate 
for the prevalence and invasiveness of the therapy, are most like­
ly to show favorable return on investment for ultimate decision 
makers in health systems and health payers.

ACKNOWLEDGEMENTS

A.M. Chekroud holds equity in Spring Care Inc., Carbon Health Technologies 
Inc., and UnitedHealthcare. J. Bondar is an employee of Spring Care Inc. G. Do­
herty is co-founder of SilverCloud Health. R. Iniesta is supported by the Brain & 
Behavior Research Foundation and the National Institute for Health Research 
(NIHR) Maudsley Biomedical Research Centre.

REFERENCES

1.	 Rush AJ, Trivedi MH, Wisniewski SR et al. Acute and longer-term outcomes 
in depressed outpatients requiring one or several treatment steps: a STAR*D 
report. Am J Psychiatry 2006;163:1905-17.

2.	 Hastie T, Tibshirani R, Friedman J. The elements of statistical learning: data 
mining, inference, and prediction, 2nd ed. New York: Springer, 2009.

3.	 Chekroud AM. Bigger data, harder questions – opportunities throughout 
mental health care. JAMA Psychiatry 2017;64:44-50.

4.	 Iniesta R, Stahl D, McGuffin P. Machine learning, statistical learning and the 
future of biological research in psychiatry. Psychol Med 2016;46:2455-65.

5.	 Breiman L. Statistical modeling: the two cultures (with comments and a re­
joinder by the author). Stat Sci 2001;16:199-231.



166� World Psychiatry 20:2 - June 2021

6.	 Delgadillo J. Machine learning: a primer for psychotherapy researchers. Psy­
chother Res 2021;31:1-4.

7.	 Sidey-Gibbons JAM, Sidey-Gibbons CJ. Machine learning in medicine: a 
practical introduction. BMC Med Res Methodol 2019;19:64.

8.	 Cohen ZD, DeRubeis RJ. Treatment selection in depression. Annu Rev Clin 
Psychol 2018;14:209-36.

9.	 Kessler RC, van Loo HM, Wardenaar KJ et al. Using patient self-reports to 
study heterogeneity of treatment effects in major depressive disorder. Epide­
miol Psychiatr Sci 2017;26:22-36.

10.	 Maj M, Stein DJ, Parker G et al. The clinical characterization of the adult pa­
tient with depression aimed at personalization of management. World Psy­
chiatry 2020;19:269-93.

11.	 Perlis RH. A clinical risk stratification tool for predicting treatment resistance 
in major depressive disorder. Biol Psychiatry 2013;74:7-14.

12.	 Gravesteijn BY, Nieboer D, Ercole A et al. Machine learning algorithms per­
formed no better than regression models for prognostication in traumatic 
brain injury. J Clin Epidemiol 2020;122:95-107.

13.	 Nusinovici S, Tham YC, Yan MYC et al. Logistic regression was as good as 
machine learning for predicting major chronic diseases. J Clin Epidemiol 
2020;122:56-69.

14.	 Christodoulou E, Ma J, Collins GS et al. A systematic review shows no perfor­
mance benefit of machine learning over logistic regression for clinical pre­
diction models. J Clin Epidemiol 2019;110:12-22.

15.	 Desai RJ, Wang SV, Vaduganathan M et al. Comparison of machine learning 
methods with traditional models for use of administrative claims with elec­
tronic medical records to predict heart failure outcomes. JAMA Netw Open 
2020;3:e1918962.

16.	 Lynam AL, Dennis JM, Owen KR et al. Logistic regression has similar perfor­
mance to optimised machine learning algorithms in a clinical setting: ap­
plication to the discrimination between type 1 and type 2 diabetes in young 
adults. Diagn Progn Res 2020;4:6.

17.	 Friedman J, Hastie T, Tibshirani R. Regularization paths for generalized lin­
ear models via coordinate descent. J Stat Softw 2010;33:1-22.

18.	 Strobl C, Malley J, Tutz G. An introduction to recursive partitioning: rationale, 
application, and characteristics of classification and regression trees, bag­
ging, and random forests. Psychol Meth 2009;14:323.

19.	 Bühlmann P. Bagging, boosting and ensemble methods. In: Gentle J, Härdle 
W, Mori Y (eds). Berlin: Springer, 2012:985-1022.

20.	 van der Laan MJ, Polley EC, Hubbard AE et al. Super learner. Stat Appl Genet 
Mol Biol 2007;6:4765-74.

21.	 Kessler RC, van Loo HM, Wardenaar KJ et al. Testing a machine-learning al­
gorithm to predict the persistence and severity of major depressive disorder 
from baseline self-reports. Mol Psychiatry 2016;21:1366-71.

22.	 Pearson R, Pisner D, Meyer B et al. A machine learning ensemble to predict 
treatment outcomes following an Internet intervention for depression. Psy­
chol Med 2019;49:2330-41.

23.	 Webb CA, Trivedi MH, Cohen ZD et al. Personalized prediction of antide­
pressant v. placebo response: evidence from the EMBARC study. Psychol 
Med 2019;49:1118-27.

24.	 Hilbert K, Kunas SL, Lueken U et al. Predicting cognitive behavioral therapy 
outcome in the outpatient sector based on clinical routine data: a machine 
learning approach. Behav Res Ther 2020;124:103530.

25.	 Koutsouleris N, Kahn RS, Chekroud AM et al. Multisite prediction of 4-week 
and 52-week treatment outcomes in patients with first-episode psychosis: a 
machine learning approach. Lancet Psychiatry 2016;3:935-46.

26.	 Fernández-Delgado M, Cernadas E, Barro S et al. Do we need hundreds 
of classifiers to solve real world classification problems? J Mach Learn Res 
2014;15:3133-81.

27.	 Gacto MJ, Soto-Hidalgo JM, Alcalá-Fdez J et al. Experimental study on 164 
algorithms available in software tools for solving standard non-linear regres­
sion problems. IEEE Access 2019;7:108916-39.

28.	 Wainer J. Comparison of 14 different families of classification algorithms on 
115 binary datasets. arXiv 2016;1606.00930.

29.	 Zhang C, Liu C, Zhang X et al. An up-to-date comparison of state-of-the-art 
classification algorithms. Expert Syst Appl 2017;82:128-50.

30.	 Hand DJ. Classifier technology and the illusion of progress. Stat Sci 2006;21:1-14.
31.	 Holte RC. Very simple classification rules perform well on most commonly 

used datasets. Mach Learn 1993;11:63-90.
32.	 Yarkoni T, Westfall J. Choosing prediction over explanation in psychology: 

lessons from machine learning. Perspect Psychol Sci 2017;12:1100-22.
33.	 de Rooij M, Pratiwi BC, Fokkema M et al. The early roots of statistical learn­

ing in the psychometric literature: a review and two new results. arXiv 
2018;1911.11463.

34.	 Larson SC. The shrinkage of the coefficient of multiple correlation. J Educ 
Psychol 1931;22:45-55.

35.	 Mosier CI. I. Problems and designs of cross-validation 1. Educ Psychol Meas 
1951;11:5-11.

36.	 Wainer H. Estimating coefficients in linear models: it don’t make no never­
mind. Psychol Bull 1976;83:213-7.

37.	 Delgadillo J, Lutz W. A development pathway towards precision mental 
health care. JAMA Psychiatry 2020;77:889-90.

38.	 Browning M, Carter CS, Chatham C et al. Realizing the clinical potential of 
computational psychiatry: report from the Banbury Center meeting, Febru­
ary 2019. Biol Psychiatry 2020;88:e5-10.

39.	 Chekroud AM, Koutsouleris N. The perilous path from publication to prac­
tice. Mol Psychiatry 2018;23:24-5.

40.	 Chekroud AM, Zotti RJ, Shehzad Z et al. Cross-trial prediction of treatment 
outcome in depression: a machine learning approach. Lancet Psychiatry 
2016;3:243-50.

41.	 Nie Z, Vairavan S, Narayan VA et al. Predictive modeling of treatment resist­
ant depression using data from STAR*D and an independent clinical study. 
PLoS One 2018;13:e0197268.

42.	 Iniesta R, Malki K, Maier W et al. Combining clinical variables to optimize 
prediction of antidepressant treatment outcomes. J Psychiatr Res 2016;78:94-
102.

43.	 Iniesta R, Hodgson K, Stahl D et al. Antidepressant drug-specific prediction 
of depression treatment outcomes from genetic and clinical variables. Sci 
Rep 2018;8:5530.

44.	 Drysdale AT, Grosenick L, Downar J et al. Resting-state connectivity biomark­
ers define neurophysiological subtypes of depression. Nat Med 2017;23:28-
38.

45.	 Dinga R, Schmaal L, Penninx B et al. Evaluating the evidence for biotypes of 
depression: methodological replication and extension of. Neuroimage Clin 
2019;22:101796.

46.	 Chekroud AM, Gueorguieva R, Krumholz HM et al. Reevaluating the efficacy 
and predictability of antidepressant treatments: a symptom clustering ap­
proach. JAMA Psychiatry 2017;74:370-8.

47.	 Bondar J, Caye A, Chekroud AM et al. Symptom clusters in adolescent de­
pression and differential response to treatment: a secondary analysis of the 
Treatment for Adolescents with Depression Study randomised trial. Lancet 
Psychiatry 2020;7:337-43.

48.	 Gueorguieva R, Chekroud AM, Krystal JH. Trajectories of relapse in ran­
domised, placebo-controlled trials of treatment discontinuation in major 
depressive disorder: an individual patient-level data meta-analysis. Lancet 
Psychiatry 2017;4:230-7.

49.	 Paul R, Andlauer Till FM, Czamara D et al. Treatment response classes in 
major depressive disorder identified by model-based clustering and vali­
dated by clinical prediction models. Transl Psychiatry 2019;9:187.

50.	 Leighton SP, Upthegrove R, Krishnadas R et al. Development and validation 
of multivariable prediction models of remission, recovery, and quality of life 
outcomes in people with first episode psychosis: a machine learning ap­
proach. Lancet Digit Health 2019;1:e261-70.

51.	 Nunes A, Ardau R, Berghöfer A et al. Prediction of lithium response using 
clinical data. Acta Psychiatr Scand 2020;141:131-41.

52.	 Kim TT, Dufour S, Xu C et al. Predictive modeling for response to lithium and 
quetiapine in bipolar disorder. Bipolar Disord 2019;21:428-36.

53.	 Lutz W, Leach C, Barkham M et al. Predicting change for individual psycho­
therapy clients on the basis of their nearest neighbors. J Consult Clin Psychol 
2005;73:904-13.

54.	 Lambert MJ, Bergin AE. Bergin and Garfield’s handbook of psychotherapy 
and behavior change. Chichester: Wiley, 2021.

55.	 Deisenhofer AK, Delgadillo J, Rubel JA et al. Individual treatment selection 
for patients with posttraumatic stress disorder. Depress Anxiety 2018;35:541-
50.

56.	 DeRubeis RJ, Cohen ZD, Forand NR et al. The personalized advantage index: 
translating research on prediction into individualized treatment recommen­
dations. A demonstration. PLoS One 2014;9:1-8.

57.	 Cloitre M, Petkova E, Su Z et al. Patient characteristics as a moderator of 
posttraumatic stress disorder treatment outcome: combining symptom bur­
den and strengths. BJPsych Open 2016;2:101-6.

58.	 Wallace ML, Frank E, Kraemer HC. A novel approach for developing and in­
terpreting treatment moderator profiles in randomized clinical trials. JAMA 
Psychiatry 2013;70:1241-7.

59.	 Keefe JR, Wiltsey Stirman S, Cohen ZD et al. In rape trauma PTSD, patient 
characteristics indicate which trauma-focused treatment they are most likely 
to complete. Depress Anxiety 2018;35:330-8.



World Psychiatry 20:2 - June 2021� 167

60.	 van Bronswijk SC, Bruijniks SJE, Lorenzo-Luaces L et al. Cross-trial predic­
tion in psychotherapy: external validation of the Personalized Advantage 
Index using machine learning in two Dutch randomized trials comparing 
CBT versus IPT for depression. Psychother Res 2021;31:78-91.

61.	 Cohen ZD, Kim TT, Van HL et al. A demonstration of a multi-method vari­
able selection approach for treatment selection: recommending cognitive-
behavioral versus psychodynamic therapy for mild to moderate adult 
depression. Psychother Res 2020;30:137-50.

62.	 Aafjes-van Doorn K, Kamsteeg C, Bate J et al. A scoping review of machine 
learning in psychotherapy research. Psychother Res 2021;31:92-116.

63.	 Luedtke A, Sadikova E, Kessler RC. Sample size requirements for multivari­
ate models to predict between-patient differences in best treatments of ma­
jor depressive disorder. Clin Psychol Sci 2019;7:445-61.

64.	 Lorenzo-Luaces L, DeRubeis RJ, van Straten A et al. A prognostic index 
(PI) as a moderator of outcomes in the treatment of depression: a proof of 
concept combining multiple variables to inform risk-stratified stepped care 
models. J Affect Disord 2017;213:78-85.

65.	 Delgadillo J, Huey D, Bennett H et al. Case complexity as a guide for psycho­
logical treatment selection. J Consult Clin Psychol 2017;85:835-53.

66.	 Fisher AJ, Bosley HG, Fernandez KC et al. Open trial of a personalized modu­
lar treatment for mood and anxiety. Behav Res Ther 2019;116:69-79.

67.	 Lutz W, Rubel JA, Schwartz B et al. Towards integrating personalized feed­
back research into clinical practice: development of the Trier Treatment 
Navigator (TTN). Behav Res Ther 2019;120:103438.

68.	 Rubel JA, Fisher AJ, Husen K et al. Translating person-specific network mod­
els into personalized treatments: development and demonstration of the dy­
namic assessment treatment algorithm for individual networks (DATA-IN). 
Psychother Psychosom 2018;87:249-51.

69.	 Delgadillo J, Rubel J, Barkham M. Towards personalized allocation of pa­
tients to therapists. J Consult Clin Psychol 2020;88:799-808.

70.	 Atkins DC, Steyvers M, Imel ZE et al. Scaling up the evaluation of psycho­
therapy: evaluating motivational interviewing fidelity via statistical text clas­
sification. Implement Sci 2014;9:49.

71.	 Goldberg SB, Tanana M, Imel ZE et al. Can a computer detect interpersonal 
skills? Using machine learning to scale up the Facilitative Interpersonal Skills 
task. Psychother Res 2021;31:281-8.

72.	 Ewbank MP, Cummins R, Tablan V et al. Quantifying the association be­
tween psychotherapy content and clinical outcomes using deep learning. 
JAMA Psychiatry 2020;77:35-43.

73.	 Ewbank MP, Cummins R, Tablan V et al. Understanding the relationship 
between patient language and outcomes in internet-enabled cognitive be­
havioural therapy: a deep learning approach to automatic coding of session 
transcripts. Psychother Res 2020;31:326-38.

74.	 de Jong K, Conijn JM, Gallagher RAV et al. Using progress feedback to im­
prove outcomes and reduce drop-out, treatment duration, and deteriora­
tion: a multilevel meta-analysis. Clin Psychol Rev 2021;85:102002.

75.	 Buckman JEJ, Cohen ZD, O’Driscoll C et al. Predicting prognosis for adults 
with depression using individual symptom data: a comparison of modelling 
approaches. Open Sci Framework (in press).

76.	 Green SA, Honeybourne E, Chalkley SR et al. A retrospective observational 
analysis to identify patient and treatment-related predictors of outcomes in a 
community mental health programme. BMJ Open 2015;5:e006103.

77.	 Andersson G, Titov N, Dear BF et al. Internet-delivered psychological treat­
ments: from innovation to implementation. World Psychiatry 2019;18: 
20-8.

78.	 Andrews G, Basu A, Cuijpers P et al. Computer therapy for the anxiety and 
depression disorders is effective, acceptable and practical health care: an 
updated meta-analysis. J Anxiety Disord 2018;55:70-8.

79.	 Nahum-Shani I, Smith SN, Spring BJ et al. Just-in-Time Adaptive Interven­
tions (JITAIs) in mobile health: key components and design principles for 
ongoing health behavior support. Ann Behav Med 2018;52:446-62.

80.	 Mohr DC, Zhang M, Schueller SM. Personal sensing: understanding mental 
health using ubiquitous sensors and machine learning. Annu Rev Clin Psy­
chol 2017;13:23-47.

81.	 Lenhard F, Sauer S, Andersson E et al. Prediction of outcome in internet-deliv­
ered cognitive behaviour therapy for paediatric obsessive-compulsive disor­
der: a machine learning approach. Int J Methods Psychiatr Res 2018;27:1-11.

82.	 Flygare O, Enander J, Andersson E et al. Predictors of remission from body 
dysmorphic disorder after internet-delivered cognitive behavior therapy: a 
machine learning approach. BMC Psychiatry 2020;20:1-9.

83.	 van Breda W, Bremer V, Becker D et al. Predicting therapy success for treat­
ment as usual and blended treatment in the domain of depression. Internet 
Interv 2018;12:100-4.

84.	 Yardley L, Spring BJ, Riper H et al. Understanding and promoting effective 
engagement with digital behavior change interventions. Am J Prev Med 
2016;51:833-42.

85.	 Morrison C, Doherty G. Analyzing engagement in a web-based intervention 
platform through visualizing log-data. J Med Internet Res 2014;16:e252.

86.	 Chien I, Enrique A, Palacios J et al. A machine learning approach to under­
standing patterns of engagement with internet-delivered mental health in­
terventions. JAMA Netw Open 2020;3:e2010791.

87.	 Provoost S, Ruwaard J, van Breda W et al. Validating automated sentiment 
analysis of online cognitive behavioral therapy patient texts: an exploratory 
study. Front Psychol 2019;10:1-12.

88.	 Chikersal P, Belgrave D, Doherty G et al. Understanding client support strate­
gies to improve clinical outcomes in an online mental health intervention. 
Presented at the ACM Conference on Human Factors in Computing Sys­
tems, Honolulu, April 2020.

89.	 Wallert J, Gustafson E, Held C et al. Predicting adherence to internet-deliv­
ered psychotherapy for symptoms of depression and anxiety after myocardi­
al infarction: machine learning insights from the U-CARE heart randomized 
controlled trial. J Med Internet Res 2018;20:e10754.

90.	 Pinna M, Manchia M, Oppo R et al. Clinical and biological predictors of 
response to electroconvulsive therapy (ECT): a review. Neurosci Lett 2018; 
669:32-42.

91.	 Haq AU, Sitzmann AF, Goldman ML et al. Response of depression to electro­
convulsive therapy: a meta-analysis of clinical predictors. J Clin Psychiatry 
2015;76:1374-84.

92.	 Kar SK. Predictors of response to repetitive transcranial magnetic stimula­
tion in depression: a review of recent updates. Clin Psychopharmacol Neu­
rosci 2019;17:25-33.

93.	 Miljevic A, Bailey NW, Herring SE et al. Potential predictors of depressive 
relapse following repetitive transcranial magnetic stimulation: a systematic 
review. J Affect Disord 2019;256:317-23.

94.	 Nord CL. Predicting response to brain stimulation in depression: a roadmap 
for biomarker discovery. Curr Behav Neurosci Rep 2021;8:11-9.

95.	 Kedzior KK, Azorina V, Reitz S. More female patients and fewer stimuli per 
session are associated with the short-term antidepressant properties of re­
petitive transcranial magnetic stimulation (rTMS): a meta-analysis of 54 
sham-controlled studies published between 1997-2013. Neuropsychiatr Dis 
Treat 2014; 10:727-56.

96.	 Yao Z, McCall WV, Essali N, et al. Precision ECT for major depressive disor­
der: a review of clinical factors, laboratory, and physiologic biomarkers as 
predictors of response and remission. Pers Med Psychiatry 2019;17-18:23-
31.

97.	 Smoller JW. The use of electronic health records for psychiatric phenotyping 
and genomics. Am J Med Genet 2018;177:601-12.

98.	 Hayes JF, Marston L, Walters K et al. Lithium vs. valproate vs. olanzapine vs. 
quetiapine as maintenance monotherapy for bipolar disorder: a population-
based UK cohort study using electronic health records. World Psychiatry 
2016;15:53-8.

99.	 Wu C-S, Luedtke AR, Sadikova E et al. Development and validation of a ma­
chine learning individualized treatment rule in first-episode schizophrenia. 
JAMA Netw Open 2020;3:e1921660.

100.	 Pradier MF, McCoy TH Jr, Hughes M et al. Predicting treatment dropout after 
antidepressant initiation. Transl Psychiatry 2020;10:60.

101.	 Hughes MC, Pradier MF, Ross AS et al. Assessment of a prediction model 
for antidepressant treatment stability using supervised topic models. JAMA 
Netw Open 2020;3:e205308.

102.	 Pradier MF, Hughes MC, McCoy TH et al. Predicting change in diagnosis 
from major depression to bipolar disorder after antidepressant initiation. 
Neuropsychopharmacology 2021;46:455-61.

103.	 Huang SH, LePendu P, Iyer SV et al. Toward personalizing treatment for de­
pression: Predicting diagnosis and severity. J Am Med Inform Assoc 2014; 
21:1069-75.

104.	 Hallgren KA, Bauer AM, Atkins DC. Digital technology and clinical decision 
making in depression treatment: current findings and future opportunities. 
Depress Anxiety 2017;34:494-501.

105.	 Willetts M, Hollowell S, Aslett L et al. Statistical machine learning of sleep 
and physical activity phenotypes from sensor data in 96,220 UK Biobank 
participants. Sci Rep 2018;8:7961.

106.	 Gravenhorst F, Muaremi A, Bardram J et al. Mobile phones as medical de­
vices in mental disorder treatment: an overview. Pers Ubiquitous Comput 
2015;19:335-53.

107.	 Saeb S, Lattie EG, Schueller SM et al. The relationship between mobile phone 
location sensor data and depressive symptom severity. PeerJ 2016;4:e2537.



168� World Psychiatry 20:2 - June 2021

108.	 Thakur SS, Roy RB. Predicting mental health using smart-phone usage and 
sensor data. J Ambient Intell Humaniz Comput (in press)..

109.	 Germine L, Reinecke K, Chaytor NS. Digital neuropsychology: challenges 
and opportunities at the intersection of science and software. Clin Neu­
ropsychol 2019;33:271-86.

110.	 Passell E, Dillon GT, Baker JT et al. Digital cognitive assessment: results from 
the TestMyBrain NIMH Research Domain Criteria (RDoC) Field Test Battery 
Report. PsyArXiv 2019;10.31234.

111.	 Hoogendoorn M, Berger T, Schulz A et al. Predicting social anxiety treatment 
outcome based on therapeutic email conversations. IEEE J Biomed Health 
Inform 2017;21:1449-59.

112.	 Bremer V, Funk B, Riper H. Heterogeneity matters: predicting self-esteem in 
online interventions based on ecological momentary assessment data. De­
press Res Treat 2019;2019:3481624.

113.	 Riihimäki H, Chachólski W, Theorell J et al. A topological data analysis based 
classification method for multiple measurements. BMC Bioinformatics 
2020;21:336.

114.	 Gillan CM, Rutledge RB. Smartphones and the neuroscience of mental 
health. Annu Rev Neurosci (in press).

115.	 Vivian-Griffiths T, Baker E, Schmidt KM et al. Predictive modeling of schizo­
phrenia from genomic data: comparison of polygenic risk score with kernel 
support vector machines approach. Am J Med Genet B Neuropsychiatr Gen­
et 2019;180:80-5.

116.	 Kourou K, Exarchos TP, Exarchos KP et al. Machine learning applications in 
cancer prognosis and prediction. Comput Struct Biotechnol J 2015;13:8-17.

117.	 Chabon JJ, Hamilton EG, Kurtz DM et al. Integrating genomic features for 
non-invasive early lung cancer detection. Nature 2020;580:245-51.

118.	 Iniesta R, Campbell D, Venturini C et al. Gene variants at loci related to 
blood pressure account for variation in response to antihypertensive drugs 
between black and white individuals: genomic precision medicine may dis­
pense with ethnicity. Hypertension 2019;74:614-22.

119.	 Tansey KE, Guipponi M, Hu X et al. Contribution of common genetic vari­
ants to antidepressant response. Biol Psychiatry 2013;73:679-82.

120.	 Lawrie SM. Clinical risk prediction in schizophrenia. Lancet Psychiatry 2014; 
1:406-8.

121.	 Zheutlin AB, Ross DA. Polygenic risk scores: what are they good for? Biol 
Psychiatry 2018;83:e51-3.

122.	 Amare AT, Schubert KO, Tekola-Ayele F et al. Association of the polygenic scores 
for personality traits and response to selective serotonin reuptake inhibitors in 
patients with major depressive disorder. Front Psychiatry 2018;9:65.

123.	 García-González J, Tansey KE, Hauser J et al. Pharmacogenetics of antide­
pressant response: a polygenic approach. Prog Neuropsychopharmacol Biol 
Psychiatry 2017;75:128-34.

124.	 Ward J, Graham N, Strawbridge R et al. Polygenic risk scores for major de­
pressive disorder and neuroticism as predictors of antidepressant response: 
meta-analysis of three treatment cohorts. bioRxiv 2018:295717.

125.	 Andersson E, Crowley JJ, Lindefors N et al. Genetics of response to cognitive 
behavior therapy in adults with major depression: a preliminary report. Mol 
Psychiatry 2019;24:484-90.

126.	 Li QS, Tian C, Seabrook GR et al. Analysis of 23andMe antidepressant ef­
ficacy survey data: implication of circadian rhythm and neuroplasticity in 
bupropion response. Transl Psychiatry 2016;6:e889.

127.	 Wigmore EM, Hafferty JD, Hall LS et al. Genome-wide association study 
of antidepressant treatment resistance in a population-based cohort using 
health service prescription data and meta-analysis with GENDEP. Pharma­
cogenomics J 2020;20:329-41.

128.	 Baune BT, Soda T, Sullivan PF et al. The Genomics of Electroconvulsive Ther­
apy International Consortium (GenECT-ic). Lancet Psychiatry 2019;6:e23.

129.	 Lin E, Lin C-H, Lane H-Y. Precision psychiatry applications with pharmaco­
genomics: artificial intelligence and machine learning approaches. Int J Mol 
Sci 2020;21:969.

130.	 Kautzky A, Baldinger P, Souery D et al. The combined effect of genetic poly­
morphisms and clinical parameters on treatment outcome in treatment-
resistant depression. Eur Neuropsychopharmacol 2015;25:441-53.

131.	 Maciukiewicz M, Marshe VS, Hauschild A-C et al. GWAS-based machine 
learning approach to predict duloxetine response in major depressive disor­
der. J Psychiatr Res 2018;99:62-8.

132.	 Athreya AP, Neavin D, Carrillo-Roa T et al. Pharmacogenomics-driven 
prediction of antidepressant treatment outcomes: a machine-learning ap­
proach with multi-trial replication. Clin Pharmacol Ther 2019;106:855-65.

133.	 Lin E, Kuo P-H, Liu Y-L et al. A deep learning approach for predicting antide­
pressant response in major depression using clinical and genetic biomark­
ers. Front Psychiatry 2018;9:290.

134.	 Lee Y, Ragguett RM, Mansur RB et al. Applications of machine learning algo­
rithms to predict therapeutic outcomes in depression: a meta-analysis and 
systematic review. J Affect Disord 2018;241:519-32.

135.	 Pisanu C, Squassina A. Treatment-resistant schizophrenia: insights from 
genetic studies and machine learning approaches. Front Pharmacol 2019; 
10:1-7.

136.	 Zubenko GS, Sommer BR, Cohen BM. On the marketing and use of pharma­
cogenetic tests for psychiatric treatment. JAMA Psychiatry 2018;75:769.

137.	 Zeier Z, Carpenter LL, Kalin NH et al. Clinical implementation of pharma­
cogenetic decision support tools for antidepressant drug prescribing. Am J 
Psychiatry 2018;175:873-86.

138.	 Enneking V, Leehr EJ, Dannlowski U et al. Brain structural effects of treat­
ments for depression and biomarkers of response: a systematic review of 
neuroimaging studies. Psychol Med 2020;50:187-209.

139.	 Colvonen PJ, Glassman LH, Crocker LD et al. Pretreatment biomarkers 
predicting PTSD psychotherapy outcomes: a systematic review. Neurosci 
Biobehav Rev 2017;75:140-56.

140.	 Fonseka TM, MacQueen GM, Kennedy SH. Neuroimaging biomarkers as 
predictors of treatment outcome in major depressive disorder. J Affect Dis­
ord 2018;233:21-35.

141.	 Fu CH, Steiner H, Costafreda SG. Predictive neural biomarkers of clinical 
response in depression: a meta-analysis of functional and structural neuro­
imaging studies of pharmacological and psychological therapies. Neurobiol 
Dis 2013;52:75-83.

142.	 Lueken U, Zierhut KC, Hahn T et al. Neurobiological markers predicting 
treatment response in anxiety disorders: a systematic review and implica­
tions for clinical application. Neurosci Biobehav Rev 2016;66:143-62.

143.	 Molent C, Olivo D, Wolf RC et al. Functional neuroimaging in treatment re­
sistant schizophrenia: a systematic review. Neurosci Biobehav Rev 2019; 
104:178-90.

144.	 Tarcijonas G, Sarpal DK. Neuroimaging markers of antipsychotic treatment 
response in schizophrenia: an overview of magnetic resonance imaging 
studies. Neurobiol Dis 2019;131:104209.

145.	 Phillips ML, Chase HW, Sheline YI et al. Identifying predictors, moderators, 
and mediators of antidepressant response in major depressive disorder: 
neuroimaging approaches. Am J Psychiatry 2015;172:124-38.

146.	 Lueken U, Hahn T. Functional neuroimaging of psychotherapeutic processes 
in anxiety and depression: from mechanisms to predictions. Curr Opin Psy­
chiatry 2016;29:25-31.

147.	 Khodayari-Rostamabad A, Hasey GM, Maccrimmon DJ et al. A pilot study 
to determine whether machine learning methodologies using pre-treatment 
electroencephalography can predict the symptomatic response to clozapine 
therapy. Clin Neurophysiol 2010;121:1998-2006.

148.	 Erguzel TT, Ozekes S, Gultekin S et al. Neural network based response pre­
diction of rTMS in major depressive disorder using QEEG cordance. Psychia­
try Investig 2015;12:61-5.

149.	 Mumtaz W, Xia L, Mohd Yasin MA et al. A wavelet-based technique to 
predict treatment outcome for major depressive disorder. PLoS One 2017; 
12:e0171409.

150.	 Jaworska N, de la Salle S, Ibrahim MH et al. Leveraging machine learning 
approaches for predicting antidepressant treatment response using electro­
encephalography (EEG) and clinical data. Front Psychiatry 2018;9:768.

151.	 Khodayari-Rostamabad A, Reilly JP, Hasey GM et al. Using pre-treatment 
electroencephalography data to predict response to transcranial magnetic 
stimulation therapy for major depression. Annu Int Conf IEEE Eng Med Biol 
Soc 2011;2011:6418-21.

152.	 Bailey NW, Hoy KE, Rogasch NC et al. Differentiating responders and non-
responders to rTMS treatment for depression after one week using resting 
EEG connectivity measures. J Affect Disord 2019;242:68-79.

153.	 Hasanzadeh F, Mohebbi M, Rostami R. Prediction of rTMS treatment re­
sponse in major depressive disorder using machine learning techniques and 
nonlinear features of EEG signal. J Affect Disord 2019;256:132-42.

154.	 Zandvakili A, Philip NS, Jones SR et al. Use of machine learning in predicting 
clinical response to transcranial magnetic stimulation in comorbid posttrau­
matic stress disorder and major depression: a resting state electroencepha­
lography study. J Affect Disord 2019;252:47-54.

155.	 Al-Kaysi AM, Al-Ani A, Loo CK et al. Predicting tDCS treatment outcomes of 
patients with major depressive disorder using automated EEG classification. 
J Affect Disord 2017;208:597-603.

156.	 Corlier J, Carpenter LL, Wilson AC et al. The relationship between individual 
alpha peak frequency and clinical outcome with repetitive transcranial mag­
netic stimulation (rTMS) treatment of major depressive disorder (MDD). 
Brain Stimul 2019;12:1572-8.



World Psychiatry 20:2 - June 2021� 169

157.	 Woo CW, Chang LJ, Lindquist MA et al. Building better biomarkers: brain 
models in translational neuroimaging. Nat Neurosci 2017;20:365-77.

158.	 Costafreda SG, Khanna A, Mourao-Miranda J et al. Neural correlates of sad 
faces predict clinical remission to cognitive behavioural therapy in depres­
sion. Neuroreport 2009;20:637-41.

159.	 Goldstein-Piekarski AN, Korgaonkar MS, Green E et al. Human amygdala 
engagement moderated by early life stress exposure is a biobehavioral 
target for predicting recovery on antidepressants. Proc Natl Acad Sci USA 
2016;113:11955-60.

160.	 Hahn T, Kircher T, Straube B et al. Predicting treatment response to cognitive 
behavioral therapy in panic disorder with agoraphobia by integrating local 
neural information. JAMA Psychiatry 2015;72:68-74.

161.	 Ball TM, Stein MB, Ramsawh HJ et al. Single-subject anxiety treatment out­
come prediction using functional neuroimaging. Neuropsychopharmacol­
ogy 2014;39:1254-61.

162.	 Tolmeijer E, Kumari V, Peters E et al. Using fMRI and machine learning to 
predict symptom improvement following cognitive behavioural therapy for 
psychosis. Neuroimage Clin 2018;20:1053-61.

163.	 Crane NA, Jenkins LM, Bhaumik R et al. Multidimensional prediction of 
treatment response to antidepressants with cognitive control and functional 
MRI. Brain 2017;140:472-86.

164.	 Nguyen KP, Fatt CC, Treacher A et al. Predicting response to the antidepres­
sant bupropion using pretreatment fMRI. Predict Intell Med 2019;11843:53-
62.

165.	 van Waarde JA, Scholte HS, van Oudheusden LJ et al. A functional MRI 
marker may predict the outcome of electroconvulsive therapy in severe and 
treatment-resistant depression. Mol Psychiatry 2015;20:609-14.

166.	 Whitfield-Gabrieli S, Ghosh SS, Nieto-Castanon A et al. Brain connectom­
ics predict response to treatment in social anxiety disorder. Mol Psychiatry 
2016;21:680-5.

167.	 Zhutovsky P, Thomas RM, Olff M et al. Individual prediction of psycho­
therapy outcome in posttraumatic stress disorder using neuroimaging data. 
Transl Psychiatry 2019;9:326.

168.	 Yuan M, Qiu C, Meng Y et al. Pre-treatment resting-state functional MR im­
aging predicts the long-term clinical outcome after short-term paroxetine 
treatment in post-traumatic stress disorder. Front Psychiatry 2018;9:532.

169.	 Cao B, Cho RY, Chen D et al. Treatment response prediction and individu­
alized identification of first-episode drug-naïve schizophrenia using brain 
functional connectivity. Mol Psychiatry 2020;25:906-13.

170.	 Leaver AM, Wade B, Vasavada M et al. Fronto-temporal connectivity predicts 
ECT outcome in major depression. Front Psychiatry 2018;9:92.

171.	 Redlich R, Opel N, Grotegerd D et al. Prediction of individual response to 
electroconvulsive therapy via machine learning on structural magnetic reso­
nance imaging data. JAMA Psychiatry 2016;73:557-64.

172.	 Cao B, Luo Q, Fu Y et al. Predicting individual responses to the electrocon­
vulsive therapy with hippocampal subfield volumes in major depression dis­
order. Sci Rep 2018;8:5434-4.

173.	 Gong J, Cui LB, Xi YB et al. Predicting response to electroconvulsive therapy 
combined with antipsychotics in schizophrenia using multi-parametric 
magnetic resonance imaging. Schizophr Res 2020;216:262-71.

174.	 Germine L, Strong RW, Singh S et al. Toward dynamic phenotypes and the 
scalable measurement of human behavior. Neuropsychopharmacology 
2021;46:209-16.

175.	 Etkin A, Patenaude B, Song YJ et al. A cognitive-emotional biomarker for pre­
dicting remission with antidepressant medications: a report from the iSPOT-
D trial. Neuropsychopharmacology 2015;40:1332-42.

176.	 Rennie JP, Zhang M, Hawkins E et al. Mapping differential responses to cog­
nitive training using machine learning. Dev Sci 2020;23:e12868.

177.	 Delgadillo J, Gonzalez Salas Duhne P. Targeted prescription of cognitive–be­
havioral therapy versus person-centered counseling for depression using a 
machine learning approach. J Consult Clin Psychol 2020;88:14-24.

178.	 Schwartz B, Cohen ZD, Rubel JA et al. Personalized treatment selection in 
routine care: integrating machine learning and statistical algorithms to rec­
ommend cognitive behavioral or psychodynamic therapy. Psychother Res 
2021;31:33-51.

179.	 Delgadillo J, Ali S, Fleck K et al. StratCare: a pragmatic, multi-site, single-
blind, cluster randomised controlled trial of stratified care for depression. 
Unpublished manuscript.

180.	 Lutz W, Deisenhofer AK, Rubel J et al. Prospective evaluation of a clinical 
decision support system in psychological therapy. Unpublished manuscript.

181.	 Browning M, Bilderbeck AC, Dias R et al. The clinical effectiveness of using 
a predictive algorithm to guide antidepressant treatment in primary care 

(PReDicT): an open-label , randomised controlled trial. Neuropsychophar­
macology (in press).

182.	 Jussim L, Harber KD. Teacher expectations and self-fulfilling prophecies: 
knowns and unknowns, resolved and unresolved controversies. Personal 
Soc Psychol Rev 2005;9:131-55.

183.	 Patel SR, Bakken S, Ruland C. Recent advances in shared decision making for 
mental health. Curr Opin Psychiatry 2008;21:606-12.

184.	 Lundberg SM, Lee S-I. A Unified approach to interpreting model predictions. 
arXiv 2017;1705.07874v2.

185.	 Chekroud AM. Pragmatic, scalable, computational solutions to reduce the 
burden of major depression. ProQuest 2018;10907745.

186.	 Rudin C. Stop explaining black box machine learning models for high stakes 
decisions and use interpretable models instead. Nat Mach Intell 2019;1:206-
15.

187.	 Salazar de Pablo G, Studerus E, Vaquerizo-Serrano J et al. Implementing pre­
cision psychiatry: a systematic review of individualized prediction models 
for clinical practice. Schizophr Bull (in press).

188.	 Jacobs M, Pradier MF, McCoy TH Jr et al. How machine-learning recommen­
dations influence clinician treatment selections: the example of the antide­
pressant selection. Transl Psychiatry 2021;11:108.

189.	 Delgadillo J, Appleby S, Booth S et al. The Leeds Risk Index: field-test of a 
stratified psychological treatment selection algorithm. Psychother Psycho­
som 2020;89:189-90.

190.	 Müller VC. Ethics of artificial intelligence and robotics. https://plato.stan­
ford.edu/entries/ethics-ai/.

191.	 Lo Piano S. Ethical principles in machine learning and artificial intelligence: 
cases from the field and possible ways forward. Humanit Soc Sci Commun 
2020;7:9.

192.	 Mittelstadt BD, Floridi L. The ethics of big data: current and foreseeable is­
sues in biomedical contexts. Sci Eng Ethics 2016;22:303-41.

193.	 Starke G, De Clercq E, Borgwardt S et al. Computing schizophrenia: ethical 
challenges for machine learning in psychiatry. Psychol Med (in press).

194.	 Trujillo AC, Gregory IM, Ackerman KA. Evolving relationship between hu­
mans and machines. IFAC-PapersOnLine 2019;51:366-71.

195.	 Endsley MR. Toward a theory of situation awareness in dynamic systems. 
Hum Factors 1995;37:32-64.

196.	 Topol EJ. High-performance medicine: the convergence of human and artifi­
cial intelligence. Nat Med 2019;25:44-56.

197.	 Haque OS, Waytz A. Dehumanization in medicine: causes, solutions, and 
functions. Perspect Psychol Sci 2012;7:176-86.

198.	 Chen N-C, Drouhard M, Kocielnik R et al. Using machine learning to support 
qualitative coding in social science: shifting the focus to ambiguity. ACM 
Trans Interact Intell Syst 2018;8:1-20.

199.	 Stewart M. Towards a global definition of patient centred care: the patient 
should be the judge of patient centred care. BMJ 2001;322:444-5.

200.	 Robin R, Polanyi M. Personal knowledge. towards a post-critical philosophy. 
Philos Phenomenol Res 1960;20:429.

201.	 Bennett NL. Donald A. Schön, educating the reflective practitioner. San Fran­
cisco: Jossey-Bass, 1987.

202.	 Borrell-Carrió F, Suchman A, Epstein RM. The biopsychosocial model 25 
years later: principles, practice, and scientific inquiry. Ann Fam Med 2004; 
2:576-82.

203.	 Faden RR, Kass NE, Goodman SN et al. An ethics framework for a learning 
health care system: a departure from traditional research ethics and clinical 
ethics. Hastings Cent Rep 2013;43:S16-27.

204.	 Boff KR. Revolutions and shifting paradigms in human factors & ergonom­
ics. Appl Ergon 2006;37:391-9.

205.	 Brangier E, Hammes-Adelé S. Beyond the technology acceptance model: el­
ements to validate the human-technology symbiosis model. In: Robertson 
MM (eds). Ergonomics and health aspects of work with computers. Berlin: 
Springer, 2011:13-21.

206.	 Christophe G, Jean-Arthur M-F, Guillaume D. Comment on Starke et al.: 
‘Computing schizophrenia: ethical challenges for machine learning in psy­
chiatry’: from machine learning to student learning: pedagogical challenges 
for psychiatry. Psychol Med (in press).

207.	 Gerber A, Derckx P, Döppner DA et al. Conceptualization of the human-ma­
chine symbiosis – A literature review. Presented at the 53rd Hawaii Interna­
tional Conference on System Sciences, Maui, January 2020.

208.	 Floridi L, Taddeo M. What is data ethics? Philos Trans R Soc Math Phys Eng 
Sci 2016;374:2083.

209.	 Binns R. Fairness in machine learning: lessons from political philosophy. 
Proceedings of Machine Learning Research 2018;81:149-59.



170� World Psychiatry 20:2 - June 2021

210.	 Obermeyer Z, Powers B, Vogeli C et al. Dissecting racial bias in an algorithm 
used to manage the health of populations. Science 2019;366:447-53.

211.	 Yeung K, Lodge M (eds). Algorithmic regulation. Oxford: Oxford University 
Press, 2019.

212.	 Brownsword R, Scotford E, Yeung K (eds). The Oxford handbook of law, reg­
ulation and technology, Vol. 1. Oxford: Oxford University Press, 2016.

213.	 Jacucci G, Spagnolli A, Freeman J et al. Symbiotic interaction: a critical defini­
tion and comparison to other human-computer paradigms. Presented at the 
International Workshop on Symbiotic Interaction, Helsinki, October 2014.

214.	 Krebs P, Prochaska JO, Rossi JS. A meta-analysis of computer-tailored inter­
ventions for health behavior change. Prev Med 2010;51:214-21.

215.	 Lustria MLA, Noar SM, Cortese J et al. A meta-analysis of web-delivered tailored 
health behavior change interventions. J Health Commun 2013;18:1039-69.

216.	 Bird S, Kenthapadi K, Kiciman E et al. Fairness-aware machine learning: 
practical challenges and lessons learned. Presented at the 12th ACM Inter­
national Conference on Web Search and Data Mining, Melbourne, February 
2019.

217.	 Koutsouleris N, Dwyer DB, Degenhardt F et al. Multimodal machine learn­
ing workflows for prediction of psychosis in patients with clinical high-risk 
syndromes and recent-onset depression. JAMA Psychiatry 2021;78:195-209.

DOI:10.1002/wps.20882



SPECIAL ARTICLE

World Psychiatry 20:2 - June 2021� 171

Validity and utility of Hierarchical Taxonomy of Psychopathology 
(HiTOP): II. Externalizing superspectrum

Robert F. Krueger1, Kelsey A. Hobbs1, Christopher C. Conway2, Danielle M. Dick3, Michael N. Dretsch4, Nicholas R. Eaton5, Miriam K. Forbes6, 
Kelsie T. Forbush7, Katherine M. Keyes8, Robert D. Latzman9, Giorgia Michelini10, Christopher J. Patrick11, Martin Sellbom12, Tim Slade13, 
Susan C. South14, Matthew Sunderland13, Jennifer Tackett15, Irwin Waldman16, Monika A. Waszczuk17, Aidan G.C. Wright18, David H. Zald19, 
David Watson20, Roman Kotov17; HiTOP Utility Workgroup*
1Department of Psychology, University of Minnesota, Minneapolis, MN, USA; 2Department of Psychology, Fordham University, Bronx, NY, USA; 3Department of Psychology, 
Virginia Commonwealth University, Richmond, VA, USA; 4US Army Medical Research Directorate - West, Walter Reed Army Institute of Research, Joint Base Lewis-McChord, 
WA, USA; 5Department of Psychology, Stony Brook University, Stony Brook, NY, USA; 6Centre for Emotional Health, Department of Psychology, Macquarie University, Sydney, 
NSW, Australia; 7Department of Psychology, University of Kansas, Lawrence, KS, USA; 8Department of Epidemiology, Columbia University, New York, NY, USA; 9Department 
of Psychology, Georgia State University, Atlanta, GA, USA; 10Semel Institute for Neuroscience and Human Behavior, University of California Los Angeles, Los Angeles, CA, USA; 
11Department of Psychology, Florida State University, Tallahassee, FL, USA; 12Department of Psychology, University of Otago, Dunedin, New Zealand; 13Matilda Centre for Re-
search in Mental Health and Substance Use, University of Sydney, Sydney, NSW, Australia; 14Department of Psychological Sciences, Purdue University, West Lafayette, IN, USA; 
15Department of Psychology, Northwestern University, Evanston, IL, USA; 16Department of Psychology, Emory University, Atlanta, GA, USA; 17Department of Psychiatry, Stony 
Brook University, Stony Brook, NY, USA; 18Department of Psychology, University of Pittsburgh, Pittsburgh, PA, USA; 19Department of Psychology, Vanderbilt University, Nashville, 
TN, USA; 20Department of Psychology, University of Notre Dame, Notre Dame, IN, USA

*Members of HiTOP Utility Workgroup are listed in the Appendix

The Hierarchical Taxonomy of Psychopathology (HiTOP) is an empirical effort to address limitations of traditional mental disorder diagnoses. These  
include arbitrary boundaries between disorder and normality, disorder co-occurrence in the modal case, heterogeneity of presentation within dis
orders, and instability of diagnosis within patients. This paper reviews the evidence on the validity and utility of the disinhibited externalizing and 
antagonistic externalizing spectra of HiTOP, which together constitute a broad externalizing superspectrum. These spectra are composed of elements 
subsumed within a variety of mental disorders described in recent DSM nosologies, including most notably substance use disorders and “Cluster 
B” personality disorders. The externalizing superspectrum ranges from normative levels of impulse control and self-assertion, to maladaptive dis-
inhibition and antagonism, to extensive polysubstance involvement and personality psychopathology. A rich literature supports the validity of the 
externalizing superspectrum, and the disinhibited and antagonistic spectra. This evidence encompasses common genetic influences, environmental 
risk factors, childhood antecedents, cognitive abnormalities, neural alterations, and treatment response. The structure of these validators mirrors 
the structure of the phenotypic externalizing superspectrum, with some correlates more specific to disinhibited or antagonistic spectra, and others 
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The Hierarchical Taxonomy of Psychopathology (HiTOP) con­
sortium aims to integrate research on the empirical organization 
of psychopathology, with the goal of delineating a comprehen­
sive descriptive system1-3. Taxonomies in frequent use (e.g., the 
DSM) have notable limitations, such as arbitrary boundaries 
between psychopathology and normality, diagnostic instability, 
heterogeneity within disorders, disorder co-occurrence in the 
modal case, and inability to conceptualize subthreshold cases. 
The HiTOP approach mitigates such problems by: a) defining 
psychopathology in terms of continua ranging from normative to 
maladaptive; b) delineating continua based on observed covari­
ation among signs, symptoms and syndromes, and c) arranging 
continua in a hierarchy, ranging from more narrow and specif­
ic (e.g., clusters of symptoms) to more broad and general (e.g., 
spectra of inter-related diagnostic phenomena).

An approach based on continua or dimensions of human in­
dividual differences resolves issues of arbitrary thresholds and 
diagnostic instability. Thresholds indicating specific clinical op­
tions can be described based on evidence, and test-retest reli­
ability of dimensional psychopathology constructs is notably 

greater than that of arbitrary diagnostic categories4-7. No patients 
are excluded from the system (i.e., individuals with subthresh­
old or atypical symptoms are all characterized on a set of dimen­
sions), providing a boon to case conceptualization. The HiTOP 
approach also reduces diagnostic heterogeneity by grouping 
empirically related symptoms together and arraying them along 
distinguishable dimensions8-11. Comorbidity is rendered under­
standable, because related conditions form elements in psycho­
logically coherent spectrums.

The working HiTOP system currently includes six broad spec­
trums: internalizing, somatoform, disinhibited externalizing, 
antagonistic externalizing, thought disorder, and detachment1-3. 
These spectrums reflect continuous individual differences in a 
given domain across the entire population. Broad spectrums, in 
turn, are combined into larger groupings or superspectra: emo­
tional dysfunction (internalizing and somatoform), externalizing 
(disinhibited and antagonistic), and psychosis (thought disorder 
and detachment)12-16. Above these superspectra, the HiTOP ap­
proach also recognizes a general psychopathology factor17,18.

The working HiTOP system was created by reviewing a con­



172� World Psychiatry 20:2 - June 2021

siderable body of research, but external validity and utility have 
been less well documented, because previous reviews of these 
topics had limited scope. With this in mind, the Utility Work­
group of the HiTOP consortium assembled teams of experts to 
comprehensively review evidence on the validity and utility of 
the working HiTOP model. Expert reviews were organized ac­
cording to the three superspectra. The present paper is the sec­
ond in this series (the first focused on psychosis19 and the third 
will examine emotional dysfunction) and focuses on the exter­
nalizing superspectrum.

The externalizing superspectrum encompasses two spectra: 
disinhibited externalizing and antagonistic externalizing. The 
disinhibited externalizing spectrum includes tendencies to act 
on impulse, without consideration for potential consequences. 
Empirically, disinhibition tends to be accompanied by societally 
prohibited behaviors that align psychologically with the core of 
the construct, for example, the use of psychoactive substances to 
excess20 and with minimal regard for future consequences. The 
antagonistic externalizing spectrum includes tendencies to navi­
gate interpersonal situations using antipathy and conflict, and to 
hurt other people intentionally21, with little regard for their rights 
and feelings.

These spectra encompass both maladaptive traits and more 
time-limited symptoms, with the distinction pertaining to the 
timescale of the phenomena22. For example, a series of specific 
disinhibited behaviors (e.g., a brief period encompassing impul­
sive purchases and other decisions that reflect immediate reward 
more than longer-term consequences) could be driven by a spe­
cific life crisis, rather than being generally characteristic of a per­
son. If such behaviors persist across time and circumstances, they 
become additionally indicative of a disinhibitory trait. Similarly, 
a specific hostile interaction is an antagonistic phenomenon, 
while frequent and recurrent hostile interactions are indicative 
of an antagonistic trait. As described at length throughout this 
review, disinhibited and antagonistic behaviors tend to co-occur 
at notably greater than chance levels, illustrating the phenotypic 
coherence of the broad externalizing superspectrum23.

The goal of this paper is to review the extensive evidence doc­
umenting the structural coherence and content of the exter­
nalizing superspectrum and the disinhibited and antagonistic 
spectra, and the utility and validity of these diagnostic constructs.

STRUCTURAL EVIDENCE

Composition of major dimensions

The externalizing superspectrum has long emerged in re­
search on the structure of mental disorders and of maladaptive 
personality traits. Indeed, studies have revealed that external­
izing psychopathology is separate from other superspectra, in­
cluding internalizing psychopathology in youth24-30 and both 
internalizing and thought disorder/psychosis in adults31-34. 
Across these bodies of research, clinical diagnoses or dimen­
sional symptom counts of antisocial personality disorder (PD), 

attention-deficit/hyperactivity disorder (ADHD), alcohol, can­
nabis, nicotine, and other substance use disorders (SUDs), and 
intermittent explosive disorder in adulthood, as well as conduct 
disorder (CD) and oppositional defiant disorder (ODD) in child­
hood, clearly reflect a distinct and overarching externalizing su­
perspectrum, as summarized in Table 1 and pictured in Figure 1.

The extant evidence further supports parsing the external­
izing superspectrum down into disinhibited and antagonistic 
externalizing spectra1. This bifurcation is more clearly evident in 
maladaptive trait research and in the adult rather than the child 
psychopathology literature, and these major domains can be ob­
served in the psychiatric diagnosis literature as well.

As summarized in Table 1, three main observations are evident 
from this literature. First, the majority of studies identify antisocial 
PD as an indicator of both disinhibition and antagonism, which 
supports this disorder as a non-specific and core indicator of the 
general externalizing superspectrum. In fact, the criteria for anti­
social PD are quite evenly spread across both disinhibited and an­
tagonistic features. Second, alcohol and other SUDs are specific 
to the disinhibited externalizing spectrum. Third, some DSM PDs 
(i.e., paranoid, narcissistic and histrionic) appear relatively specif­
ic to the antagonistic externalizing spectrum. These findings are 
also generally consistent with Krueger et al’s multifaceted model 
of the externalizing spectrum15, which considers general external­
izing together with more specific liability factors for callous-ag­
gression (the unique component of antagonism) and substance 
misuse (the unique component of disinhibited externalizing).

One condition deserving specific consideration is borderline 
PD, as its relevance to general externalizing, as well as its specific­
ity to antagonism vs. disinhibition, appears dependent on other 
indicators included in the structural model. In studies in which 
internalizing psychopathology is also prominently featured, bor­
derline PD tends to load robustly with internalizing and less con­
sistently with externalizing39,46,48,52; moreover, when dimensional 
traits are considered in addition to psychiatric diagnoses, this PD 
loads distinctly on internalizing64. In other words, the prepon­
derance of research evidence indicates that borderline PD does 
load with the internalizing spectrum, while its association with 
externalizing (and even specific placement within antagonism 
vs. disinhibition)65,66 is less clear. At this point, borderline PD is 
therefore best considered an indicator of both internalizing and, 
to a lesser degree, the general externalizing superspectrum, likely 
with different components of the disorder being related to these 
two spectra. As such, borderline PD is only provisionally includ­
ed in the externalizing superspectrum, as noted in Figure 1.

It is further noteworthy that, while clearly representing antag­
onistic externalizing in the context of the broader externalizing 
superspectrum, paranoid and histrionic PD have other influenc­
es as well, given their multifaceted nature. For instance, paranoid 
PD may appear more strongly linked to the psychosis superspec­
trum when disorders of this type are clearly represented in the 
set of structural indicators13,32,65. Histrionic PD also has direct 
links (in the negative direction) to the detachment spectrum64, 
which is also supported in the general personality literature67,68.

Finally, although the externalizing superspectrum is well rep­
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resented in the youth psychopathology literature, evidence for 
bifurcation of disinhibition and antagonism prior to adulthood is 
less clear (see Table 1), likely owing to the lack of clearly defined 
indicators for making this separation. In contrast with the adult  
literature, there are no diagnoses or explicit symptom measures 
of callous-unemotional traits, narcissism, or paranoia/suspicious­
ness included in structural modeling studies with children/ado­
lescents, making it virtually impossible for these factors to emerge 
in the youth literature. Additionally, in young children, substance 
use is likely to be uncommon. Furthermore, links between per­
sonality traits and disorders are less well established in the youth 
(especially child) literature69, making an analysis from this per­
spective less straightforward. Further research is definitely needed 
to obtain a clearer picture of psychiatric representations of antag­
onism in youth, especially beyond what are typically referred to as 
callous-unemotional traits70.

Role of personality traits

The hierarchical structure of the externalizing superspectrum 
closely parallels the organization of normal-range personality 
traits1,71. The general externalizing dimension is broadly linked 
to individual differences in the higher-order trait factor of con­
straint vs. disconstraint72, which emerges in three-factor models 
of normal and abnormal personality72-75. When additional fac­
tors are extracted, this broad constraint vs. disconstraint dimen­
sion divides into two more specific components: agreeableness 
vs. antagonism, and conscientiousness vs. disinhibition73,75,76. 
These two subdimensions, in turn, form the basis for distinguish­
ing antagonistic from disinhibited forms of externalizing.

Antagonistic externalizing has been linked to a variety of spe­
cific maladaptive traits that reflect problematic relations with 
others. It should be noted that some of these traits also show less­
er associations with other forms of psychopathology1,77-83. The 
traits that have been most strongly and consistently associated 
with the antagonistic externalizing spectrum include manipu­
lativeness (i.e., exploiting and taking advantage of others), de­
ceitfulness (i.e., lying and cheating in pursuit of one’s goals), 
callousness (i.e., being cold-hearted and lacking empathy), 
exhibitionism (i.e., engaging in attention-seeking behaviors), 
grandiosity (i.e., being arrogant and feeling entitled to special 
treatment from others), aggression (i.e., engaging in hostile and 
even violent behavior), rudeness (i.e., being blunt, tactless, and 
interpersonally insensitive), domineering (i.e., the proneness to 
be forceful and controlling in relationships), and suspiciousness 
(i.e., questioning the honesty, fidelity, and motives of others).

Disinhibited externalizing has also been linked to multi­
ple maladaptive traits reflecting disorganization, poor impulse 
control, and a lack of concern regarding the consequences of 
one’s behavior1,77,78,80-83. The specific traits that have been most 
strongly and consistently associated with the disinhibited exter­
nalizing spectrum include impulsivity (i.e., acting spontaneously 
on the spur of the moment without concern for consequences), 
irresponsibility (i.e., being undependable and failing to fulfill 

obligations), distractibility (i.e., problems in attention and diffi­
culties in focusing on tasks), risk taking (i.e., being reckless and 
engaging in potentially dangerous activities), (low) perfection­
ism (i.e., having low standards for the completion of work), and 
(low) workaholism (i.e., being more interested in having fun than 
in work-related activities).

These trait correlates, in turn, help to explain the specific types 
of personality-related pathology that are subsumed within each 
spectrum, including both adult1,67,84,85 and youth disorders86-93. As 
can be seen in Figure 1, the antagonistic externalizing spectrum 
subsumes narcissistic, paranoid and histrionic PDs. Disinhibited 
externalizing includes ADHD, alcohol use disorder, and SUDs. Dis­
orders such as conduct disorder, antisocial PD, intermittent explo­
sive disorder, ODD, and borderline PD contain trait characteristics 
related to both spectra (e.g., impulsivity and anger/aggression).

VALIDITY EVIDENCE

Behavior genetic evidence

Evidence for a genetically coherent externalizing superspec­
trum has emerged most strongly from twin studies of constitu­
ent disorders and related personality traits in both youth and late 
adolescent/adult samples.

Specifically, in youth samples, twin studies have shown high 
heritabilities (h2) and moderate levels of non-shared environ­
mental influences, but non-significant shared environmental 
influences, for ADHD (h2=~60-80%)94 and ODD (h2=~30-70%)93, 
as well as for psychopathic traits (such as callous-unemotion­
ality and narcissism)95. These studies have also found moder­
ate heritability (h2=~50%), shared environmental influences, and 
non-shared environmental influences for CD96, and moderate 
heritability for various forms of youth antisocial behavior, includ­
ing rule breaking and aggression97, with its various forms such as 
reactive, proactive and relational aggression96,98,99.

Most importantly, behavior genetic studies have provided evi­
dence for the coherence of the externalizing superspectrum 
by showing high levels of genetic overlap across ADHD, ODD 
and CD41,100,101, such that the largest contributor to the overlap 
among these disorders or the covariation among their symptom 
dimensions is represented by common genetic influences. This 
is also borne out by studies that have directly estimated the mag­
nitude of genetic influences on an externalizing factor, and have 
found it to be highly heritable41,102.

Evidence for the genetic basis of the externalizing superspec­
trum in youth also includes studies that have demonstrated 
common genetic influences between these disorders and per­
sonality traits such as behavioral disinhibition, neuroticism, and 
low prosociality54,103,104.

Twin studies in late adolescent/adult samples provide consid­
erable evidence for the validity of the externalizing superspec­
trum54,103,104. This evidence comes from studies of PDs, SUDs, 
and their symptom dimensions and related traits (e.g., antisocial 
behavior).
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The “Cluster B” PDs, when examined individually, exhibit  
moderate to large heritability estimates105. The covariance a­
mong these disorders can be accounted for by a genetic com­
mon factor, with a second genetic factor accounting for variance 
in antisocial and borderline PDs106. Antisocial PD has also been 
included as an observed indicator in a highly heritable external­
izing factor50,103. Relatedly, Kendler et al66 reported evidence for 
a genetically coherent “Axis I” externalizing factor encompass­
ing antisocial PD as well as CD, alcohol abuse/dependence, and 
drug abuse/dependence. These authors also found a genetically 
coherent “Axis II” externalizing factor encompassing dependent, 
histrionic, narcissistic, obsessive-compulsive, paranoid and bor­
derline PDs, along with eating disorders.

The DSM-5 includes an alternative dimensional model of PDs 
as opposed to the criteria of the categorical diagnostic model. 
Most relevant to externalizing are the higher-order domains 
of antagonism and disinhibition, which are moderately herit­
able107,108. In a joint exploratory factor analysis including the 
DSM-5 alternative trait model domains, PD symptoms and nor­
mal personality domains, three genetic factors emerged: a PD/
neuroticism factor, an antagonism/antisocial factor, and a factor 
reflecting schizoid/detachment109.

Twin/family studies compellingly demonstrate that SUDs are 
genetically influenced, with ~50% of the variance in alcohol use 
disorders110, 50-60% in problematic cannabis use111, ~40-80% 
in cocaine use disorders105,112,113, 20-50% in opioid depend­
ence105,112, and ~60% in nicotine dependence114 being due to 
genetic influences. Critically, twin studies indicate that genetic 
influences are largely shared across SUDs115. Further, related 
psychiatric and behavioral manifestations, such as childhood 
conduct problems, adult antisocial behavior, behavioral under­
control and impulsivity116, also load on this shared genetic factor, 
which is highly heritable (~80%)50,54. A general liability towards 
externalizing explains the majority of genetic influences for alco­
hol and other SUDs, including 74-80% of the genetic influences 
on alcohol use disorders and 62-74% of those on other SUDs; it 
also accounts for 33-37% of the genetic influences on nicotine 
dependence.

Molecular genetic evidence

Molecular genetic research also supports an appreciable con­
tribution of genes to individual disorders and traits within the 
externalizing superspectrum.

Candidate gene studies of ADHD have provided some sug­
gestive evidence of association for genes within the dopamine 
and serotonin neurotransmitter systems, including the dopa­
mine transporter and D4 and D5 receptor genes (DAT1, DRD4 
and DRD5), the serotonin transporter and receptor 1 genes 
(5HTT and HTR1B), and the synaptosomal-associated protein 
25 gene (SNAP-25)117.

Genome-wide association studies (GWAS) of various child­
hood disorders, such as ADHD118, CD119, and ODD or CD within 
the context of ADHD120, have found evidence for several genome-

wide significant associations and polygenic influences, each with 
a small effect size, that contribute to the risk for these disorders. 
In addition, moderate genetic correlations have been found be­
tween ADHD and other disorders, such as depression and ano­
rexia nervosa; related traits, such as neuroticism and subjective 
well-being (negative); and important life outcomes, including 
ever having smoked, the number of cigarettes smoked per day, 
and intelligence and educational attainment (both negative)120.

Interestingly, ADHD was not genetically correlated with anti­
social behavior in another study, likely due to the relatively small 
sample size and the heterogeneity of measures of antisocial be­
havior121. In contrast, ODD or CD in the context of ADHD was 
highly genetically correlated with aggression and antisocial be­
havior, and its polygenic risk score was more predictive of cogni­
tive functioning, educational outcomes, and having children at a 
younger age than that for ADHD without ODD or CD120. None­
theless, the maximum variance explained by the polygenic risk 
score in these outcomes was quite low (0.36%).

In adolescent and adult samples, GWAS of externalizing PDs 
are still in their infancy, with only borderline and antisocial PDs 
being investigated to date, using relatively small samples. One 
molecular genetic study indicated that borderline PD is herit­
able122, but did not test for its genetic association with any other 
form of externalizing psychopathology. Current GWAS evidence 
indicates that antisocial behavior is heritable and significantly 
genetically correlated with CD and neuroticism, but not with 
schizophrenia, bipolar disorder or ADHD121. Furthermore, a 
study found high genetic correlations of antisocial behavior with 
lifetime cannabis use and cigarette smoking, but not with alco­
hol consumption123, while another study did not find an associa­
tion between polygenic risk scores for antisocial PD and either 
tobacco or alcohol use124. A GWAS of antisocial PD125 reported 
the most associated gene (ABCB1) to be one involved in immune 
function and associated with various forms of substance abuse. 
These studies have also found that many common genetic vari­
ants, each with a small effect size, contribute to risk for antisocial 
behavior. Finally, a large GWAS of normal personality traits did 
not find that agreeableness has genetic correlations with any ex­
ternalizing disorders or other forms of psychopathology126.

The majority of GWAS on substance use have focused on 
alcohol-related phenotypes, including alcohol dependence127, 
alcohol use disorder128, number of alcoholic drinks per week129, 
and maximum alcohol intake. Studies of these phenotypes have 
employed moderately to extremely large sample sizes, thus being 
well-powered. One finding which robustly emerged from these 
GWAS is that genetic influences on alcohol consumption are only 
moderately correlated with those on alcohol use disorders130. 
Cannabis related GWAS are beginning to reach adequate pow­
er131-133, but still require even larger samples. GWAS on cocaine 
dependence134,135 and opioid dependence136-138 are currently 
underpowered. It is important to note that, even in large cohorts, 
polygenic risk scores continue to predict only small proportions 
of the variance in independent samples (e.g., the polygenic risk 
score from a GWAS involving ~1 million participants explained 
only about 2.5% of the variance in alcohol consumption).
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Newer multivariate methods such as genomic structural equa­
tion modeling (genomic SEM)139,140 can be used to model the 
underlying factor structure of genetic correlations from a set of 
phenotypes of interest using GWAS summary statistics. These 
methods enable researchers to move beyond a single disorder 
or behavior in gene identification efforts, and instead focus on 
identifying genes contributing to the underlying latent factor(s). 
Genomic SEM is currently being applied in the international Ex­
ternalizing Consortium, which analyzed genome-wide data on 
seven phenotypes related to the externalizing superspectrum 
from ~1.5 million people and identified nearly 600 significant 
genetic loci associated with a general liability to externalizing141. 
A polygenic risk score derived from this dataset predicted up to 
10% of the variance in general externalizing scores in independ­
ent samples, and emerged as significant in both within-sibling 
and between-sibling comparisons. These analyses suggest that 
focusing gene identification efforts on general externalizing li­
ability, rather than on individual externalizing disorders/be­
haviors, is a fruitful approach to advancing knowledge of genes 
contributing to this psychopathological domain.

Environmental risk factors

Decades of observational research have identified a wide 
range of environmental risk factors for externalizing problems, 
spanning a variety of social domains. Meta-analyses document 
that abuse, neglect, hostile parenting, neighborhood violence, 
and affiliation with deviant peers all exhibit significant associa­
tions with diverse externalizing phenomena142-144. Longitudinal 
research in the community confirms that these effects can en­
dure through adolescence and beyond145.

Effects of toxic environments are not only robust, but also dif­
fuse. That is, prominent etiological events appear to engender 
risk for a variety of externalizing mental health conditions and 
maladaptive personality traits146. Indeed, there are essentially no 
known unique environmental risk factors for any substance use 
or behavioral disorder.

This observation prompted research on how environmental 
pathogens relate to composites of externalizing phenotypes. In 
an epidemiologic sample, various forms of childhood maltreat­
ment predicted individual differences on a latent externalizing 
dimension constructed from substance use and antisocial be­
havior disorders147. This effect was replicated in a number of 
cohort studies148,149. Across studies, the severity of social stress 
predicted variation in the broad externalizing factor, but not 
unique components of the specific observed externalizing con­
ditions. This pattern is evident in research on other risk factors 
that focus on externalizing outcomes which transcend tradi­
tional disorder boundaries. Peer victimization, discrimination 
experiences, and other chronically stressful conditions such as 
romantic conflict and unemployment, all predicted standing 
on a latent externalizing spectrum in separate community sam­
ples150,151.

The connection between externalizing problems and envi­

ronmental stressors over time is almost certainly bidirectional. 
Research in community samples shows that variation in a latent 
externalizing factor predicts future rates of both acute life events 
(e.g., arrest) and ongoing strains (e.g., marital discord)152,153. 
These stressful conditions, in turn, presumably set the stage for 
continued externalizing behavior. This type of person-environ­
ment fit implies a vicious cycle of stress exposure and worsening 
externalizing problems, akin to the transactional peer selection 
and socialization effects on externalizing risk in adolescence145.

As a whole, longitudinal research has revealed strong connec­
tions between a wide range of environmental exposures and the 
externalizing superspectrum. Much less is known about whether 
certain environments predispose selectively to disinhibited vs. an­
tagonistic spectra (or any other more homogeneous components) 
within the superspectrum. The available data at this time suggest 
that environmental risk is largely non-specific. More research us­
ing genetically informative designs is needed to verify the etio­
logic roles of putative environmental risk factors by controlling 
for passive gene-environment correlation (e.g., parents creating a 
home environment that is influenced by their heritable character­
istics)154.

Cognitive and emotional processing abnormalities

Generally speaking, the externalizing superspectrum model 
helps to organize the literature on cognitive deficits, as reflected 
in Figure 1. In particular, there is overwhelming evidence that 
cognitive impairment is prominent in disinhibited forms of ex­
ternalizing.

Evidence of impaired executive functioning is most sub­
stantial for antisocial PD155-159 and CD160,161, followed by disin­
hibitory traits162-166. Additionally, deficits in sustained attention, 
inhibitory control, and sluggish cognitive tempo are associated 
with ADHD162,167-172. There is evidence of cognitive deficits in 
children with ODD, albeit less abundant173,174, which might 
be partly explained by high comorbidity with both ADHD and 
CD175,176. There is even less evidence of cognitive deficits related 
to intermittent explosive disorder, which is mostly characterized 
by impairments in social cognition and emotion regulation177-180. 
Impairments in executive functions are extensively reported in 
individuals with drug and alcohol dependence181-188.

Under the antagonistic externalizing spectrum, the evidence 
of cognitive deficits is strong for borderline PD189,190, whereas 
findings concerning narcissistic, histrionic and paranoid PDs 
are mostly derived from symptom, descriptive and trait check­
lists191,192.

Antisocial traits are linked with deficits in the ability to regu­
late emotions and diminished responsiveness to distress in 
others193-196. ODD is associated with deficits in empathy, and im­
paired emotion regulation has been reported in both ODD and 
intermittent explosive disorder180,197,198. There is evidence for 
emotion dysregulation impairments also in substance depend­
ent individuals199-201.

Impaired facial affect recognition and emotional regulation 
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deficits are observed in individuals with borderline PD202,203. 
The evidence concerning narcissistic and paranoid PDs (respec­
tively, difficulties in emotional empathy and regulation204, and 
hypervigilance and stress reactivity205) has come from symptom, 
descriptive and trait checklists, rather than behavioral task per­
formance.

Neurophysiological indicators

The best-established neurophysiological indicator of broad 
externalizing is reduced amplitude of the visual P300 (P3) event-
related potential (ERP)206, a positive-going ERP that occurs in re­
lation to rare or otherwise salient visual events within an ongoing 
stimulus series.

Originally thought to be indicative of proneness to alcohol 
problems207, subsequent research showed reduced P3 to be relat­
ed to various other externalizing conditions as well208. Ultimate­
ly, it became clear that P3 operates as an indicator of the highly 
heritable liability for externalizing problems in general209,210. Like 
broad externalizing, P3 amplitude is appreciably heritable, and its 
association with this superspectrum factor reflects additive ge­
netic influences in common between the two211,212.

Other evidence points to a genetically-based association be­
tween broad externalizing and performance on executive control 
tasks213, and overlap is evident in the relations of P3 amplitude 
and executive task performance with broad externalizing166,214. 
The implication is that reduced P3 reflects a weakness in cognitive 
control capacity that is associated with heritable risk for external­
izing problems in general215,216, highlighting P3 as a marker of the 
broad externalizing factor at the superspectrum level of HiTOP.

Another less well-established candidate indicator of broad 
externalizing is reduced amplitude of the error-related negativ­
ity (ERN), a negative-going ERP that is evident following errors in 
a speeded reaction time task, and is theorized to reflect perfor­
mance monitoring and error detection processes. Reduced ERN 
was initially reported for individuals high in impulsive traits217,218, 
and later for individuals high in broad externalizing219. Further 
research is needed, though, to evaluate the specificity of the re­
lationship of reduced ERN to broad externalizing, and the neural 
systems basis of this relationship. In addition, research is needed 
on the etiologic basis of the association between ERN and exter­
nalizing problems, given the limited work of this kind to date220.

Studies that have specifically assessed antagonistic external­
izing tendencies along with broad externalizing have shown 
reduced P3 and ERN in relation to the latter, but not to antag­
onism-specific variance221,222. By contrast, high antagonistic 
externalizing is reliably associated with reduced brain reactivity 
to fearful face stimuli. Multiple studies have reported reduced 
amygdala activation to fearful faces in children/adolescents 
exhibiting antagonistic externalizing tendencies (sometimes 
termed “callous unemotionality”)223,224 along with conduct prob­
lems, compared to children lacking in antagonistic externalizing. 
Importantly, this effect has been found to be specific to antag­
onistic externalizing (callous-unemotionality) by contrasting 

groups of children matched for externalizing problems but dif­
fering in levels of callous-unemotionality210. Consistent with this, 
two studies225,226 reported reduced early-ERP responses to fear­
ful faces in adults scoring high on a measure of antagonistic ex­
ternalizing (termed “callousness”); broad externalizing was also 
assessed in these studies, and effects were shown to be attribut­
able to callousness-specific variance. This impaired responsive­
ness to fearful faces may reflect general emotional insensitivity 
among those high on antagonistic externalizing, or perhaps a 
more specific deficit in the capacity for empathy or affiliative ca­
pacity among these individuals227.

Interpretation of the research literature on neurophysiological 
indicators of problems situated specifically within the disinhibit­
ed externalizing spectrum of HiTOP – in particular, substance use 
problems – is hampered by a failure to differentiate between spe­
cific factors versus broad externalizing liability228, neglect of the 
distinction between liability indicators and symptom or “scar” 
indicators229, and the substance-specific nature of particular in­
dicators230. For example, while there is considerable evidence for 
a distinct role of reward system dysfunction in substance addic­
tions, it remains unclear at this time whether addiction prone­
ness entails heightened or diminished sensitivity to naturally 
occurring rewards231-233, due to limitations of existing research. 
To address these limitations, longitudinal studies are needed that 
differentiate between neural measures of premorbid liability to 
externalizing problems in general, as opposed to measures indic­
ative of addiction liability more specifically, or active symptoms 
or persisting consequences of substance addiction229.

Neuroimaging

As with other psychiatric domains, the neuroimaging litera­
ture on externalizing has been dominated by case-control stud­
ies of individual disorders, but these are now complemented by 
growing research taking the transdiagnostic dimensional ap­
proach. This work is identifying alterations in a number of cir­
cuits involved in social-emotional processing, aversive learning, 
emotional regulation, and cognitive control, with varying levels 
of specificity between antagonism and disinhibition domains, as 
well as narrower lower-order constructs that contribute to these 
domains. We highlight some of the key circuits as a demonstra­
tion of the compatibility of neuroimaging data with the HiTOP 
model of externalizing.

Among the most frequent findings is the observation of re­
duced amygdala volume, which has been seen in case-control 
studies or disorder-specific symptom measures of psychopathy 
and antisocial personality234, conduct and oppositional prob­
lems174, borderline personality235,236, aggression and violence237, 
risk for substance use problems238,239, and ADHD240. While 
amygdala volume reductions correlate with broad measures of 
externalizing traits241,242, they appear most pronounced for cal­
lous-unemotional and antagonistic traits174,243 as opposed to dis­
inhibition features.

Given the importance of the amygdala in social-emotional 
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processing, emotional responses to aversive stimuli, and aversive 
learning244, such findings fit with psychological and psychophys­
iological models emphasizing social-emotional and fear learning 
deficits as core features in the etiology of antagonistic spectrum 
problems245-247. This having been said, reduced amygdala vol­
ume has also been reported for other diagnostic constructs (e.g., 
post-traumatic stress disorder)245-247, such that the specificity of 
this association would benefit from further study.

Reductions in amygdala volume are paralleled by changes in 
task-related activity in disorders with high antagonism character­
istics, as repeatedly demonstrated in functional magnetic reso­
nance studies of individuals with antisocial-psychopathic and 
borderline personality traits248,249. Again, the associations appear 
to most robustly reflect antagonism/callous-unemotionality rath­
er than disinhibition. For instance, lower task-relevant activations 
are seen in the bilateral amygdala among individuals with ODD/
CD as compared to ADHD in a number of tasks174, and studies 
using dimensional measures of symptom severity have repeated­
ly observed reductions in the amygdala response to social-emo­
tional stimuli in relation to callous-unemotional traits210,223,250.

The amygdala is just one part of a limbic/paralimbic network 
that has been implicated in different aspects of externalizing251,252. 
Neuroimaging studies of psychopathy especially emphasize the 
orbitofrontal/ventromedial prefrontal cortical (OFC/VMPFC) re­
gion253, that shares strong structural and functional connectivity 
with the amygdala254. Such an involvement is consistent with the 
key role of this region in social cognition, including empathy and 
moral reasoning255,256, and has helped form the basis of one of 
the most prominent neural models of psychopathy253. Critically, 
portions of this region have long been associated with the abil­
ity to inhibit behavior, with lesions often causing both antisocial 
behavior and problems with impulsivity and disinhibition257. It 
is thus notable that phenotypic associations with structural and 
functional features in these circuits extend beyond antagonism 
or callous-unemotional traits. Both human and animal models 
demonstrate the importance of the OFC/VMPFC region to both 
substance use history and the risk for developing substance 
use258-260 as well as behavioral addictions261.

Despite indications of overlap that point to involvement be­
yond antagonism or disinhibition domains, important differenc­
es emerge between ventromedial and ventrolateral prefrontal 
regions, which appear generally consistent with the core cog­
nitive and emotional functions of these regions. Problems with 
social antagonistic factors are more prominently reflected in 
ventromedial regions, while alterations in ventrolateral regions 
(lateral orbital/inferior frontal) are more related to cognitive con­
trol (including response inhibition) and executive functions262. 
For instance, deficits in cognitive control show significant asso­
ciations with task-related inferior frontal gyrus engagement in 
both substance dependence and ADHD263,264.

The dorsal anterior cingulate cortex has been of particular in­
terest in relation to externalizing due to its role in both attention 
and error monitoring. Alterations in both structure and function 
have been reported for this area in relation to various external­
izing conditions, including ADHD263,265,266, psychopathy and 

violent behavior252, disruptive behavior267, substance depend­
ence260,268,269, and behavioral addictions261. These findings are 
of particular interest given the importance of this region in the 
generation of the ERN219, providing convergent evidence for a 
core role of this area in cognitive control deficits in externalizing 
problems as a whole (i.e., at the superspectrum level of the HiTOP 
system).

In considering the involvement of cortical areas in external­
izing psychopathology, it should be noted that some neural cor­
relates may extend quite broadly, even if particular areas play 
more focal roles in the expression of specific forms of external­
izing. For example, the largest meta-analysis to date of findings 
for ADHD265 reported evidence not only for lower surface area 
in frontal, cingulate and temporal cortical regions, but also low­
er average effect across the whole cortical area, with the severity 
of this overall deficit declining from childhood to adolescence 
and eliminated by adulthood. It will be increasingly important 
to consider how phenotypic expressions of externalizing are re­
lated to, and change with, processes of brain maturation270,271.

The basal ganglia have been a further focus of interest in the 
externalizing literature. In particular, dysfunction in mesolim­
bic and nigrostriatal systems has been repeatedly implicated in 
reward-motivational processes relevant to risk for and develop­
ment of addictions272-274, and also ADHD265,275,276. Differences 
in the functioning of these systems have been linked to altered 
processes of reward valuation, discounting behavior and im­
pulsivity that characterize externalizing problems264,277-279. Even 
with respect to antagonistic behaviors, individual differences in 
the functioning of mesolimbic circuits may dramatically affect 
the manner in which antagonistic actions are expressed – for ex­
ample, in the sort of impulsive-antisocial actions that emerge in 
these conditions.

In one of the few studies to examine neuroimaging activation 
in relation to an externalizing factor, while controlling for scores 
on a general psychopathology factor, fronto-parietal network 
hypoactivation during a working memory task was related to 
increased scores on a “behavioral disturbance” factor, primar­
ily comprising ADHD and CD symptoms280. These findings 
are complemented by recent work reporting relations for the 
same behavioral disturbance factor with enhanced connectivity 
within the fronto-parietal control network, but decreased con­
nectivity within the default mode network281. Other dimensional 
measures of externalizing have similarly been associated with 
network dysfunction in many of the same regions identified in 
the foregoing summary of findings282,283. Consideration of neural 
networks and their features, as opposed to individual brain re­
gions, almost certainly will prove essential to characterizing the 
role of neural systems and processes in externalizing problems.

Other biomarkers

Aberrant patterns of DNA methylation have been linked to ex­
ternalizing psychopathology, including addiction284,285 and anti­
social behaviors286-288. Epigenetic findings also indicate common 
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downstream biological processes in ODD and ADHD, includ­
ing dysregulation of long-term neuronal synaptic plasticity289. 
DNA methylation is thought to represent a molecular pathway 
through which environmental exposures become translated into 
phenotypic variation, conferring increased susceptibility to ex­
ternalizing disorders290,291. Accordingly, one study identified an 
epigenetic risk score to broad (tobacco, cannabis and alcohol) 
substance abuse liability, which mediated the prospective asso­
ciation between prenatal maternal tobacco smoking and adoles­
cent substance use292.

An inflammation-related epigenetic risk score at birth was as­
sociated with higher externalizing problems across childhood 
and adolescence293. Elevated levels of pro-inflammatory mark­
ers (e.g., cytokines, C-reactive protein) in peripheral tissues such 
as blood have also been reported in externalizing psychopathol­
ogy294-296, including ADHD297-299, antisocial PD300, and substance 
abuse300-303, although the overall evidence in this respect is mixed.

Meta-analytic evidence supports lower cortisol levels in pa­
tients with ADHD304. In general, reduced cortisol is also as­
sociated with persistent aggression and other antisocial and 
disinhibited behaviors in children and adults305-307. Moreover, 
blunted cortisol response to stress has been associated with 
relapse in patients with addiction308. Thus, lower cortisol may 
reflect an impairment in the ability to regulate stress responses 
that underpins chronic externalizing psychopathology, as well as 
other forms of psychopathology more broadly309.

Low platelet monoamine oxidase B (MAO-B) enzyme activity, 
which is a proxy of low central serotonergic functions, has been 
consistently shown to correlate with impulsive, aggressive and 
antisocial personality traits and behaviors, including ADHD304, 
alcohol-related problems, and smoking310. The role of MAO-B 
in externalizing disorders is thought to be independent of the 
effects of tobacco smoking on the enzyme311. Moreover, there is 
evidence for low cerebrospinal fluid serotonin metabolite 5-hy­
droxyindoleacetic acid (5-HIAA) levels characterizing alcohol 
abuse and antisocial behavior, including disinhibited forms of 
aggression312,313, although this effect remains debated314. Thus, 
serotonin hypofunction may be a shared biological mechanism 
underlying disinhibited and antagonistic psychopathology.

Overall, research evidence suggests that conditions within 
the disinhibited and antagonistic externalizing spectra share 
common biological signatures. However, conclusions have been 
constrained by methodological limitations of the existing stud­
ies, including small sample sizes, focus on a single disorder, and 
paucity of longitudinal designs, which are particularly relevant 
for disentangling biological markers of risk vs. consequences of 
substance use and/or medication.

Temperamental antecedents

Continuity in the traits that underlie the externalizing super­
spectrum, beginning in early childhood through adolescence and 
adulthood, has been documented by research74,315-319.

For example, disinhibition is captured by low effortful control 

in early childhood315,316, which has been shown to be a robust pre­
dictor of subsequent externalizing behaviors320,321. This literature is 
paralleled by evidence that low agreeableness and conscientious­
ness (captured together in low effortful control) together predict 
externalizing behaviors later in childhood and adolescence315,320. 
Negative affectivity has also been found to consistently predict 
externalizing320,321, but with low specificity, as it tends to act as a 
broadband risk for subsequent psychopathology31,322.

A similar pattern of low effortful control and high negative 
affectivity has been found to prospectively predict antisocial 
behavior indicators, including CD, ADHD, ODD and antisocial 
PD13,321,323-327. By contrast, limited evidence exists for intermit­
tent explosive disorder328. A large prospective study (N=4,983) in 
Australia found that high negative affectivity, low effortful con­
trol, and high surgency (extraversion) at age 4-5 each uniquely 
predicted the development of ADHD and CD symptoms to age 
12-13329. Similarly, a study of two birth cohorts from Norway 
(N=797) found that high negative affectivity and high surgency 
predicted increases in ODD symptoms from age 4 to 6326. Al­
though not included in traditional models of temperament, cal­
lous-unemotional traits in childhood and adolescence (i.e., low 
empathy, lack of remorse, and insensitivity to distress of others) 
also robustly and prospectively predict risk for severe antisocial 
and related behaviors224,330.

There is little evidence regarding the childhood antecedents 
of adult PDs included in the antagonistic spectrum of the HiTOP 
model (e.g., histrionic, narcissistic and paranoid PD)317, while 
some research has found that negative affectivity316,331 and low 
effortful control331,332 predict borderline PD, mirroring the find­
ings for other externalizing disorders. Finally, SUDs, reflecting 
disinhibited externalizing in the HiTOP model, are consistently 
related to low effortful control333,334, as well as high negative affec­
tivity334, with some evidence also pointing to an association with  
surgency/extraversion (e.g., for cannabis use)335.

Overall, the combination of negative affectivity with low ef­
fortful control represents a consistent constellation of tempera­
mental traits that acts as an antecedent to the externalizing 
superspectrum. Disinhibited and antagonistic spectra do not 
tend to show differential associations with childhood tempera­
ment, although there is some evidence that callous unemotion­
ality represents an additional risk factor for severe antisocial 
behavior.

Illness course

Several authors have described a trajectory of externalizing 
behaviors that begins with hyperactivity and impulsivity in pre­
school-age children, followed by delinquency in middle school, 
and SUDs and antisocial personality in late adolescence and 
emerging adulthood336-338. This pattern of progression of exter­
nalizing behaviors suggests a shared etiology, and has led to the 
suggestion that the so-called “co-occurrence” among individual 
DSM externalizing disorders is largely artifactual, stemming from 
the split of a unitary construct into multiple diagnoses.
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The validity of the externalizing superspectrum is also support­
ed by the high stability over time of externalizing behaviors339,340, 
from middle childhood through late adolescence340. Olson et al341 
measured externalizing outcomes throughout the school-age pe­
riod and at age 17 using a multi-informant approach. They found 
that children at risk for externalizing problems later in childhood 
and at age 17 were perceived as “difficult” and resistant to control 
as toddlers. Parental perceptions about child behaviors predicted 
externalizing behavior as early as at 13 months and remained 
persistent predictors throughout late adolescence.

Antagonistic and disinhibited spectra have not shown sub­
stantial evidence of differential patterns of developmental trajec­
tories.

Treatment response

Numerous treatments have proven effective for a broad array 
of externalizing disorders in children and adolescents, including 
behavioral/psychosocial342-344, systems- or school-based345-347, 
and psychopharmacological interventions348-351, while only few  
treatments have been successfully used for externalizing in 
adults (for instance, motivational interviewing has long been 
used to treat SUDs, and treatment effects have been found to last 
up to two years, with 75% of participants gaining some type of 
improvement352).

A meta-analysis of 36 randomized, between-subjects com­
parison studies of psychosocial treatment efficacy for external­
izing problems in children less than 8 years of age353 found that 
general externalizing symptoms showed the largest treatment 
response, followed by opposition/non-compliance. Impulsivity/
hyperactivity showed the weakest response (although the effect 
size was still within the “medium” range). These findings suggest 
that a dimensional approach designed to treat specific compo­
nents of externalizing may have greater clinical utility than ap­
plying individual treatments to individual disorders.

In support of a dimensional approach, Epstein et al354 carried 
out a meta-analysis of 28 studies of psychosocial interventions 
for childhood externalizing problems. Using random effect vari­
ances, they found that dimensional externalizing severity scores 
accounted for significant additional variance in predicting treat­
ment outcomes.

Furthermore, there appears to be utility for assessing the full 
range of the externalizing superspectrum in randomized clini­
cal trials designed to treat externalizing psychopathology. For 
example, in the meta-analysis by Battagliese et al355, the authors 
stated that they could not examine effects of cognitive-behavior 
therapy on certain diagnostic subgroups because no studies 
measured ADHD symptoms in children with a diagnosis of ODD 
and only two studies included children affected by CD. Given the 
high rates of diagnostic co-occurrence within the externalizing 
spectrum, assessing and treating the full range of externalizing 
problems for an individual client may be a parsimonious and ef­
fective approach to designing future interventions.

Summary of validity evidence

The validity evidence reviewed herein is summarized in Ta­
ble 2. This table shows a substantial coherence within the disin­
hibited and antagonistic spectra, as well as an overlap between 
them. This supports the validity of a hierarchical conceptualiza­
tion, involving an overarching externalizing superspectrum with 
two distinguishable spectra. As shown in the column “Summary 
of specificity”, most validators (sixteen) are evident for the broad 
externalizing superspectrum, with some (eight) evident for dis­
inhibition and one for antagonism.

Notably, cells that are blank in the table indicate a lack of evi­
dence, not the absence of an effect. These may therefore be fruitful 
areas for future inquiry. Generally speaking, large sample designs 
where all elements of the externalizing superspectrum are well 
characterized, along with multiple validators, can improve infer­
ences by helping to address questions of generality and specificity.

Many validators considered here may not be specific to ex­
ternalizing. For example, pro-inflammatory biomarkers were 
characterized as also related to the psychosis superspectrum of 
HiTOP in our previous paper in this series19. These and other fac­
tors (e.g., childhood adversity) are likely broadly relevant to psy­
chopathology risk, and not specific to externalizing risk.

Generally speaking, these validity findings dovetail well with 
the structural perspective on psychopathology taken in the Hi­
TOP consortium. In contemplating the validity of psychopatho­
logical concepts, it is no longer sufficient to focus on putative 
diagnostic categories in isolation. Rather, broad characterization 
of psychopathological phenomena, along with assessment of 
specific validators in large samples, can deepen our understand­
ing by revealing the interplay between the structural organization 
of psychopathology and multiple putative causes and correlates.

UTILITY EVIDENCE

Reliability

Some of the largest studies on the reliability of the diagnosis 
of mental disorders have come from field trials of the official 
classification systems, the DSM and ICD. Results of the DSM-5 
field trials documented moderate/good reliability for alcohol 
use disorder (test-retest kappa coefficient of 0.40) and question­
able reliability for antisocial PD (kappa=0.21)356. These estimates 
are lower than those observed in field trials of DSM-IV, largely 
due to the fact that “usual clinical interview approaches”356 were 
utilized in the DSM-5 field trials instead of highly structured di­
agnostic interviews as in the DSM-IV field trials357. Nevertheless, 
complementary analysis of DSM-5 cross-cutting dimensional 
measures of externalizing-related constructs (confined to alco­
hol, tobacco and illicit drug use) demonstrated higher reliability 
compared to their categorical counterparts358.

Direct comparisons of continuous and categorical measures 
of psychopathology are rare. In a comprehensive review, Markon 
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et al4 found that continuous measures of psychopathology were 
generally more reliable than discrete measures across all psycho­
pathology domains, and that the overall meta-analytic reliability 
estimate for the externalizing domain was 0.77.

A growing body of research has examined the reliability of 
PDs and personality dimensions that fall within the externalizing 
spectrum. Using the Personality Inventory for DSM-5 (PID-5)359, 
a questionnaire specifically developed to operationalize the 
DSM-5 dimensional trait model for PDs, a high internal reliabil­
ity of the disinhibition (McDonald’s omega = 0.80) and antago­
nism (omega = 0.83) domains was documented360.

In a study of the stability of PID-5 domains over a one-year 
period, the externalizing domains of the PID-5 were relatively 
stable across a one-year period in individuals diagnosed with 
PDs361. In a study examining both personality traits and PDs, 
high levels of stability over a two-week period (referred to as de­
pendability by the authors) were reported in PID-5 domains of 
antagonism (0.86) and disinhibition (0.86)362. In addition, the 
authors provided evidence of clear advantages of dimensional 
over categorical ratings for PDs traditionally linked to the exter­
nalizing domain (e.g., antisocial PD).

Explanatory and prognostic power

Using data from two waves of the National Epidemiologic Sur­
vey on Alcohol and Related Conditions (NESARC) study, a large 
general population longitudinal investigation, Kim and Eaton61 
demonstrated that an externalizing dimension at Wave 1 pre­
dicted Wave 2 mental disorder diagnoses more strongly than in­
dividual diagnoses.

Externalizing dimensions have also outperformed diagnoses 
when explaining variance in suicidality, psychotic-like experiences 
and internalizing-type disorders363. Furthermore, the externalizing 
dimension has been shown to mediate the relations of constructs 
such as childhood maltreatment with diagnosed externalizing-
type mental disorders (e.g., SUDs)147. Similar general vs. disorder-
specific findings are evident when examining constructs such as 
perceived racial discrimination151, stress responsivity59, and trans­
mission of externalizing disorders from parents to offspring.

Collectively, this research points to the superiority of the Hi­
TOP conceptualization of externalizing psychopathology in pre­
dicting a wide range of disorder validators.

Clinical utility

The utility of integrating the HiTOP model into clinical prac­
tice has been recently addressed364. Conway et al44 demonstrat­
ed that the HiTOP structure generalizes well to patterns of 
comorbidity among diagnoses assigned by health practitioners 
in everyday practice. They further demonstrated that categori­
cal diagnoses did not offer additional incremental validity when 
predicting suicidality and self-injury, over and above the identi­
fied HiTOP dimensions.

Research on the clinical utility of dimensional versus categori­
cal conceptualizations of externalizing largely comes from the 
PD field, and draws heavily from studies that examine practition­
er ratings of utility. Using case vignettes as well as data obtained 
from actual patients, these studies evaluate the clinical utility of 
dimensional and categorical frameworks across various dimen­
sions of utility (e.g., ease of use, utility in communicating with 
other health professionals, usefulness in formulating a therapeu­
tic intervention, and usefulness in treatment planning). Recent­
ly, Bornstein and Natoli365 summarized this literature and found 
that dimensional models of PD are rated more positively than 
categorical models with respect to most areas of clinical utility.

MEASUREMENT

The Externalizing Spectrum Inventory (ESI) is one of the most 
well-validated instruments to measure individual facets and 
global levels of the externalizing superspectrum. The ESI was de­
veloped using a bottom-up process to target 23 unidimensional 
facets of externalizing and capture the hierarchical structure of 
broad externalizing (or disinhibition) along with specific factors 
associated with callousness/aggression and substance abuse15.

Independent validation studies have demonstrated that the 
broad factors of the ESI possess concurrent validity against the 
Multidimensional Personality Questionnaire (MPQ)366, meas­
ures of integrity, and a range of DSM-IV symptoms of external­
izing disorders, personality traits, psychopathy, and symptoms of 
substance dependence219,367,368.

Recent efforts have focused on improving the clinical utility 
of the ESI via the development of data-driven brief forms and 
adaptive scales. Patrick et al16 constructed brief forms of the 23 
facets with a total of 160 items (down from 415 items), ranging 
from 3 to 11 items per facet, which maintained high internal 
consistency, replicated the structure of the full ESI, and demon­
strated similar validity in relation to the MPQ. Additional inde­
pendent validation has confirmed the favorable psychometric 
properties of the brief form369. More recently, Sunderland et al370 
have demonstrated the feasibility of computerized adaptive ver­
sions of the ESI, producing similar scores as the full ESI with ac­
ceptable levels of reliability using very few items tailored to each 
respondent.

Omnibus clinical personality inventories are also available to 
assess the externalizing spectrum. Primary examples include the 
Minnesota Multiphasic Personality Inventory-2-Restructured 
form (MMPI-2-RF)371 and the Personality Assessment Inventory 
(PAI)372. Specifically, the MMPI-2-RF captures behavioral/exter­
nalizing dysfunction at the higher order level, which comprises 
pervasive dysfunction with under-controlled or acting-out be­
haviors, as well as specific facet measurement (juvenile conduct 
problems, substance abuse, aggression, and anger proneness), 
all of which have been shown to directly map onto the same ex­
ternalizing spectrum model as HiTOP and the ESI373-376.

The MMPI-2-RF Personality Psychopathology Five (PSY-5-RF) 
scales also have trait-level measures of higher-order antagonism 
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(aggressiveness) and disinhibition (disconstraint). Furthermore, 
factor analytic research with the PAI scales has typically revealed 
three- or four-factor structures, with factors resembling disinhi­
bition and antagonism usually emerging373.

There are also several personality measures that map onto, 
and therefore operationalize, the externalizing superspectrum 
via dimensional personality traits, including the PID-5359, the 
NEO Personality Inventory 3 (NEO-PI-3)377, and the Compre­
hensive Assessment of Traits Relevant to Personality Disorder 
(CAT-PD)378. The PID-5 explicitly measures the antagonism and 
disinhibition trait domains that emerge from a broader external­
izing superspectrum379. Similarly, a conjoint analysis of several 
dimensional personality trait inventories – the PID-5, CAT-PD 
and NEO-PI-3 – has provided evidence of a five-factor solution 
that bore strong resemblance to the HiTOP model and included 
factors for antagonism and disinhibition that converged onto a 
single externalizing dimension in hierarchical analysis83.

In child and adolescent populations, a number of measures 
have been used extensively to assess externalizing and disinhib­
ited behaviors, such as the Child Behavior Checklist (CBCL)380, 
the Strengths and Difficulties Questionnaire (SDQ)381, and the 
Diagnostic Interview Schedule for Children (DISC)382, with fac­
tor analysis consistently identifying strong coherence between 
these measures and the broader HiTOP structure383-385.

Finally, there are numerous scales designed to measure spe­
cific facets of externalizing and disinhibited behavior, such as 
substance use, impulsiveness, and aggression386-388.

IMPLICATIONS

The HiTOP approach aims to advance our understanding of 
the natural organization of externalizing psychopathology in at 
least three major ways.

First, externalizing psychopathology encompasses two spec­
tra, disinhibition and antagonism. These spectra show both 
similarities and differences, consistent with the fundamentally 
clarifying idea of disinhibitory and antagonistic aspects of a 
broader and more general externalizing superspectrum. Nev­
ertheless, to characterize a patient fully, a profile across major 
psychopathology spectra needs to be considered, as detailed in 
previous HiTOP publications1,19,364.

Second, the HiTOP approach underscores a growing con­
sensus that clinically significant externalizing problems lie on a 
continuum with normative functioning and maladaptive traits. 
Developmentally earlier expressions of disinhibitory and an­
tagonistic traits often precede the onset of serious sequalae (e.g., 
behaviors that are grounds for arrest). In this way, the HiTOP ap­
proach melds dimensional and developmental perspectives on 
psychopathology, as parts of a more integrated approach to un­
derstanding both development and broad population-level vari­
ation in socially consequential externalizing tendencies.

Third, the HiTOP approach addresses heterogeneity within 
externalizing problems by explicating specific trait and symptom 
dimensions that constitute broader spectra. Figure 1 provides an 

evidence-based guide to constituent narrow-band elements of 
externalizing. Nevertheless, continued research on the nature of 
specific sub-elements of externalizing psychopathology would 
be welcome, as the field pivots toward basing nosology on evi­
dence, as opposed to diagnosis by tradition and putative author­
ity15,374.

FUTURE DIRECTIONS

The proposed HiTOP model of the externalizing superspec­
trum is based on extensive evidence. Nevertheless, intriguing 
possibilities exist to explore the discrete vs. continuous nature 
of psychopathology based on data. The HiTOP model is meant 
to include all empirical psychopathological entities, whether 
dimensional or categorical in nature. Only dimensions have 
been established empirically to date. Setting aside the complex 
political issues implied by this situation (e.g., the way authorita­
tive nosologies tend to recognize committee-derived categories 
as opposed to empirically-derived dimensions), quantitative 
techniques can adjudicate between more continuous and more 
discrete accounts of the structure of psychopathology. Further re­
search along these lines can help to continue to place psychiatric 
nosology on firmer empirical footing3,19.

Systematic research can also provide a means for linking psy­
chopathological variation with intervention implications in a 
principled manner. Rather than imposing arbitrary diagnostic 
thresholds, diagnostic algorithms can link clinical presentations 
with optimal intervention strategies. Practically speaking, clinical 
decisions rarely focus on “to treat or not to treat”. Rather, an ordi­
nal set of interventions varying in intensity is typically deployed 
in response to a corresponding level of clinical need. For exam­
ple, externalizing problems frequently present as SUDs, because 
substance dependence creates an acute clinical need. Substance 
use intervention can range from medically responsible outpa­
tient detoxification, to partial hospitalization, to inpatient servic­
es. This rough ordinal scale of intervention is typically tethered 
to clinical need (e.g., medical complications may require close 
observation to resolve, and a corresponding inpatient stay). Ul­
timately, these sorts of treatment options can be tethered to in­
tensity of presentation in a principled way, relying on the types of 
evidence reviewed herein.

CONCLUSIONS

The HiTOP approach to clinical diagnosis provides an empiri­
cally based and hierarchical conceptualization of externalizing 
disorders that was derived from evidence. The validity evidence 
reviewed herein is extensive, and the utility of the approach was 
also reviewed and is readily apparent. Assessment instruments 
for externalizing constructs already exist, and the HiTOP approach 
can therefore be readily implemented.

Further research will be beneficial, but the HiTOP model is 
ready for use by scientists and clinicians interested in basing 
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their approaches on evidence as opposed to putative authority. 
The HiTOP approach addresses problems of heterogeneity, co­
morbidity and low reliability, thereby providing valid and reliable 
descriptions of patients to drive both discovery and intervention.

APPENDIX

Members of HiTOP Utility Workgroup include, in addition to the authors of this  
paper, Kamran Afzali, Marina A. Bornovalova, Natacha Carragher, David C. 
Cicero, Anna R. Docherty, Michael B. First, Eiko I. Fried, Michael N. Hallquist, 
Katherine Jonas, Kristian E. Markon, Les C. Morey, Stephanie N. Mullins-
Sweatt, Kristin Naragon-Gainey, Brady Nelson, Thomas M. Olino, Praveetha 
Patalay, Aaron L. Pincus, Craig Rodriguez-Seijas, Lauren A. Rutter, Giovanni A. 
Salum, Alexander J. Shackman, Andrew E. Skodol, Kathryn Tabb, Nicholas Wag­
ner, Ashley L. Watts, Amanda A. Uliaszek, Johannes Zimmermann and Richard 
E. Zinbarg.
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Racism and mental health

The COVID-19 pandemic, with its striking inequities in mor-
tality rates between Whites and stigmatized racial/ethnic groups 
in the US and UK, and the recent global protests about police vi-
olence have raised questions about and increased interest in the 
potential impacts of racism on health and particularly on mental 
health.

Racism is an organized societal system in which the dominant 
White group categorizes individuals into “races” and devalues, 
disempowers, and differentially allocates resources to ethnic 
groups considered to be inferior1. The ideology of inferiority per-
meates societal systems and institutions ensuring that racism is 
not limited to individual beliefs and behaviors1. Racism operates 
through institutional, interpersonal and cultural pathways. Here 
we provide a brief overview of these levels of racism and how 
they can adversely affect mental health.

Institutional or structural racism can be defined as racial dis-
crimination that is embedded in institutional structures and poli
cies1. Examples of institutional racism include residential segre-
gation, racialized immigration policy, and racialized incarcera-
tion. For example, in the US, residential segregation, the physical 
separation of races by enforced residence in particular places, is 
a central determinant of racial inequities in health. Residing in 
areas with concentrated poverty and social disadvantage can ad-
versely affect mental health by leading to high levels of exposure 
to stressors (psychosocial, physical and chemical) and reduced 
access to opportunities and resources, including schooling, em-
ployment, and health services. Empirical analyses reveal that 
eliminating residential segregation in the US would erase racial 
differences in income, education and unemployment, and reduce  
racial differences in single motherhood by two thirds1.

Immigration policies often reproduce ideologies of belonging 
and othering that are patterned by race/ethnicity and can ad-
versely affect racialized immigrant groups. Research documents 
that exclusionary immigration policies with restrictions on rights 
and aggressive anti-immigrant policy enforcement have negative 
effects on mental health2.

Racialized incarceration also has mental health consequenc-
es. The US have the largest incarcerated population globally, with 
an overrepresentation of Blacks and Latinos3. This has facilitated 
a historic shift from mental illness being treated in hospitals to 
being treated in carceral systems, which has led to jails and pris-
ons in the US becoming the largest providers of mental health 
care. A national study in the US found that prior arrest history 
was associated with the prevalence of major depressive disorder 
among African Americans and Caribbean Blacks4. In addition, 
other US research reveals that aggressive policing, such as the 
killing of unarmed African Americans, leads to declining mental 
health for the entire Black population in the state in which the 
incident occurs1.

Self-reported interpersonal discrimination is the most stud-
ied domain of racism in the mental health literature. A review of 
literature reviews and meta-analyses published between 2013 

and 2019 on discrimination and health identified eight reviews 
focused on mental health5. Although most studies came from 
the US, there were studies from some 20 countries. This body of 
research indicates that discrimination was positively associated 
with increased risk of major mental disorders and inversely re-
lated to positive mental health outcomes such as life satisfaction 
and self-esteem. The accumulation of experiences of discrimi-
nation over time was associated with increasing risk of mental 
health problems. Exposure to discrimination was also associated 
with adverse changes in personality over time, such as increases 
in neuroticism.

Although the majority of studies have been cross-sectional, 
a growing number of prospective studies link discrimination to 
mental health risk. Some studies have also documented that the 
association between discrimination and mental health is robust 
to adjustment for potential psychological confounders such as 
neuroticism6. In addition, racial discrimination is also linked to 
worse mental health and increase in risky behavior for children 
and adolescents7. In addition to direct exposure to racial dis-
crimination, vicarious exposure, through parental or caregiver 
experiences of discrimination, is also associated with worse 
mental health outcomes8.

Cultural racism refers to the racist ideologies that are present in 
the media, stereotypes, and norms of society that undergird insti-
tutional and interpersonal racism1. It can affect mental health in 
multiple ways. First, cultural racism can initiate and sustain poli-
cies that create conditions which are harmful to mental health, 
such as housing decisions to maintain residential segregation 
which facilitates increased exposure to traumatic experiences and 
a broad range of physical and social stressors. Second, some mem-
bers of stigmatized racial groups internalize the negative racial 
stereotypes of the culture, which in turn can lead to increased psy-
chological distress and substance use. Third, cultural racism can 
also trigger stereotype threat – expectations and anxieties activat-
ed by a stigmatized group when negative stereotypes about their 
group are made salient. Research reveals that stereotype threat  
can lead to increased anxiety, reduced self-regulation, and im-
paired decision making, which can also affect patient-provider 
communication and adherence to medical advice1.

Furthermore, cultural racism can lead to individual-level un-
conscious bias in clinicians that can trigger discrimination ad-
versely affecting the quality of clinical care. For example, research 
has documented racial differences in the application of psychiat-
ric diagnostic criteria, so that Latinos are diagnosed with anxiety 
disorders more frequently than White people reporting the same 
symptoms4. Similarly, clinicians exposed to the same symptoms 
are more likely to diagnose African Americans with psychotic dis-
orders than mood disorders compared to Whites4.

Future research is needed to better understand the intersec-
tion of racial discrimination with other forms of group discrimi-
nation (e.g., gender-related) and identify how multiple forms of 
discrimination may impact mental health. Emerging evidence 
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indicates that multiple forms of discrimination, such as racism 
and heterosexism, are associated with increased risk of mental 
health problems9. Additionally, our current understanding is lim-
ited about the potential intergenerational impacts of racism and 
their related epigenetic effects, with emerging evidence suggest-
ing that these processes are likely to be operative1.

Research on racism and mental health, to date, has focused 
more on documenting that racism matters than on identifying 
interventions to minimize the adverse effects of exposure to rac-
ism and reduce the occurrence of racism in the first place. Some 
evidence suggests that psychosocial resources such as social ties 
and religious involvement can reduce some of the negative ef-
fects of discrimination on mental health6. However, effectively 
addressing the multifactorial impacts of racism on mental health 
will require multilevel societal interventions that seek to build ra-
cial equity into homes, schools, neighborhoods and workplaces 
to minimize current racial economic gaps and improve socioec-
onomic and living conditions for the disadvantaged.

Interventions around resiliency and cultural/structural com-
petency in the medical field have shown some promise, but more 
concerted attention is needed to address the multiple and in-
terconnected systems through which racism operates1,3. Di-
versifying the mental health workforce in terms of including 

underrepresented racial/ethnic groups and professional expe-
rience (e.g., medicine, social work, religion) is also a necessary 
step towards addressing inequities in mental health care3. Com-
prehensive, coordinated, strategic initiatives are needed both 
within and outside of psychiatry and medicine to better under-
stand, prevent and effectively intervene on the effects of racism 
on mental health.
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The epidemic of fentanyl misuse and overdoses: challenges and 
strategies

Fentanyl, a synthetic opioid with analgesic and anesthetic 
properties, is currently associated with one of the deadliest ad-
diction crises in the US. Misuse of fentanyl (and fentanyl ana-
logues) has been estimated to be responsible for 48,000 (out of a 
total of 83,335) overdose deaths in the 12 months ending in June 
20201, a rate that has increased more than 29 fold since 2012, 
when the annual fatalities from fentanyl and its analogues were 
1,615.

The cases of overdoses and deaths in the US are linked to il-
legally manufactured fentanyl, which rapidly penetrated the US 
illicit market since 2013. Though not as pervasively as in the US, 
increases in overdose deaths due to illicit fentanyl and its ana-
logues have also occurred in Canada, in several European coun-
tries (including Estonia, Germany, Finland and the UK) and in 
Australia2.

Fentanyl is relatively easy to synthesize and manufacture, and 
less difficult to traffic than heroin, since it requires much smaller 
volumes to transport across borders. It is, therefore, hugely prof-
itable to drug dealers (50-100 times more than heroin), which 
can be expected to result in an expansion of the illicit fentanyl 
market across the globe.

The majority of opioid-related overdose deaths in the US are 
the result of fentanyl being ingested as a substitute for heroin 
or with drugs such as cocaine and methamphetamine that had 
been adulterated (cut) with the opioid, frequently without users 

being aware of this. Fentanyl, when used by itself or in combina-
tion with other drugs, can be taken orally, injected, snorted or 
smoked. Most heroin users do not report actively seeking fenta-
nyl, and some are afraid of it but might have no choice because of 
the higher costs of uncontaminated heroin or its unavailability.

When fentanyl is used to adulterate other drugs (heroin, pre-
scription opioids, psychostimulants), it increases their lethality. 
In the case of psychostimulants, this occurs not only due to the syn-
ergistic effects on the cardiopulmonary system, but also because 
stimulant users, who have no tolerance to opioids, are at very 
high risk of overdosing when ingesting fentanyl.

The unique pharmacological effects of fentanyl have contrib-
uted to its widespread misuse and are also the ones that make it 
a valuable therapeutic for anesthesia and for severe pain man-
agement. Fentanyl binds to mu-opioid receptors (MOR), which 
mediate the analgesic and the rewarding effects of opioid drugs, 
such as morphine and heroin, as well as their respiratory de-
pressing actions3. However, fentanyl is much more potent at ac-
tivating MOR-associated signaling than morphine (80-100 fold) 
or heroin (30-50 fold), and its higher lipophilicity leads to higher 
and faster brain uptake than for those other drugs. These proper-
ties underlie fentanyl’s high potency as an analgesic and its rapid 
actions, which are beneficial for the treatment of breakthrough 
pain or other severe pain conditions. However, they are also re-
sponsible for its powerful rewarding effects, which can rapidly 
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result in physical dependence and in addiction, and for its severe 
and abrupt inhibition of respiration, which increases the risk for 
overdose.

The treatment of fentanyl addiction (fentanyl opioid use disor-
der or fOUD) is the same as for other opioid use disorders (OUD). 
It is based on the use of medications such as methadone (full 
MOR agonist), buprenorphine (partial MOR agonist) and naltrex-
one (MOR antagonist)4. These medications are the gold standard 
for OUD treatment, and multiple studies have shown that they 
prevent overdoses and relapse in patients exposed to fentanyl.

However, clinical cases and anecdotal reports indicate that it 
is much more challenging to treat patients with fOUD than with 
other OUD. There are greater difficulties in initiating buprenor-
phine treatment, resulting from buprenorphine-precipitated 
withdrawal5 and lower rates of abstinence and retention after six 
months of buprenorphine treatment6. The slow clearance of fen-
tanyl as a result of its accumulation in fatty tissues may require 
slower detoxification prior to buprenorphine or naltrexone in-
duction, and the higher rates of tolerance and physical depend-
ence associated with repeated fentanyl use might necessitate 
higher doses of methadone or buprenorphine than for other 
OUDs. Treatment of withdrawal symptoms during fentanyl de-
toxification might be aided, as for other opioids, by the use of the 
alpha-adrenergic drugs lofexidine and clonidine7. Overall, much 
more clinical research is needed to investigate how to optimally 
treat fOUD.

Like other opioids, fentanyl can result in overdoses due to its 
respiratory depressant effects. Signs of overdose include slow ir-
regular breathing, slowing of circulation, sedation, acute respira-
tory distress, seizures, and coma. With repeated opioid exposure, 
individuals develop tolerance to the respiratory depressant effects 
of opioids (tolerance also develops for analgesia and reward), al-
lowing them to tolerate much higher doses than naïve individu-
als8. Because tolerance to opioids decreases with interruption of 
use, whether during voluntary detoxification or incarceration, the 
relapse to opioid use after treatment discontinuation or after re-
lease from jail/prison is particularly dangerous.

Even for those who have developed tolerance to opioids, the 
very high potency of fentanyl, the impossibility of precisely dos-
ing and the frequency with which drugs are mixed in the black 
market contribute to the high overdose risk associated with its 
misuse. As for other opioids, the treatment of fentanyl overdoses 
requires the timely delivery of naloxone (MOR antagonist) either 
via parenteral or intranasal administration3. Naloxone, which 
also has a very high affinity for MOR, displaces fentanyl from the 
receptor, thereby restoring breathing (as well as precipitating an 
acute opioid withdrawal).

Clinical cases and case reports have indicated that overdoses 
from fentanyl frequently require multiple naloxone administra-

tions, due to the shorter duration of the action of naloxone (t
1/2

: 
1.3-2.4 hours) than that of fentanyl (t

1/2
: 7 to 8 hours), prolonged 

further by the slow clearance rates of fentanyl in frequent users. 
Additionally, when fentanyl is injected rapidly, it can result in 
chest wall rigidity, which interferes further with breathing and 
exacerbates the risk of death; these effects are not MOR-medi-
ated and might reflect noradrenergic and cholinergic mecha-
nisms9.

All this generates the need for further development of fentanyl 
overdose treatments, including higher-dose naloxone formula-
tions, autoinjectors that automatically release naloxone with 
an impending overdose, longer-acting opioid antagonists (i.e., 
nalmefene), treatments against chest wall rigidity, and medica-
tions to stimulate respiration and oxygenation to help overdoses 
from the combination of opioids with alcohol, benzodiazepines 
or stimulants.

Modeling studies have revealed that the epidemic of opioid 
overdose deaths, including those from fentanyl, can be reversed 
by multi-pronged approaches that expand access to medications 
to treat opioid use disorders and increase retention in medica-
tion treatment, and by widely expanding access to naloxone for 
overdose reversals. It will also require strengthening the educa-
tion of health care professionals in pain management, in safe use 
of opioids, and in how to screen and treat substance use disor-
ders (including OUD).

Allocation of resources to implement these interventions is 
necessary, and timely surveillance systems that can serve as ear-
ly warning signals for the presence of fentanyl or other opioids 
in a community would also be beneficial. In parallel, prevention 
interventions are needed to protect against opioid misuse initia-
tion, recognizing that socioeconomic factors have contributed to 
the opioid crisis and that addressing them is necessary for pre-
venting OUD and other substance use disorders in the long term.
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The need for publicly funded research on therapeutic use of 
psychedelic drugs

A psychedelic drug is one that “produces thought, mood and 
perceptual changes otherwise rarely experienced except in dreams, 
contemplative and religious exaltation, flashes of vivid involuntary 
memory, and acute psychosis”1. It does so “without causing physi-
cal addiction, craving, major physiological disturbances, delirium, 
disorientation or amnesia”1.

The “classic psychedelics” include mescaline, psilocybin, ly-
sergic acid diethylamide (LSD), dimethyltryptamine (DMT), and 
plant-based substances such as ibogaine and ayahuasca. Their 
chemical structures differ, but they all act on the 5-HT2A seroto-
nin receptor1. 3,4-methylenedioxy​methamphetamine (MDMA) 
is also included, although it does not produce the perceptual ef-
fects of the classic psychedelics2.

Over the past two decades, there has been a revival of clinical 
research on the therapeutic use of psilocybin and MDMA2,3. This 
research has been encouraged by the US Food and Drug Adminis-
tration (FDA) because in phase 2 trials these drugs have produced 
substantial benefits, respectively, in patients with treatment-
resistant depression and post-traumatic stress disorder (PTSD)3. 
Funding for psychedelic research has largely been philanthropic, 
because the pharmaceutical industry is not interested in drugs 
that are off patent.

The new psychedelic research that is being done in leading 
universities in the US and Europe includes randomized con-
trolled trials conducted to the standard required for FDA approv-
al3. Psilocybin has been chosen rather than LSD, because it has 
a shorter period of action (4-6 hours vs. 8-12 hours), its pharma-
cology is better understood, it is less likely to produce “bad trips”, 
and it does not carry the cultural baggage of LSD3. Clinical trials 
have also been done on MDMA-assisted psychotherapy in PTSD.

If phase 3 trials confirm the results of phase 1 and 2 studies, 
psilocybin is likely to be approved for treatment-resistant depres-
sion, and for depression and anxiety in patients with terminal 
cancer. MDMA-assisted psychotherapy may also be approved to 
treat PTSD.

A major challenge in conducting randomized placebo-con-
trolled trials of psychedelics is that it is impossible for patients 
and therapists not to be aware of who has been given a psyche-
delic drug4. Recent trials have used an “active placebo”, such as 
methylphenidate or dextroamphetamine, or used low, moderate 
and high doses of the psychedelic drug to see if treatment effects 
are related to dose5.

It has been argued6 that psilocybin has a low abuse potential, 
because it does not produce euphoria in humans or self-admin-
istration in animals, and there are much lower rates of regular 
use of this drug in population surveys than for cannabis, cocaine 
and opioids. Furthermore, users rapidly develop tolerance to its 
effects and so do not persist in using it.

Studerus et al4 reported very few acute, subacute and long-
term effects of psilocybin in 110 participants in laboratory stud-
ies followed up for 8-16 months. This was a select group in that 

persons with a family or personal history of psychiatric disorders 
were excluded and 40% had used a psychedelic drug at least 
once. The short-term adverse effects were minor: fatigue, head-
ache, lack of energy, and difficulty concentrating the day after. 
Eleven individuals reported “negative changes in psychological 
well-being and/or mental functions” after the psilocybin session. 
One reported “persistent emotional instability, anxiety and de-
pressive feelings” that he “attributed to suppressed memories” 
released by the drug. He recovered after receiving psychotherapy.

Psilocybin has been described as a “disruptive” treatment be-
cause a single dose produces an immediate clinical response –  
unlike selective serotonin reuptake inhibitors (SSRIs) that re-
quire two weeks of treatment – and its benefits are sustained for 
six months in a substantial proportion of patients2,3. It also ap-
pears to act by different mechanisms than SSRIs and serotonin 
and norepinephrine reuptake inhibitors (SNRIs)2.

The major limitations of the current evidence for psychedelic 
drugs are interconnected. In the absence of pharmaceutical in-
dustry interest, limited support from philanthropic sources has 
funded the research, restricting trials to relatively small samples 
of patients because of the cost of doing larger studies. The per-
sons who have done the research believe in the therapeutic value 
of psychedelic drugs. This is to be expected, given the history of 
psychedelics and the reputational challenges in conducting clin-
ical research on them.

If psychedelic drugs are introduced in clinical practice, there is 
a risk that their use will get ahead of the evidence on their safety 
and efficacy, in much the same way that “medical cannabis” has 
done7. If psilocybin is approved for treatment-resistant depres-
sion, patients and prescribers are likely to demand its use as a 
first-line treatment for severe depression rather than requiring 
that patients first fail to respond to SSRIs and other antidepres-
sants. It is unclear whether the FDA and other drug regulators 
will require trials of psilocybin as a first-line treatment. There may 
also be demands to use psilocybin off-label to treat anxiety disor-
ders. If MDMA-assisted psychotherapy is approved to treat PTSD, 
there may be demands to use MDMA off-label to treat other anxi-
ety and depressive disorders. If the criteria for who is a qualified 
therapist are relaxed, MDMA may be used to treat unhappiness, 
anxiety and existential angst.

The evidence may be used to argue for compassionate access 
to other psychedelic drugs, such as LSD, mescaline and DMT. It 
is uncertain if the use of psychedelics will remain under medi-
cal supervision for approved disorders, or whether their use 
will be advocated for spiritual and other nonmedical purposes. 
A combination of libertarian and utilitarian arguments may be 
used to justify the legalization of adult use of these drugs for any 
purpose, because they cause little harm to users and have a low 
abuse potential8.

There may also be demands for compassionate access to plant-
based psychedelic drugs in advance of any research evidence. US 
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states may pass citizen-initiated referenda to legalize the medi-
cal use of psychedelic mushrooms and plants, such as ibogaine 
and ayahuasca, by appealing to the putative “entourage” effects 
of whole plants and the misconception that medicines derived 
from plants are safer than “synthetic” pharmaceuticals9.

For all these reasons, we need public funding of independent 
evaluations of the efficacy of psychedelic drugs. Trials should in-
volve larger numbers of patients who are representative of those 
clinical disorders for which these drugs may be used, and should 
include longer-term follow-up evaluations of safety and sustain-
ability of favorable outcomes.

Wayne Hall
University of Queensland National Centre for Youth Substance Use Research, Brisbane, 
QLD, Australia
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Rationale for and usefulness of the inclusion of gaming disorder in 
the ICD-11

Video games are among the most popular consumer elec-
tronic products in the world. They are having a growing mass ap-
peal both as an interactive recreational activity, in which one can 
engage individually or with other players, and as a passive enter-
tainment in the form of viewership of broadcasted gaming events, 
including e-sports and live-streamed games (e.g., twitch.tv). Mod-
ern games offer a diverse range of unique and highly immersive 
experiences. Portable consoles and smart devices have promoted 
the ubiquity of video games by making them easily accessible al-
most anywhere.

Gaming can produce numerous benefits for many players, 
including the fulfilment of psychological needs of social related-
ness, autonomy and competence. However, over the last three 
decades, there has been increasing research interest in the phe-
nomenon of problematic gaming. Survey studies and clinical 
case reports have highlighted that some individuals experience 
difficulties in regulating their engagement in gaming activities 
and play to an excessive degree, resulting in mental and physical 
symptoms as well as functional impairment1,2. A meta-analysis3 
reported that the worldwide prevalence of problematic gaming, 
as defined by standard addiction criteria, can be estimated to be 
1-2%.

Internet gaming disorder was considered as a potential mental 
disorder for the DSM-5, but the decision was for it to be listed only 
as a condition for further study. The DSM-5 criteria were consistent 
with substance use and addictive disorders, including reference 
to loss of control, tolerance, and withdrawal. Gaming disorder is 
now included in the ICD-11 among “disorders due to addictive 
behaviours”. Here we outline the approach taken in the ICD-11.

In the ICD-11, gaming disorder is defined as a dysfunctional 
pattern of gaming, characterized by: a) impaired control (e.g., 
failed attempts to cut or diminish gaming involvement; gaming 
performed in a more prolonged or intensive way than planned); 
b) an increasing priority given to gaming to the extent that it takes 

precedence over other life interests and daily activities; and c) a 
continued involvement in gaming despite negative consequences 
for the individual and his/her acquaintances. To meet the diagno-
sis, the maladaptive gaming pattern has to be either continuous 
or episodic and recurrent, be manifested over an extended period 
of time (typically 12 months), and cause psychological distress or 
significant impairment in personal, family, social, professional, 
and/or other important areas of functioning.

Several features are key to emphasize. First, the guidelines in-
clude only a few essential requirements, making them practical for 
use in multiple settings by different health care practitioners. Sec-
ond, the guidelines do not include withdrawal and tolerance, as 
these are not relevant to gaming4. Third, the emphasis on functional 
impairment is key for differentiating between people with gaming 
disorder and the large proportion of individuals engaged in intense 
or persistent patterns of gaming (e.g., 20-30 hours per week) with-
out experiencing associated negative consequences5.

The decision to introduce gaming disorder in the ICD-11 was 
guided by epidemiological, clinical and neurobiological studies, 
as well as data obtained from treatment providers1,2. These lines 
of evidence have consistently shown that problematic gaming be-
haviours are associated with a range of negative outcomes (e.g., 
depressed mood, poorer work performance and school grades, 
worse sleep, interpersonal conflicts). In addition, there is a grow-
ing treatment demand internationally for gaming-related prob-
lems, particularly among adolescents and young adults, and an 
increasing number of clinical trials involving self-referred patients 
seeking help for these problems6. The treatment literature, while 
still developing, indicates that some therapies targeting the mech-
anisms underlying gaming disorder and promoting adaptive cop-
ing strategies can have positive long-term outcomes7.

Although there is increasing agreement among researchers 
and practitioners, in the areas of psychiatry, clinical psychology 
and public health, that gaming-related harms constitute an im-
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portant mental health issue1,2,8, a key concern is the potential for 
this diagnosis to lead to inappropriate medicalization, policies 
and treatment9. In particular, some researchers have argued that 
the introduction of the diagnostic category of gaming disorder 
may encourage the pathologization of all forms of gaming be-
haviours, including safe or adaptive gaming activities. Certainly, 
it is important for clinical guidelines to carefully define and de-
lineate harmful and pathological involvement in video games 
from those behaviours consistent with a healthy passion or hob-
by. Such considerations are crucial to ensure the clinical validity 
and utility of a clinical diagnosis5. In the ICD-11, this important 
demarcation includes an explicitly stated reference to functional 
impairment caused by gaming.

A recent Delphi study4 provides further support for the ICD-11 
approach to gaming disorder. This study involved a representative 
and international panel of experts asked to critically evaluate, in 
terms of the available evidence base, all of the proposed gaming 
disorder criteria according to their diagnostic validity (defined as 
the extent to which a specific criterion is a feature of the condi-
tion), clinical utility (defined as the extent to which a specific cri-
terion is able to distinguish normal from problematic behaviour), 
and prognostic value (defined as the extent to which a specific 
criterion is crucial in predicting chronicity of the condition). 
Following the structured and iterative Delphi expert consensus 
method, the study indicated that there was strong agreement on 
the ICD-11 guidelines for gaming disorder, and that these guide-
lines would enable clinically valid and relevant diagnosis of gam-
ing disorder without pathologizing healthy gaming.

The inclusion of gaming disorder in the ICD-11 is an impor-
tant step toward meeting global challenges related to harmful 
overuse of digital technologies. This includes the development 
of a public health framework that identifies and promotes steps 
to reduce gaming-related harms8. Moreover, the recognition of 
gaming disorder promotes the value of multiple research efforts, 
aimed at testing the efficacy and effectiveness of preventive and 
clinical interventions, and elucidating the etiological mecha-
nisms (e.g., personality, environmental and neurobiological fac-

tors) that affect the onset, maintenance and progression of the 
condition. Research efforts to be promoted are also those aimed 
at rethinking how to map the effects of gaming on children and 
adolescents, in particular with regard to the most popular game 
genres.

The recognition of gaming disorder is likely to encourage steps 
toward greater social responsibility measures, either enforced by 
governments and/or developed from within the gaming industry 
itself. Gaming products are currently largely unregulated, despite 
concerns that some in-game purchasing systems (e.g., “loot-
boxes”) are similar to electronic gambling and may financially 
exploit vulnerable players. Important assistance that the industry 
can provide includes telemetry data-sharing, disclosure of prod-
uct design features, and/or access to special populations (e.g., 
highly engaged users).

The above collaborative efforts will ultimately help individuals 
who are vulnerable to or affected by gaming-related problems, 
while recognizing the popular cultural status and the enjoyment 
of gaming experiences for most people.
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FORUM – PREVENTION OF MENTAL DISORDERS IN YOUNG PEOPLE: RESEARCH EVIDENCE 
AND FUTURE DIRECTIONS

Preventive psychiatry: a blueprint for improving the mental health  
of young people
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Preventive approaches have latterly gained traction for improving mental health in young people. In this paper, we first appraise the conceptual 
foundations of preventive psychiatry, encompassing the public health, Gordon’s, US Institute of Medicine, World Health Organization, and 
good mental health frameworks, and neurodevelopmentally-sensitive clinical staging models. We then review the evidence supporting primary 
prevention of psychotic, bipolar and common mental disorders and promotion of good mental health as potential transformative strategies to 
reduce the incidence of these disorders in young people. Within indicated approaches, the clinical high-risk for psychosis paradigm has received 
the most empirical validation, while clinical high-risk states for bipolar and common mental disorders are increasingly becoming a focus of 
attention. Selective approaches have mostly targeted familial vulnerability and non-genetic risk exposures. Selective screening and psycho-
logical/psychoeducational interventions in vulnerable subgroups may improve anxiety/depressive symptoms, but their efficacy in reducing the 
incidence of psychotic/bipolar/common mental disorders is unproven. Selective physical exercise may reduce the incidence of anxiety disorders. 
Universal psychological/psychoeducational interventions may improve anxiety symptoms but not prevent depressive/anxiety disorders, while 
universal physical exercise may reduce the incidence of anxiety disorders. Universal public health approaches targeting school climate or social 
determinants (demographic, economic, neighbourhood, environmental, social/cultural) of mental disorders hold the greatest potential for re-
ducing the risk profile of the population as a whole. The approach to promotion of good mental health is currently fragmented. We leverage the 
knowledge gained from the review to develop a blueprint for future research and practice of preventive psychiatry in young people: integrating 
universal and targeted frameworks; advancing multivariable, transdiagnostic, multi-endpoint epidemiological knowledge; synergically prevent-
ing common and infrequent mental disorders; preventing physical and mental health burden together; implementing stratified/personalized 
prognosis; establishing evidence-based preventive interventions; developing an ethical framework, improving prevention through education/
training; consolidating the cost-effectiveness of preventive psychiatry; and decreasing inequalities. These goals can only be achieved through an 
urgent individual, societal, and global level response, which promotes a vigorous collaboration across scientific, health care, societal and gov-
ernmental sectors for implementing preventive psychiatry, as much is at stake for young people with or at risk for emerging mental disorders.

Key words: Young people, prevention, mental disorders, preventive psychiatry, psychosis, bipolar disorder, anxiety, depression, evidence-
based medicine, neurodevelopment, children, adolescents

(World Psychiatry 2021;20:200–221)

According to the latest World Health 
Organization (WHO) Global Burden of 
Disease study, about one billion people 
of the total global population (7.5 billion) 
are affected by any mental disorder1, in-
cluding psychotic, bipolar or common 
mental disorders such as depression and 
anxiety. Overall, about 50% of mental dis-
orders start by the age of 14, and 75% start 
by the age of 242,3. Young people account  
for 41% of the current global population (0-
14 years: 25.4% and 15-24 years: 15.5%4). 
Justifiably, mental disorders have been 
called “the chronic diseases of the young”5.

After their onset, mental disorders often 
persist, disrupting the capacity for young 
people to fulfil their potential6,7, limiting 

access to mental8 and physical9-12 health 
care, and exposing them to poor education 
and reduced occupational opportunities13, 
stigma, social isolation, discrimination, 
and violation of human rights14-16. Young 
individuals suffering from mental disor-
ders have higher morbidity and mortality 
risks for any reason (including suicide17) 
than the general population, translating 
into a striking 10-20 years reduction in life 
expectancy18.

The mental health of the younger gen
eration, and indeed of our future, is al-
ready  fragile and threatened by excep-
tional worldwide forces such as an ongo-
ing pandemic, population migrations, 
economic uncertainties, the sustainability 

of ecosystems and climate changes19. An 
urgent individual, societal, and global 
level response is needed to reduce the in-
cidence and burden of mental disorders in 
young people6,20. Preventive approaches 
in psychiatry lagged behind somatic medi-
cine21 and emerged only a few decades 
ago, increasingly gaining traction. At the 
same time, future advancements require 
ongoing efforts to identify and overcome 
their limitations.

This paper addresses these issues, with 
a focus on reducing the incidence of psy-
chotic, bipolar and common mental dis-
orders. We first summarize the conceptual 
foundations of preventive psychiatry and 
then appraise the evidence supporting 
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different preventive approaches in young 
people, as well as their current limitations. 
The knowledge reviewed is then used to 
develop a blueprint for future preventive 
research and practice to improve the men-
tal health of young people.

DEFINING PREVENTIVE 
PSYCHIATRY

This section reviews core preventive 
psychiatry concepts and frameworks that 
hold relevance for assessing the evidence 
and limitations of prevention in young 
populations and informing future research.

Public health framework

“Possible measures of prevention”22 
for mental disorders have been advocated 
since the late 19th century. In the early 
20th century, an individual with the lived 
experience of a mental disorder initiated 
the mental hygiene movement23, which 
generated new community practices for 
preventing mental disorders in young 
people24, establishing preliminary public 
health principles25 of preventive psychia-
try26. Therefore, historically, service users 
and the community have been key actors  
in the development of preventive psy-
chiatry, a discipline which is closely inter-
twined with societal and cultural values.

Early work by Leavell and Clark (middle 
of 20th century) introduced a classification 
of prevention in medicine27, which was 
tailored on the pre-pathogenesis (primary 
prevention: health promotion and specific 
protection) and pathogenesis (secondary 
and tertiary prevention) phases of syphi-
lis28. Caplan, in 1964, classified prevention 
in mental health as follows: a) primary 
prevention, which “aims at reducing the 
incidence of new cases of mental disorder 
and disability in a population”; b) second-
ary prevention, which “aims at reducing 
the duration of cases (and therefore the 
prevalence) of mental disorders, which 
will inevitably occur in spite of the pro-
grams of primary prevention”; c) tertiary 
prevention, which “aims at reducing the 
community rate of residual defect, which is 
a sequel to acute mental illness”29.

In 1978, Strasser introduced a fourth 
level of “primordial prevention” to de-
note activities that prevented the penetra-
tion and appearance of risk factors (risk 
factors increase the likelihood of clinical 
events, while protective factors decrease 
this likelihood) into the population itself, 
as opposed to primary prevention which 
addresses risk factors to prevent diseases30. 
Finally, Bradford Hill defined nine criteria 
that may be considered in navigating the 
difficult question of causation versus plain 
association: strength of association, con-
sistency across different situations, speci-
ficity and temporality between exposure 
and outcomes, biological gradient, bio-
logical plausibility, coherence with present 
knowledge, experiment (in laboratory and 
randomized trials), and analogy with simi-
lar classes of exposures and outcomes31,32.

Gordon’s framework

The original formulation of the public 
health framework was disease-oriented, 
relying on mechanistic linearity of in-
fectious diseases and identification of a 
clear-cut biological onset. It also ignored 
epidemiological knowledge on statistical 
associations between risk/protective fac-
tors and clinical events, as well as multifac-
torial aetiopathologies with a long period of 
latency33. Furthermore, several disorders  

may be risk factors for other disorders, so 
all treatments could potentially be labelled 
as preventive interventions.

In 1983, Gordon33 addressed these is-
sues in the context of physical illnesses, 
reserving the term prevention for those in-
dividuals who were not “suffering from any 
discomfort or disability from the disease or 
disorder to be prevented”, thus excluding 
tertiary prevention as well as antecedents 
such as clinical high-risk syndromes (see 
below). Furthermore, Gordon noted that 
the public health definitions of prevention 
had little correspondence to interventions 
offered, and proposed an alternative three-
fold classification based on the costs and 
benefits of delivering the intervention: a) 
universal prevention, “a measure that is de-
sirable for everybody”, including actions for 
the general public which, in many cases, 
can be “applied without professional ad-
vice or assistance”; b) selective prevention, 
“a procedure [which] can be recommend-
ed only when the individual is a member of 
a subgroup of the population whose risk of 
becoming ill is above average”; c) indicated 
preventive measures, that “are advisable 
only for persons who, on examination, are 
found to manifest a risk factor, condition, 
or abnormality that identifies them, indi-
vidually, as being at sufficiently high risk to 
require the preventive intervention”33.

As illustrated in Figure 1, while target
ed approaches (i.e., selective and/or 

Figure 1  Universal, selective and indicated prevention. Selective and indicated approaches 
aim to reduce risk amongst those with the most to gain, and therefore reach a small proportion 
of the population. Universal approaches aim to shift the risk profile of the whole population.
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indicated) aim to reduce risk among those 
with the most to gain, and therefore reach 
a small proportion of the population, uni-
versal approaches aim to shift the risk pro-
file of the whole population.

US Institute of Medicine framework

Gordon’s classification was not design
ed for use in mental disorders. In 1994, 
the US Institute of Medicine34 noted that 
the definition of caseness is more difficult 
to establish in psychiatry than in somatic 
medicine, and that the presence of symp-
toms and dysfunctions is frequent even if 
diagnostic criteria (ICD/DSM) for mental 
disorder are not met. Prevention was thus 
refined as “reducing incidence, preva-
lence, recurrence of mental disorders, the 
time spent with symptoms, or the risk con-
dition for a mental illness, preventing or 
delaying recurrences and also decreasing 
the impact of illness in the affected person, 
their families and the society”34. The In-
stitute allowed indicated interventions to 
target antecedents of the disorder, such as 
clinical high-risk syndromes34.

It was also acknowledged that, although 
some people receiving indicated pre-
ventive interventions may already have 
comorbid mental disorders, if they are se-
lected into the intervention based on hav-
ing early symptoms, then the intervention 

is still considered preventive34. Kessler and 
Price35 later refined the concept as primary 
prevention of secondary psychiatric co-
morbidities.

The Institute also defined prevention 
screening to identify risk exposure at pop-
ulation level (for universal prevention ef-
forts, e.g. poverty, violence, lack of health 
care) or at-risk group/individual level (for 
selective prevention efforts, e.g. mater-
nal depression or childhood abuse), or to 
identify core/distinctive characteristics in 
high-risk individuals (for indicated pre-
vention, e.g. attenuated symptoms, func-
tional impairment or early phenotypic 
features). Core requisites of prevention 
screening are identifiable risk/protective 
factors linked to a disorder, availability of 
a validated screening tool, an effective in-
tervention to address the identified factors 
and improve outcomes, solid guidelines 
on care pathways following screening, 
wide acceptability to the population, and 
dynamic implementation of screening 
procedures34.

WHO framework

In the current WHO framework (Table 1),  
universal, selective and indicated preven
tive interventions are all included within 
primary prevention36, and indicated ap-
proaches are allowed to target antecedents/

clinical high-risk syndromes (see below).
The WHO classifies the management 

of mental disorders as a continuum en-
compassing prevention (complemen-
tary universal, selective and indicated 
approaches), treatment (secondary pre-
vention and early or standard treatment), 
and rehabilitation (tertiary prevention and 
long-term care). The conceptual bounda-
ries between preventive “interventions” 
(in “individuals”) and “treatments” (in 
“patients”), particularly in early manage-
ment37, are porous at times and associated 
with several empirical, ethical and societal 
aspects.

Prevention of mental disorders vs. 
promotion of good mental health

The WHO broadly defines good mental 
health as “a state of well-being in which the 
individual realizes his or her own abilities, 
can cope with the normal stresses of life, 
can work productively and fruitfully, and 
is able to make a contribution to his or her 
community”36. Therefore, mental health 
is much more than the absence of mental 
disorders.

Good mental health and mental dis-
order, although interrelated, are not on a 
one-dimensional continuum. For exam-
ple, empirical evidence has associated 
individual levels of creativity with psy-

Table 1  World Health Organization’s classification of  preventive approaches for mental disorders36

Public health classification of prevention Gordon’s classification of prevention33, modified by the US Institute of Medicine34

Primary prevention seeks to prevent the onset (incidence) of  a 
disorder or illness.

Universal prevention is defined as those interventions that are targeted at the general 
public or a whole population group that has not been identified on the basis of  
increased risk.

Selective prevention targets individuals or subgroups of  the population whose risk of  
developing a mental disorder is significantly higher than average, as evidenced by 
biological, psychological or social risk factors.

Indicated prevention targets high-risk people who are identified as having minimal but 
detectable signs or symptoms foreshadowing mental disorder, or biological markers 
indicating predisposition for mental disorders, but who do not meet diagnostic 
criteria for disorder at that time.

Secondary prevention seeks to lower the rate of  established cases of  
the disorder or illness in the population (prevalence) through early 
detection and treatment of  diagnosable diseases.

Tertiary prevention includes interventions that reduce disability, enhance 
rehabilitation and prevent relapses and recurrences of  the illness.
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chotic or bipolar disorders38,39, and this 
association has recently been confirmed 
at a genetic level40. Conversely, individu-
als without mental disorders do not neces-
sarily have good mental health. Normally 
developing young people can display re-
active mild anxiety or depression as physi-
ological adaptive strategies aimed at harm 
avoidance and extinction of maladaptive 
behaviours41.

Therefore, mental health promotion 
can be implemented across all stages illus-
trated in Figure 2 (e.g., from healthy people 
to individuals affected with chronic mental 
disorders)34, and not only during the pre-
pathological phase (i.e., within primary 
preventive approaches, as suggested by 
Leavell and Clark27). Promotion of good 
mental health could also be enhanced by 
improving physical health, given the close 
relatedness between these two domains42.

Neurodevelopmental prevention of 
mental disorders in young people

As noted by Clark28, prevention “re-
quires knowledge of the natural history” 
of a disease. Psychotic disorders are in-
frequent before the age of 1443; their inci-
dence peaks in the age group of 15-35 and 
declines after the age of 3544. The average 
age of onset for bipolar disorder is 23 years, 

with a wide range (9 to 37)45. The median 
onset age is earlier for anxiety disorders 
(11 years of age) versus major depression 
(32 years)2. The range of the age of onset of 
depressive disorders is typically wider than 
for many other mental disorders46.

The pathophysiology of psychotic dis-
orders is generally understood to originate 
from several genetic and non-genetic risk/
protective factors (and their interactions) 
that impact the neurodevelopment7,47,48. 
Early abnormalities of maturational chang-
es appear from the ectodermal phase to 
the first year after birth (first-wave hits)49. 
A further phase of significant neurobio-
logical changes is from mid-childhood 
through pubescence to mid-20s (second-
wave hits)47, when the risk of disorder on-
set is the highest. Similar neurobiological 
models have been investigated for bipolar 
disorder50,51 and depression52.

Clinical staging models53 integrate these 
epidemiological and neurobiological find-
ings (Figure 2)47. The clinical staging model 
for psychosis is the most established54,55, 
but similar models have also emerged for 
bipolar56-59, depressive60,61 and anxiety62-65  
disorders. The premorbid stage starts dur
ing the perinatal period and is often asymp
tomatic and generally associated with pre
served functioning (Figure 2). Accumula-
tion of further risk factors from infancy to 
young adulthood could lead to the emer-

gence of a clinical high-risk stage (Figure 2), 
characterized by attenuated symptoms 
that do not meet the diagnostic threshold 
for mental disorders but are typically asso-
ciated with some degree of functional im-
pairment. These attenuated symptoms can 
then progress to a fully symptomatic mental 
disorder, and then persist into adulthood, 
especially if treated sub-optimally, lead-
ing to a relapsing stage and eventually a 
chronic stage (Figure 2).

The period from the prenatal/perinatal 
phase to the onset of the first episode of the 
disorder may represent the most compel-
ling window of preventive opportunity7,55. 
By integrating the preventive framework 
within a neurodevelopmentally sensitive 
clinical staging model, primary prevention 
(universal, selective and indicated) and 
promotion of good mental (and physical) 
health7 emerge as core strategies to target 
this critical window (Figure 2).

EVIDENCE SUPPORTING 
PRIMARY PREVENTION AND 
MENTAL HEALTH PROMOTION 
IN YOUNG PEOPLE

This section reviews the evidence sup-
porting indicated, selective and universal 
preventive interventions and promotion 
of good mental health, reflecting the in-

Figure 2  Neurodevelopmental continuum model for prevention of psychosis, bipolar disorder and common mental disorders, and promotion 
of good mental and physical health
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creasing width of these approaches from 
relatively small subgroups to the wider 
population (Figure 1).

Indicated preventive interventions

The available evidence supporting indi-
cated preventive interventions for psychot-
ic, bipolar and common mental disorders 
is summarized in Table 2.

Psychosis

Indicated prevention of psychosis origi-
nated in Australia about twenty-five years 
ago66 and subsequently gained traction 
globally, leading to the implementation of 
specialized services67 taking care – accord-

ing to a survey carried out in 2017-2018 
– of over than 22,000 young individuals 
across Western Europe (51.1%), North 
America (17.0%), East Asia (17.0%), Aus-
tralia (6.4%), South America (6.4%) and 
Africa (2.1%)67. The consolidation of this 
paradigm in clinical practice has impact-
ed national68 and international69 clinical 
guidelines and diagnostic manuals (e.g., 
DSM-5 attenuated psychosis syndrome70), 
although not everywhere71.

Young (typically 14-35 years old, mean 
age 21 years72) individuals at clinical high 
risk for psychosis (CHR-P)73,74 accumulate 
several risk factors for the disorder44,75,76, 
which can lead to functional impair-
ments77 and the emergence of attenuated 
psychotic symptoms78 (which last on aver-
age 2 years72). Because of these problems, 
these individuals often seek help79, includ-

ing at specialized CHR-P clinical services 
when available67,80,81.

Detection of CHR-P individuals is un-
systematic and mostly based on referrals 
made on suspicion of psychosis risk by 
several agencies and idiosyncratic sam-
pling strategies. This recruitment phase 
nevertheless leads to substantial risk en-
richment in help-seeking samples82. Al-
though several screening instruments for 
CHR-P have been tested, their validation is 
currently limited83.

In CHR-P clinics, help-seeking individu-
als undergo a semi-structured psychomet-
ric assessment with validated instruments, 
which deliver a group-level estimate for 
predicting psychosis (i.e., at risk vs. not at 
risk)74. The CHR-P criteria are robustly as-
sociated with psychosis onset (odds ratio, 
OR=9.32)44 within high-risk clinical sam-

Table 2  Level of evidence for available indicated interventions to prevent (reduce the incidence) of psychotic, bipolar and common (depression/anx
iety) mental disorders in young people

Psychotic disorders Bipolar disorder Depression/Anxiety disorders

Target Clinical high risk for psychosis 
(CHR-P)72****

Bipolar at-risk states97,105*, bipolar  
prodrome103,104*

Not available

Detection

Referral, risk enrichment On suspicion of  psychosis risk, 
15% at 3 years82***

On suspicion of  bipolar risk Screening in schools, universities or primary 
care114,115***

Screening instruments 
(sensitivity, specificity, 
positive predictive value, 
negative predictive 
value)

Several, but poor validation 
(67-100%, 39-100%, 24-100%, 
58-100%)83**

BPSS-AS-P (data not available)103* Some, but none validated (data not  
available)114***

Duration of  attenuated 
symptoms

709 days72**** 107.9 months98*** Not available

Mean age (SD) or range 21 (3.2) years72**** 16-23 years103-105* 18-25 years113***

Prognosis

Assessment instruments 
(accuracy)

CAARMS287***, SIPS288***, 
DSM-5 APS 288*** (0.90 pooled 
at 38 months)74***

Not recommended outside clinical 
samples74***

BPSS-FP (data not available)104*, 
SIBARS (0.7 at 18 months)105*
Used in clinical samples only104,105*

Not available

Transition risk 17% at 1 year; 22% at 3 years 
(BLIPS>APS>GRD)88***

14% at 1 year289*; 23% at 2 years105* Not available

Intervention

Type of  intervention  
(efficacy)

Needs-based interventions, psycho-
therapy, pharmacotherapy, 
combinations (no evidence for 
superior efficacy in preventing 
psychosis or improving other 
outcomes)93,94***,72,251****

Family-focused therapy (reduced time 
to recovery, no effect on incidence of  
bipolar disorder)106*

Individual psychotherapy (no efficacy on 
affective symptoms)107*

Psychotherapy/psychoeducation (reduced  
severity of depressive/anxiety  
symptoms113,115***, but not with digital 
psychoeducation119*** and not in humanitarian 
settings120***; no evidence of effect on incidence  
of depressive/anxiety disorders113,115***)

* single study, ** systematic review, *** meta-analysis, **** umbrella review. APS – attenuated psychotic symptoms, BLIPS – brief  limited intermittent psychotic 
symptoms, BPSS-AS-P – Bipolar Prodrome Symptom Scale - Abbreviated Screen for Patients, BPSS-FP – Bipolar Prodrome Symptom Interview and Scale-Full 
Prospective, CAARMS – Comprehensive Assessment of  At Risk Mental States, GRD – genetic risk and deterioration syndrome, SIBARS – Semistructured 
Interview for Bipolar At Risk States, SIPS – Structured Interview for Psychosis-Risk Syndromes.
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ples (but not in the general population84), 
while they cannot predict new cases of bi-
polar or common mental disorders85,86.

In CHR-P samples, most (~85%) indi-
viduals present with attenuated psychotic 
symptoms (APS), ~10% with short-lived 
frank psychotic symptoms (brief and lim-
ited intermittent psychotic symptoms, 
BLIPS), and ~5% with schizotypal traits 
or a relative affected with psychosis cou-
pled with functional decline (genetic risk 
and deterioration, GRD)72. Since most 
(68%) individuals with BLIPS also meet 
ICD-10 criteria for an acute and tran-
sient psychotic disorder87, interventions 
in CHR-P people extend beyond primary 
indicated prevention (for APS and GRD) 
into secondary prevention (for BLIPS). The 
overall risk of developing psychosis (22% 
at 3 years) differs across these three sub-
groups88.

Transition to psychosis is associated 
with clinically meaningful real-world out-
comes89 and is modulated by baseline 
levels of attenuated positive psychotic 
(OR=2.56) and negative (OR=2.68) symp-
toms, while good functioning reduces the 
risk (OR=0.59)44.

Indicated prevention implemented in 
CHR-P services (the NICE-recommend-
ed intervention is cognitive behavioural 
therapy68) has the potential to ameliorate 
presenting symptoms, delay or prevent the 
onset of psychosis, reduce health care ac-
cess and duration of untreated psychosis 
(secondary prevention)55,90. Furthermore, 
CHR-P services routinely incorporate com
prehensive needs-based interventions fo
cusing on psychosocial, vocational and 
familial requirements, as well as several 
public health initiatives such as outreach 
campaigns in collaboration with the local 
community (e.g., non-governmental organ
izations, youth centres, schools, colleges, 
faith groups; low-income, racial/ethnic, sex-
ual and gender minorities) to foster mental 
health literacy (e.g., reducing illicit substanc-
es use, enhancing self-coping strategies) 
and promote good mental (e.g., resilience, 
positive lifestyle behaviours) and physical 
health72.

Earlier meta-analyses of randomized 
controlled trials suggested a significant 
preventive effect for psychological inter-
ventions91,92. However, the most updated 

network meta-analysis93 found no robust 
evidence to favour any of these indicated 
interventions compared to each other or 
needs-based interventions. A second in-
dependent pairwise meta-analysis by the 
Cochrane group confirmed these find-
ings, concluding that “there was no con-
vincing unbiased, high-quality evidence” 
to suggest that any type of intervention 
is more effective than others, including 
needs-based interventions94 (another me-
ta-analysis was recently published95, but 
used older data than the above-mentioned 
ones93,94).

Bipolar disorder

Indicated prevention in bipolar disor-
der was developed, following the CHR-P 
template, only fifteen years ago96,97, and is 
rapidly emerging98-101. The supporting evi-
dence lags behind that for CHR-P99,102.

Detection of a symptomatic clinical high 
risk for bipolar disorder is complicated by 
its inherent episodicity, long duration and 
the complex nature and definition of the 
disorder98. Individuals at clinical risk for 
bipolar disorder are represented by young 
help-seeking clinical samples97 (mean age 
16-23 years103-105), including a subset of 
CHR-P individuals105, who present with at-
tenuated bipolar-risk features (which last 
on average 9 years98). Self-administered 
screening instruments have been devel-
oped, but require further validation103.

With respect to assessment, early mani-
festations – such as sleep disturbance, anxi-
ety, irritability, cyclothymic features, manic 
or hypomanic symptoms, and depression 
– are non-specific100. Emerging semi-struc-
tured interviews can rate sub-threshold 
manic, depressive and general symptoms104 
to define high-risk subgroups in clinical 
samples: sub-threshold mania, depression 
and cyclothymic features, genetic risk and 
depression, genetic risk and cyclothymic 
features, sub-threshold mixed episode, 
mood swings105. The prospective validity of 
these instruments awaits validation, despite 
some promising pilot findings105.

Interventional research is in its infancy.  
Two randomized controlled trials conduct
ed in young people presenting with ge
netic risk for (schizo)affective disorder and 

attenuated affective symptoms suggested a 
potential beneficial effect of family-focused 
and cognitive behavioural therapy on time 
to recovery from attenuated symptoms106, 
but no efficacy in terms of reducing the se-
verity of affective symptoms107 or prevent-
ing the onset of bipolar disorder106.

Common mental disorders

Indicated prevention of depression and 
anxiety disorders in young people still rep-
resents a “blind spot in health care”108-110 
and has been less investigated than selec-
tive/universal approaches111. There is also  
some degree of overlap with indicated pre
vention for bipolar disorder, because sub- 
threshold/frank depressive episodes (es-
pecially the atypical phenotype) and cyclo-
thymic features or genetic risk for depression 
coupled with bipolar-like features are al-
ready subsumed in the clinical criteria for 
bipolar risk112.

Young people113 at clinical high risk for 
depression/anxiety disorders have been 
detected through psychometric screening 
for sub-threshold symptoms in schools, 
universities or primary care114,115, typi-
cally following selective/universal screen-
ing116. However, results do not suggest that 
such screening is ready for wider use. Be-
yond these attempts, there are no estab-
lished clinical high-risk criteria to assess 
young people with an increased risk of 
depression (without bipolar risk features)  
or anxiety disorders and predict their out-
comes.

Early meta-analyses not focusing on 
young individuals showed that indicated 
psychological interventions, generally 
based on cognitive behavioural therapy, can 
reduce the incidence of depression114,117, 
and that these interventions can be effec-
tively delivered digitally in middle-aged 
adults118. However, the most recent meta-
analysis focusing on young people with 
baseline sub-threshold depression (along 
with selective/universal approaches) 
found that none of the included psycho-
logical intervention studies measured 
the incidence of emerging depression113. 
Another recent meta-analysis confirmed 
that there is no evidence favouring digital 
psychoeducation over no intervention to 
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improve depressive symptoms in young 
people119.

Meta-regression analyses showed that 
psychological/psychoeducational inter-
ventions might be effective in reducing 
the severity of some anxiety symptoms in 
young people, but no conclusion could be 
drawn concerning prevention of the onset 
of anxiety disorders115. A meta-analysis 
showed that indicated psychological/so-
cial interventions are not effective to pre-
vent anxiety/depression in people living 
in low- and middle-income countries af-
fected by humanitarian crises120.

Selective preventive interventions

Selective preventive interventions in 
the premorbid stage of psychotic, bipolar 
and common mental disorders (summa-
rized in Table 3) would require screening  
and reducing the exposures to identified 
detrimental factors in at-risk groups before  
symptoms and help-seeking behaviour man
ifest76.

This approach would require robust aetio
pathological knowledge of the association 
between specific genetic and non-genetic 
factors and incidence of these disorders 

(and effective interventions). However, com
prehensive explanatory pathophysiology is 
not established in psychiatry, and no singu-
lar putative causal factor fully meets Brad-
ford Hill criteria, so that current diagnostic 
manuals (ICD-11/DSM-5) refer to mental 
syndromes (i.e., disorders) and not patho-
physiological processes (i.e., diseases).

Genetic factors

Many genetic variants have been iden-
tified that modulate the risk for psychotic, 

Table 3  Level of  evidence for at-risk group exposures and available selective interventions to prevent (reduce the incidence) of  psychotic, bipolar 
and common (depression/anxiety) mental disorders in young people

Psychotic disorders Bipolar disorder Depression/Anxiety disorders

At-risk group 
exposures 
(association 
with the 
disorder)

Genetic risk/protective factors:
22q11.2 deletion syndrome (prevalence 10-41%132*, risk 

37% at 32 months135*)
Offspring (RR=7.54)121***
Twins (monozygotic concordance rate 40%)123*
First-degree relatives (one proband: OR=7.69; two 

probands: OR=11.11)127***

Non-genetic risk/protective factors:
Black-Caribbean ethnicity in England (OR=4.87)44****
Ethnic minority in low ethnic density area 

(OR=3.71)44****
Second-generation immigrants (OR=1.68)44****
Trait anhedonia (OR=4.41)44****
Minor physical anomalies (OR=5.30)44****
Premorbid IQ (OR=0.47)44****
Olfactory identification ability (OR=0.19)44****
Several prenatal/perinatal factors (OR=0.86 to 3.05)150***
Physical activity (OR=0.728)235****
Smoking (OR=1.99)235****

Peripheral biomarkers
Decreased pyridoxal (vitamin B6) levels (data not 

available)147****

Genetic risk/protective  
factors:

Offspring (RR=4.06)121***
Twins (monozygotic 

concordance rate 45%)124*
First-degree relatives (one 

proband: RR=6.10, two 
probands: RR=29.1)128*

Non-genetic risk/protective 
factors:

Irritable bowel syndrome 
(OR=2.48)144****

Childhood adversity 
(OR=2.86)144 ****

Physical activity 
(OR=0.49)235****

Smoking (OR=1.46)235****
Poor sleep (OR=1.79)235****

Peripheral risk/protective 
biomarkers:

Elevated awakening cortisol 
levels (g=0.25)147****

Genetic risk/protective factors:
Offspring (depression: RR=2.38121***;  

anxiety: RR=1.76 122***)
Twins (monozygotic concordance rate –  

depression: 46%126*; anxiety: 13-73%125*)
First-degree relatives (anxiety: OR=4.1-6.1129*;  

depression: one proband OR=2.14, two 
probands OR=3.23130***)

Non-genetic risk/protective factors:
Sedentary behaviour (RR=1.25)145****
Sexual dysfunction (OR=2.71)145****
Four or five metabolic risk factors 

(OR=2.06)145****
Obesity (OR=1.35)145****
Job strain (OR=1.77)145****
Physical abuse in childhood 

(OR=1.98)145****
Early physical trauma (OR=2.59)146****
Physical activity (OR=0.837)235****
Smoking (OR=1.73)235****
Healthy diet (OR=0.77)235****
Poor sleep (OR=2.27)235****

Type of  
intervention 
(efficacy)

Screening for family history of  psychotic disorder (data not 
available)132*

Screening pregnant/postnatal women for emerging 
psychopathology (data not available)148***

Psychoeducation for young 
people at risk (improved 
affective symptoms but 
no evidence of  effect 
on incidence of  bipolar 
disorder)155***

Screening for family history of  depression 
and psychoeducation (improved depressive 
symptoms and reduced incidence of  
depression in offspring)136***

Screening for post-partum depression 
and psychoeducation/psychotherapy 
(inconclusive evidence)152***

Psychological interventions in women 
disclosing partner violence (improved 
anxiety but not depression)153***

Psychological/psychoeducation (improved anx-
iety symptoms115***, but not as school-based 
interventions156*** and not in humanitarian 
settings120***; no evidence of effect in pre-
venting depression/anxiety disorders115***)

Physical exercise in at-risk youths (reduced 
severity of  depression157*** and incidence 
of  anxiety174***)

Behavioural counselling to prevent illicit substance use in at-risk adolescents and young adults (no evidence of  efficacy)154***

* single study, ** systematic review, *** meta-analysis, **** umbrella review. OR – odds ratio, RR – risk ratio
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bipolar or common mental disorders, but 
almost all of them have very small, and 
thus clinically unclear, effects for selective 
screening. Polygenic risk scores have been 
developed to overcome these limitations 
by analyzing genetic variants en masse48, 
but the variance explained is still too small 
for implementation in selective prevention 
and does not provide singular neurobio-
logical targets.

For example, offspring of patients affect-
ed with psychosis, bipolar disorder or de-
pression have a greater risk of developing 
these disorders (32% by adulthood)121,122. 
Monozygotic twins123-126 and first-degree 
relatives (depending on the number of 
probands)127-130 also have an increased 
likelihood of developing these disorders. 
However, only 17.4% of the association be-
tween family history of psychosis and the 
disorder is mediated through a modelled 
polygenic risk score131. The only molecu-
lar risk factor for psychosis that may have 
a preventive relevance is the 22q11.2 dele-
tion syndrome, which is characterized by 
high rates of schizophrenia (prevalence 
from 10% in adolescents to 41% in young 
adults)132.

Overall, familial vulnerability (along 
with 22q11.2 deletion syndrome) repre-
sents the most implementable target for 
selective screening intervention in health 
care133. It is more established for psycho-
sis134, but it is emerging for bipolar disor-
der. One possible intervention could be 
monitoring and psychometric assessment 
for a CHR-P/bipolar-risk state when symp-
toms or functional disability develop135.

The associated preventive capacity is, 
however, limited: while a meta-analysis 
found that selective psychoeducational 
interventions may have a small effect on 
reducing the severity and incidence of de-
pression in the offspring of patients136, the 
preventive efficacy of other psychosocial 
interventions in young individuals with a 
familial vulnerability for psychotic137, bi-
polar138 or anxiety disorders is currently 
unknown.

Non-genetic factors

Similarly, non-genetic factors have not  
yet entered selective screening139,140. This  

situation is mostly due to the intrinsic com-
plexity of the psyche itself141, and conflict-
ing research findings that are characterized 
by several biases such as high heterogene-
ity, excess significance, selective reporting 
of statistically significant (i.e., “positive”) 
results and no adjustment for multiple 
confounders142,143. Table 3 lists non-genet-
ic factors, along with their meta-analytic 
strength of association (according to estab-
lished criteria to classify the evidence) with 
psychotic44, bipolar144, depressive145 and 
anxiety146 disorders.

Among 733,316 measurements on 162 
different peripheral biomarkers for psy-
chosis, bipolar disorder and depression, 
only two were found to be reliably associ-
ated with these disorders147(see Table 3). 
Studies targeting inflammatory biomark-
ers using anti-inflammatory therapies like 
aspirin148 or targeting individual nutrients 
such as vitamin D149 to prevent depres-
sion have not turned out to be effective 
approaches, at least in adults, dampening 
hopes in youth133.

Within risk/protective factors listed in 
Table 3 (their distinction from biomarkers  
may be challenging without clear patho-
physiological knowledge), the majority ex
ert their role before the age of 25 years, and 
some are potentially modifiable in vulner-
able groups. For example, the evidence 
concerning several prenatal/perinatal 
risk factors laid the rationale for screening 
pregnant/postnatal women for emerg-
ing psychopathology in order to detect an 
incipient risk of psychosis or post-partum 
depression150,151. However, the risk may 
not be high enough to make such screen-
ing clinically useful. Furthermore, a meta-
analysis investigating psychological/ psy-
choeducational selective interventions 
(along with universal/indicated ones) to 
prevent post-partum depression in preg-
nant/postnatal women151 found consider-
able cost-effectiveness uncertainty152.

Women disclosing current or recent 
intimate partner violence exposure rep-
resent another vulnerable group. A meta-
analysis found that selective psychological 
interventions can reduce their anxiety (but 
not depression) even in in low/middle-in-
come countries153.

Another potentially modifiable risk fac-
tor selectively targeted across psychotic, 

bipolar and common mental disorders has 
been the initiation of illicit and non-medi-
cal drug use among adolescents and young 
adults. However, a recent meta-analysis by 
the US Preventive Service Task Force found  
no evidence to favour selective (as well as  
population-level/universal) behavioural 
counselling154.

Selective psychological/social interven-
tions are not effective to prevent anxiety/
depression in humanitarian settings120, 
and there is scarce preventive research in 
other vulnerable subgroups such as racial/
ethnic, sexual and gender minorities.

Selective approaches have also been 
tested in various subgroups of at-risk 
youths. A recent meta-analysis reviewed 
the efficacy of selective (along with uni-
versal) interventions for young people 
(across different settings), finding that 
psychoeducation may be the most effec-
tive preventive intervention for improving 
affective symptoms (Hedges’ g=0.6), but 
there was no efficacy on the incidence of 
mood disorders155. Another meta-regres-
sion analysis showed that selective (as well 
as universal) psychological/psychoeduca-
tional interventions delivered across differ-
ent settings (e.g., community schools and 
colleges, primary care clinics) might be 
effective in reducing some anxiety symp-
toms in young people, although findings 
were inconclusive regarding prevention 
of depression/anxiety disorders115. Recent 
sensitivity (network) meta-analyses found 
little evidence that selective (and univer-
sal/indicated) school-based educational 
interventions are effective for the preven-
tion of common mental disorders in young 
people156.

Importantly, a recent umbrella review 
has documented that an exercise inter-
vention may be effective in reducing de-
pressive symptoms in at-risk youths157. 
However, even the possible benefits at the 
level of symptoms may be due to selective 
reporting and other biases for what are 
largely subjective outcomes in unmasked 
trials.

Universal preventive interventions

As shown in Figure 1, universal preven-
tive strategies (summarized in Table  4) 



208� World Psychiatry 20:2 - June 2021

would theoretically allow a population-
wide reduction in incidence/burden of 
psychosis, bipolar and common mental 
disorders in young people, producing 
wider societal-level benefits compared to 
indicated/selective measures.

Universal strategies may take the form 
of a safe intervention that: a) decreases 
exposures to population-level risk factors 
(most of the at-risk group exposures listed 
in Table 3 could be, in principle, considered 
as well for population-level universal ap-
proaches) and/or b) increases exposure to 
population-level protective factors. Howev-
er, pathophysiological knowledge is limit-
ed, and there is a lack of methods to readily 
assess the efficiency of such interventions.

In line with Gordon’s observations, psy-
chosis and bipolar disorder are character-
ized by a low incidence and long latency 
between exposures and the manifestation 
of the disorders (the latter point also ap-
plies to common mental disorders). Dem-
onstrating an impact on the incidence of 
these disorders would be, if at all feasible, 
long and expensive158.

Decreasing exposures to population-
level risk factors

A possible avenue may be to use sur-
rogate population-level markers that may 
predict the effect of universal interventions 
on the incidence of disorders and that are 
convenient to measure. For example, “psy-
chotic experiences”159 are relatively fre-
quent at the population level (prevalence 
about 8% in young adults aged 24160) and 
can be measured through self-adminis-
tered questionnaires (e.g., Prodromal Ques-
tionnaire, PQ)161. These mostly transitory 
sub-threshold manifestations are not to be 
conflated with clinical psychotic symptoms 
(see below)162, but could represent a po-
tential surrogate marker of psychosis (risk 
of psychosis: 0.5-1% per year160). Other 
self-administered instruments, such as the 
Kessler Psychological Distress Scale (6 or 
10 items, K6/10)163, could theoretically be 
used as surrogate markers for bipolar, de-
pressive and anxiety disorders. However, to 
date, there is no preventive capacity associ-
ated with these surrogate markers.

Similarly, neurodevelopmental surro
gate biomarkers have been used to test 
dietary phosphatidylcholine supplementa-
tion in healthy pregnant women164. Phos-
phatidylcholine is an agonist at alpha-7 
nicotinic receptors, which are involved in 
the final maturation of GABA inhibitory 
synapses before birth, and have been im-
plicated in schizophrenia164. A first ran-
domized controlled trial confirmed the 
effect of perinatal phosphatidylcholine on 
an electrophysiological biomarker of foe-
tal development164. A subsequent study 
demonstrated that, at 40 months, phos-
phatidylcholine impacted neurocogni-
tive biomarkers, leading to fewer attention 
problems and less social withdrawal com-
pared with the placebo group, thus poten-
tially altering the risk of later development 
of psychosis165.

Another dietary intervention involved 
folic acid supplementation in pregnancy 
(folate is important in neurogenesis, cell 
growth and proliferation, and myelina-
tion), which has become one of the most  
important public health advances in medi

Table 4  Level of  evidence for population-level exposures and available universal interventions to prevent (reduce the incidence) of  psychotic, 
bipolar and common (depression/anxiety) mental disorders in young people

Psychotic disorders Bipolar disorder Depression/Anxiety disorders

Population-level 
exposures (association 
with the disorder)

Surrogate markers: psychotic experiences 
(risk of  psychosis 0.5-1 per year)290***

Neurodevelopmental biomarkers (data not 
available)164,165,167*

Surrogate markers: K6/10 
(data not available)163*

Surrogate markers: K6/10 (data not available)163*

Social determinants of mental disorders (data not available)173****
Demographic (community diversity, population density, longevity, survival)
Economic (economic recessions, economic inequalities, macroeconomic policy)
Neighbourhood (infrastructure, neighbourhood deprivation, built environment settings)
Environmental events (natural/industrial disasters, war or conflict, climate change, forced migration)
Social/cultural (community social capital, social stability, culture)

Type of  intervention 
(efficacy)

Screening for psychotic experiences (data not 
available)161*

Perinatal phosphatidylcholine (modulated 
biomarkers of  neonatal brain develop-
ment164*; fewer attention problems and less 
social withdrawal165*); perinatal folate acid 
(improved executive functioning)167*; vitamin 
D, polyunsaturated fatty acids (inconclusive 
evidence)166**

Screening for bipolar 
experiences (data not 
available)163*

Psychoeducation for 
young people (improved 
affective symptoms but 
no evidence of  effect 
on incidence of  bipolar 
disorder)155***

Screening for depressive/anxiety experiences (data 
not available)163*

Psychological/psychoeducation (improved anxiety 
symptoms115***, but not as school-based 
interventions156*** and not in humanitarian 
settings120***; no evidence on preventing 
depression/anxiety disorders115***)

Public health strategies on school climate 
(improved depressive symptoms)171*

Physical exercise (reduced incidence of  anxiety 
disorders)174***

Reduction of  gender-based violence, child maltreatment, racial discrimination and xenophobia; basic income grants and im-
proved employment; safe neighbourhoods; reductions in violence; early response to environmental events; action on protecting 
vulnerable ecosystems; improved education (data not available)173****

Behavioural counselling to prevent illicit substance use in adolescents and young adults (no evidence of  efficacy)154***

* single study, ** systematic review, *** meta-analysis, **** umbrella review. K6/10 – Kessler Distress Scale 6- or 10-item
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cine166. A randomized controlled trial 
demonstrated that folate supplementa
tion could improve some neurocognitive 
biomarkers in children 8.5 years later167.  
Other compounds for use in pregnancy  
(vitamin D168, polyunsaturated fatty ac-
ids166) have been suggested, but no ran
domized controlled trials have been con
ducted, and the overall evidence is incon-
clusive166.

Several other compounds have demon-
strated hints of efficacy on experimental 
neurodevelopmental biomarkers (e.g., neo-
natal N-acetylcysteine62, sulphoraphane169, 
modulation of microbiota170) and are un-
der investigation in humans (not listed in 
Table 3). However, these surrogate mark-
ers have not been well validated, and thus 
it is unknown whether they would indeed 
translate to preventive benefits. Further-
more, it is important to have fully pre-
registered protocols, including details on 
which biomarkers will be collected and 
how/when they will be analyzed. The large 
number of markers and analytical options 
allows for a situation where spurious “posi-
tive” results may emerge/be more likely 
published.

Beyond surrogate markers, universal  
psychoeducation and psychological inter-
ventions 115,155,156 have been frequently test-
ed (blended with selective interventions, 
Table  3) for young people. Psychologi-
cal interventions may improve affective 
symptoms155, while psychotherapy/psy-
choeducation may improve some anxi-
ety symptoms115 (but not as school-based 
education intervention156). Multi-compo-
nent public health and youth engagement 
strategies impacting the overall school 
climate (rather than individual behaviour 
change) may improve depressive symptoms 
(along with physical health outcomes)171,172. 
However, there is no evidence that they can 
impact the incidence of depression/anxiety 
disorders115. As noted above, universal in-
terventions were not effective to prevent il-
licit substance use in the general adolescent 
and young adult population154, or to prevent 
common mental disorders in humanitarian 
settings120.

To date, the most established popu-
lation-level exposures encompass social 
determinants of mental disorders, which 
have become the cornerstone of public 

health prevention. A large umbrella review 
has summarized about 300 (mostly obser-
vational) papers on social determinants of 
psychotic, bipolar and common mental 
disorders, and empirically linked them 
with the Sustainable Development Goals 
promoted by the United Nations Member 
States in 2015 (demographic, economic, 
neighbourhood, environmental events, so-
cial and cultural domains)173. For example, 
there is strong evidence that adverse social 
and economic circumstances – including 
poverty, income inequality, interpersonal 
and collective violence, and forced migra-
tion – are key risk determinants of psychot-
ic disorders173.

The umbrella review identified several 
interventions that lie at the interface be-
tween universal, primordial and promo-
tion approaches and could potentially 
lead to high benefit for young people: re-
duction of gender-based violence, child 
maltreatment, racial discrimination and 
xenophobia, basic income grants and 
improved employment, safe neighbour-
hoods, reductions in violence, early re-
sponse to environmental events, action on 
protecting vulnerable ecosystems, and im-
proved education173. However, the review 
acknowledged that future trials should 
demonstrate the direct effect of these in-
terventions on psychotic, bipolar or com-
mon mental disorders; furthermore, many 
implementation challenges remain unre-
solved173.

Increasing exposures to population-
level protective factors

Current evidence is mostly limited to 
the promotion of good mental health (re-
viewed below). Other approaches have 
focused on universal physical exercise 
interventions in young people, to foster 
resilience and additionally relieve the as-
sociated physical health burden. A recent 
umbrella review has demonstrated that 
an exercise intervention may be poten-
tially effective in reducing the incidence of 
anxiety174 in the general young population. 
Universal exercise interventions have also 
been suggested for psychotic175 and bipo-
lar176 disorder. Interventions promoting 
positive lifestyle behaviours are under de-

velopment (see below). However, there is 
not yet solid evidence demonstrating that 
these interventions can prevent psychotic, 
bipolar or common mental disorders (see 
below).

Promotion of good mental health

Promotion of good mental health (not 
summarized in Tables 2-4) has received 
less research attention than prevention 
of mental disorders, mostly because op-
erationalization of outcomes have been 
fragmented41. Mental health promotion is 
also highly sensitive to different systems, 
cultures or clinical practices that differ in 
values. However, core domains of good 
mental health have been empirically pro-
posed177, encompassing mental health lit-
eracy, attitude towards mental disorders, 
self-perceptions and values, cognitive skills,  
academic/occupational performance, emo
tions, behaviours, self-management strat-
egies, social skills, family and significant 
relationships, physical health, sexual health, 
meaning of life, and quality of life41.

The consistency and magnitude of avail-
able interventions to promote good mental 
health in young people are similarly patchy 
and conflicting, comprising psychoeduca
tion (including parent training)178,179, psy-
chotherapy180,181, and less frequently 
physical therapy182, pet183 or art184 therapy.

A meta-analysis appraised the efficacy 
of these interventions aimed to promote 
good mental health in asymptomatic 
young people185. Compared to controls, 
available interventions significantly im-
proved mental health literacy (Hedges’ 
g=0.685), emotions (g=0.541), self-percep-
tions and values (g=0.490), quality of life 
(g=0.457), cognitive skills (g=0.428), social 
skills (g=0.371), physical health (g=0.285), 
sexual health (g=0.257), academic/occupa-
tional performance (g=0.211) and attitude 
towards mental disorders (g=0.177)185. An-
other recent umbrella review showed that 
positive psychology could increase subjec-
tive well-being186. Although several inter-
ventions could be effective, evidence was of 
modest quality, and it is unknown whether 
these interventions can later impact the in-
cidence of psychotic, bipolar or common 
mental disorders.
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FUTURE DIRECTIONS OF 
RESEARCH AND PRACTICE

In this section, we integrate the con-
ceptual frameworks with the evidence re-
viewed and suggest ten core ways toward 
advancing research and practice to pre-
vent psychotic, bipolar and common men-
tal disorders in young people.

Universal or targeted? Integrating 
preventive frameworks

An intense debate has lately centred 
on the antithesis between targeted and 
universal interventions for young peo-
ple. Some authors187 have split the field 
into proponents188-190, opponents191-193, 
and those with ambivalent attitudes194 to-
wards targeted interventions. A frequent 
criticism is that indicated prevention im-
plemented in CHR-P clinics should be 
replaced by universal/public health ap-
proaches, aimed for example to decrease 
cannabis use (an environmental risk factor 
for psychosis) in young people195. Similar 
criticisms are emerging for the indicated 
prevention of clinical high-risk states for 
bipolar disorder196,197. The overarching 
supporting argument is that targeted in-
terventions represent a “prevention para-
dox”187, because they can only benefit a 
small minority of young people198.

It is true that CHR-P clinics can currently 
detect only a minority of individuals who 
will later develop psychosis199 (similarly, 
early intervention services can only detect 
about half of first episode cases200), but re-
search innovations to overcome this limita-
tion are under development198,201. Notably, 
this criticism overlooks the fundamental 
conceptual point illustrated in Figure 1: tar-
geted approaches are expected a priori to 
target the tip of the iceberg of the popula-
tion-level risk, and are thus complementary 
and not antithetical to universal approach-
es. Furthermore, mainstreaming universal 
approaches to reduce cannabis abuse holds 
only theoretical foundation, because these 
approaches are not empirically effective in 
children, adolescents and young adults154.

Future research and clinical practice 
should better incorporate the continuum 
model for preventive psychiatry illustrated 

in Figure 2, which integrates universal, se-
lective and indicated approaches to syner-
gistically and complementarily maximize 
their efficiency in young people, and in-
deed across the age spectrum. For example, 
school-based interventions to prevent anxi-
ety and depression in children and young 
people are conceived as multilevel, sys-
tems-based interventions156 that encom-
pass different modalities. Another example 
concerns the quest for effective suicide pre-
vention initiatives in young people, where 
no single strategy clearly stands above the 
others, and combinations of individual- 
and population-level strategies have been 
recommended202. A further example may 
be the implementation of a stepped or se-
quential assessment framework encom-
passing face-to-face CHR-P or bipolar-risk 
assessment (indicated prevention) fol-
lowing universal screening with self-as-
sessment instruments (e.g., PQ, K6/10)203, 
and the enhancement of public health ap-
proaches already partially implemented 
by CHR-P services in the local community. 
Available meta-analyses show that targeted 
and universal interventions can be blended 
together in young people to help prevent-
ing postnatal depression152 or anxiety115.

In line with these arguments, the Lan-
cet Commission on Global Mental Health 
called for a joint global initiative on preven-
tive psychiatry integrating public health/
universal and targeted approaches173. 
However, if single interventions are not ef-
fective, it is yet unclear how exactly their 
combination could be optimally effective.

Advancing multivariable, 
transdiagnostic, multi-endpoint 
epidemiological knowledge

As noted by Leavell and Clark27, robust 
genetic and environmental epidemio-
logical knowledge is required to inform 
evidence-based preventive approaches. 
We have demonstrated above that this 
knowledge is currently limited, and several 
advancements are needed.

To date, non-genetic factors have been 
mostly measured in univariate analyses 
that cannot control for their intercorrela-
tion. Future epidemiological studies are 
required to augment polygenic risk pre-

diction by collecting multiple non-genetic 
exposures in the same individuals, using 
poly-environmental risk scores (e.g., psy-
chosis poly-risk score, PPS) recently de-
veloped204, and exploring their interaction 
with lifestyle behaviours (see below).

Environmental exposures can be meas-
ured with digital health technologies (elec-
tronic medical records, mobile apps)205, 
but pose more challenges to measure mas-
sively: for example, measurement error, 
missing data and selection biases may be 
prominent, and operational definitions of 
environmental exposures may vary across 
and even within datasets. Collaborative 
harmonization efforts should mitigate 
these obstacles and integrate polygenetic 
and poly-environmental information to 
better map the complex pathophysiology 
of psychotic, bipolar and common mental 
disorders.

Another area of future research is the 
identification of protective and resilience 
factors. To date, the disease-centric model 
of research has inhibited the investigation 
of resilience factors that predict good out-
comes (and that, therefore, cannot sim
ply be defined as the inverse of risk factors). 
Shared definitions of good outcomes should  
also be developed, in particular with respect  
to promotion of good mental health, which 
is currently too fragmented. For example, 
in the CHR-P field, there is a current refo-
cus on good outcomes beyond psychosis 
onset (e.g., functional status, remission, 
quality of life206). Importantly, these out-
comes hold transdiagnostic potential to 
accommodate multi-endpoint numerators  
across psychotic, bipolar and common men-
tal disorders (as well as across physical health 
disorders) that are essential to justify the de-
nominator of preventive (universal/selec-
tive/indicated) effort and cost. For example, 
social functioning is a shared domain across 
schizophrenia, depression and neurode-
generative disorders such as Alzheimer’s  
disease207.

Transdiagnostic approaches have been 
suggested to complement current psychi-
atric nosography208, which is intrinsically 
limited, in particular in young people209,210, 
by integrating clinical staging models and 
optimizing preventive efforts. However, 
to date, transdiagnostic approaches have 
been limited by several methodological 
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caveats that should be addressed by future 
research.

First, there are frequently reporting in-
consistencies (e.g., definition of the gold-
standard DSM/ICD diagnoses, outcome 
measures, and type of transdiagnostic ap-
proach) and low quality of studies, with 
few findings externally replicated211. Fu-
ture studies could use the TRANSD recom-
mendations, that may help improving the 
reporting of transdiagnostic research212. 
Second, while psychotic, bipolar and com-
mon mental disorders exhibit both multi-
finality (the same aetiological agents can 
result in different mental health disorders) 
and equifinality (multiple agents can lead 
to the same disorder), knowledge into 
shared risk/protective factors (Table 3) is 
still limited. The latter are mostly limited 
to social determinants of mental disorders, 
childhood adversity and familial vulnera-
bility (and physical health/lifestyle behav-
iours discussed below). For example, risk 
of mood disorders is significantly increased 
among offspring of parents with schizo-
phrenia (relative risk, RR=1.62), while the 
risk of schizophrenia is significantly in-
creased in offspring of parents with bipo-
lar disorder (RR=6.42)121. However, there 
is also evidence for diagnostic specificity: 
machine learning reclassification studies 
demonstrated a distinction between schiz-
ophrenia and mood disorders213; treat-
ment requirements and outcomes also 
differ55. Similarly, while early neurocogni-
tive functioning has been suggested as a 
promising transdiagnostic biomarker214, 
some studies suggest that it is more spe-
cific to psychosis than to common mental 
disorders215.

No convincing evidence supports the 
existence of a truly transdiagnostic bio-
marker147. Evidence supporting a transdi-
agnostic clinical staging model that cuts 
across psychotic, bipolar and common 
mental disorders216,217 is similarly limited 
to a few studies218, with scarce empirical 
validation219. There are also concerns that 
the natural course of bipolar220 and depres-
sive221 disorders does not necessarily or 
consistently follow a clinical staging model. 
However, future research in this field is ex-
pected. For example, pervasively reduced 
neocortical thickness was recently found to 
be shared across psychotic and common 

mental disorders, representing a poten-
tially transdiagnostic marker of general psy-
chopathology (termed “p factor”)222. Thus, 
universal prevention of all these disorders 
may, in theory, overlap greatly.

Synergically preventing common and 
infrequent mental disorders

Refined transdiagnostic preventive ap-
proaches could facilitate targeting more 
prevalent common mental disorders to 
synergistically prevent the more infre-
quent psychotic and bipolar disorders, 
whose incidence may have been pro-
gressively declining198, although not 
everywhere223. Notably, the notion that 
psychotic symptoms are not infrequent 
but rather common among young individ-
uals is caused by the trivialization of their 
contextual significance and operation-
alization, resulting in non-specificity224. 
For example, surrogate markers, such 
as psychotic experiences, are frequently 
conflated with the APS of the CHR-P 
state225 (without explaining what makes 
a symptom truly “psychotic”225). Unlike 
self-assessed psychotic experiences, APS 
require detection by an experienced and 
trained clinician to distinguish pathologi-
cal from non-pathological phenomena226, 
and they are neither common features nor 
distributed continuously in the general 
population, accounting for only 0.3% of 
individuals227.

Overall, 66% of the incidence of clinical 
psychosis in the population is accounted 
for by preceding mood disorders187. This 
finding is not new: Conrad’s phenomeno-
logical clinical-stage model of psychosis 
onset228 established early mood dysregu-
lation as the underlying core feature. At 
the same time, a substantial proportion 
(37%) of the population-level incidence of 
psychosis is explained by the CHR-P stage, 
independently from mood disorders187. 
The majority of CHR-P individuals have 
comorbid non-psychotic mental disorders 
(which do not increase the risk for psycho-
sis but tend to persist over time229), mostly 
common mental disorders: 41% depres-
sive disorders and 15% anxiety disor-
ders72,230. These findings demonstrate that 
the CHR-P state is already partially trans-

diagnostic (some cases of psychosis may 
originate outside it198), potentially captur-
ing a psychosis dimension that emerges 
from anxiety or depressive disorders.

These considerations may inform the 
future configuration of preventive health 
care services. Conventional mental health 
services are not generally engineered to 
detect and prevent psychosis onset from 
anxiety or depressive disorders, as claimed 
by some authors195,231. Young people at 
risk for psychosis or bipolar disorder typi-
cally present with blurred and unspecific 
symptoms that are too mild to fulfil the en-
try criteria of conventional mental health 
services. An alternative approach may be 
to enhance the transdiagnostic potential of 
current preventive (e.g., CHR-P) services, 
implementing the detection of emerging 
bipolar and depressive (and anxiety) dis-
orders and better integrating them with 
primary care to facilitate the prevention of 
physical health burden3. Such initiatives 
are emerging232.

Furthermore, the needs-based sup-
port and the public health campaigns rou
tinely offered by CHR-P services could be  
expanded to better address the social deter-
minants of psychotic and common mental 
disorders at the population level233. CHR-P 
services also represent a successful global 
template for transitional mental health 
services and applied clinical research232 
that fully integrate between adolescence 
and young adulthood67. This overcomes 
the historical paediatric-adult bifurcation, 
in which children and adolescent mental 
health services are usually cut at the age 
of 15 or 18 (the transitional period), when 
young people are most liable to mental 
disorders. This current two-tier clinical re-
search system is developmentally inappro-
priate (psychopathology and brain matura-
tion see no abrupt transition among ado-
lescence and early adulthood) to advance 
preventive psychiatry for young individu-
als, and leads many of them to fall through 
cracks.

To overcome these issues, broader youth- 
friendly mental health services that ensure 
low-threshold entry into pathways to care 
are currently advocated, but solid effec-
tiveness evidence is still needed3, and cau-
tion is advised to not over-pathologize the 
potentially non-specific or transient occur-
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rence of common mental health problems 
in young people234.

Preventing physical and mental 
health burden together

Despite the interconnectedness be-
tween mental and physical health prob-
lems (e.g., several shared risk factors)42, 
the severe physical health burden asso-
ciated with emerging mental disorders 
in young people is not yet systematically 
incorporated in preventive approaches. 
A recent umbrella review of the top-tier 
evidence has demonstrated that some 
lifestyle behaviours – such as low levels of 
physical activity, sleep disturbances, ad-
verse dietary patterns, and tobacco smok-
ing – are associated with an increased 
risk of psychotic, bipolar and depressive/
anxiety disorders235. Future research could 
employ the TRANSD criteria to ascertain 
the transdiagnostic potential of lifestyle 
behaviours: for example, poor sleep is as-
sociated with bipolar disorder and depres-
sion/anxiety but not psychosis, while poor 
diet is associated with depressive disor-
ders only235.

Prevention for these risk factors is cur-
rently driven by initiatives siloed in other 
non-communicable disorders, such as 
cancer and obesity. However, these fac-
tors are also common across physical 
disorders: pursuing physical health and 
positive lifestyle behaviours is a tantaliz-
ing population-level strategy for universal 
prevention, making sense for concurrently 
reducing the risk of many other physical 
diseases42. The numerator of cost and risk 
is thus offset by a denominator of multi-
ple psychiatric and physical disease end-
points236.

Experience from smoking prevention 
suggests that similar public health popu-
lation-level interventions are far more ef-
fective than individual-level approaches. 
However, current preventive capacity is 
limited235 (e.g., selective/universal physi-
cal exercise may prevent common mental 
disorders157,174, but these findings need 
to be consolidated), and future research 
should establish the most effective physi-
cal health/lifestyle interventions in young 
people.

Implementing stratified/personalized 
prognosis

Modern advancements in the field of 
individualized prediction modelling aim 
to consolidate stratified (tailored to sub-
groups) or precision (tailored to the indi-
vidual subject) preventive psychiatry in 
young people237. Several individualized 
risk prediction models for forecasting the 
onset of psychosis, bipolar and depres-
sion/anxiety in young people238 (see Ta-
ble  5) have been externally validated in 
terms of prognostic accuracy, which is 
an essential step to address the extent to 
which predictions can be generalized to 
the data from plausibly related settings.

Despite these progresses, prognostic 
accuracy for most of these models is not 
sufficient to prove clinical utility and im-
plementability across different scenari-
os239. In fact, a systematic review has found 
that only about 5% of the total pool of risk 
prediction models published in psychiatry 
is externally validated, and that only 0.2% 
are being considered for implementation 
(most models may not cross the imple-
mentation threshold, as they would not 
improve outcomes), highlighting a pro-
found replication and translational gap240. 
For example, across all prognostic mod-
els reviewed in Table 5, only the transdi-
agnostic risk calculator has been piloted 
for real-world implementation in clinical 
practice241.

To overcome these limitations, the next 
generation of research should prioritize 
further refinements and replications of ex-
isting algorithms. Given their complexity, 
the weighting of the predictors may vary 
considerably with context (e.g., adolescent 
vs. young adult, geographic contexts). For 
those models that may reach higher lev-
els of proof for clinical utility, the imple-
mentation pathway is a perilous journey 
undermined by several obstacles, related 
to individuals involved (e.g., making their 
data available or accepting the outputs of 
the risk calculators), clinicians (e.g., adher-
ence to the recommendations made by 
prediction models, communicating risks), 
providers (e.g., confidentiality of data, in-
terpretability of outputs) and funders/
organizations (implementing standard 
prediction procedures)238.

Implementation science itself is con-
tested and complex, and there is no solid 
general implementation framework and 
practical guidance for preventive psychia-
try. The next generation of research in this 
field should develop a coherent and prag-
matic implementation framework and as-
sociated international infrastructures177.

The latter necessitate collaborative data 
sharing efforts and international, large-
scale, harmonized and multimodal (e.g., 
psychopathological, neurobiological, neu-
rocognitive) clinical research databases, 
integrated with digital technologies (e.g., 
electronic medical records), as well as spe
cific support from funders and stakehold-
ers237. Harmonization is likely to be most 
successful for future datasets that are 
prospectively collected. However, efforts 
should also be made to standardize (to the 
extent possible) existing datasets that al-
ready include large amounts of data.

Establishing evidence-based 
preventive interventions

Another area of future research is the 
development of evidence-based preven-
tive interventions to overcome the current 
divergence between “political” literature, 
which tends to deliver an overoptimistic 
message, and evidence-based literature, 
which emphasizes methodological bi-
ases and the inconsistency of the available 
findings. For example, two independent 
meta-analyses found no evidence (as op-
posed to evidence of absence) to favour 
specific interventions for preventing psy-
chosis in CHR-P individuals93,94. Without 
providing any meta-analytical counter-
evidence, some authors have complained 
that evidence needs to be contextualized, 
because the “potential for improvement 
is a key message for patients, families, and 
practitioners”242. The Cochrane authors 
replied that their meta-analysis was not a 
criticism of the valuable preventive aims, 
but only scientific grading of the available 
evidence243.

Along these lines, Caplan first noted 
that, although there was little empirical ev-
idence to support primary prevention and 
little knowledge of the aetiology of mental 
disorders, “there appears to be validity to 
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the assumptions”244 of primary prevention, 
which ought not to be suspended while 
awaiting the results of evidence-based 
medicine. This tension extends beyond the 
CHR-P paradigm: other evidence-based 
syntheses have disconfirmed initial prom-
ising findings relating to the indicated/se-
lective/universal prevention of anxiety and 
depression113,115,156 or reduction of sub-
stance abuse in young people154, and these 
debates are even more pronounced for 
public health approaches targeting social 
determinants of mental disorders. The goal 
to prevent psychotic, bipolar and common 
mental disease is noble, but this alone 
does not justify the use of interventions 
where there is no demonstrated effective-
ness. Preventive breakthroughs that do not 

show cost-effectiveness (see below) are 
also unlikely to be implemented in health 
care systems and in the general popula-
tion, and this would be for good reasons. 
Future research is also needed to better 
customize the effectiveness of preventive 
interventions to several vulnerable groups 
such as refugees, prisoners, persons in 
humanitarian contexts; lesbian, gay, bi-
sexual and transgender persons; persons 
who are being bullied or exposed to vio-
lence, and those who have recently been  
bereaved.

Future research should also explore 
methodological innovations. The lack of 
evidence to favour several preventive in-
terventions113,115,154,156 may indicate that a 
one-size-fits-all approach is not effective 

and obfuscates the efficacy for specific 
subgroups of individuals. Future individ-
ual-participant data level network meta-
analyses are under planning245 and may 
help deconstructing the effect of different 
individual- or subgroup- level factors. As 
new interventions in this field are being 
tested at a rapid pace, living meta-analyses 
may be particularly useful to update the 
emerging evidence. However, subgroup 
effect claims have a notoriously poor re-
cord of validation across medicine246,247. 
Moreover, even if present, they would re-
quire very large sample sizes to be able to 
document and validate them in a rigorous 
fashion. Even large individual-level meta-
analyses may not identify effect modifi-
cation in most medical interventions248. 

Table 5  Externally validated, individualized prognostic models for forecasting the onset of  psychotic, bipolar (BD), and major depressive (MD)/ 
generalized anxiety (GAD) disorders in young people

Outcome Predictors

Development sample size 
(mean age, location); 

performance (measure)
External validation sample size (mean 
age, location); performance (measure)

Cannon et al291 Psychosis onset 
in CHR-P

Age, family history, unusual thoughts and 
suspiciousness, lower verbal learning and 
memory performance, slower speed of  
processing, decline in social functioning

596 (18.5, US); 0.71  
(C-index)291

176 (16.6, US); 0.79 (AUC)292

199 (19.1, China); 0.63 (AUC)293

68 (18.59, US); 0.71 (AUC)294

Zhang et al295 Psychosis onset 
in CHR-P

Functional decline, positive symptoms, 
negative symptoms, general symptoms

349 (20.4, China); 0.744 
(AUC)295

100 (age not available, China); 0.804 
(AUC)295

68 (18.59, US); 0.65 (AUC)294

Fusar-Poli et al199 Transdiagnostic 
psychosis 
onset in 
secondary 
mental health 
care patients

Age, sex, ethnicity, age by gender, ICD-10 
index diagnosis

33,820 (34.4, UK); 0.80 
(C-index)199

54,716 (32.0, UK); 0.79 (C-index)199

13,702 (40.9, UK); 0.73 (C-index)296

33,710 (22.7, UK), 0.79 (C-index)297

2,430,333 (34.2, US); 0.68 (C-index)298

Refined version including 14 symptoms 
extracted with natural language processing

28,297 (34.8, UK); 0.86 
(C-index)299

63,854 (33); 0.85 (C-index)299

King et al300 MD onset in 
primary care

Age, sex, country educational status, difficulties 
in work, history of  depression in first-degree 
relatives, experience of  discrimination, 
lifetime major depression episode, mental 
quality of  life, physical quality of  life

5,216 (48.9, UK, Spain, 
Slovenia, Portugal, The 
Netherlands); 0.79  
(C-index)300

1,732 (47.0, Chile); 0.71(C-index)300

29,621 (43.8 US); 0.71(AUC)301

King et al302 GAD and MD 
onset in 
primary care

Age, sex, country, difficulties in paid and 
unpaid work, history of  depression in first-
degree relatives, follow-up period, lifetime 
major depression episode, mental quality of  
life, physical quality of  life

4,905 (age not available, 
UK, Spain, Slovenia, 
Portugal); 0.75  
(C-index)302

5,140 (age not available, Netherlands, 
Estonia, Chile); 0.71-0.81 (C-index)302

24,626 (age not available, US); 0.62 
(AUC)303

Birmhaer et al304 Onset of  BD-I 
or BD-II from 
sub-threshold 
BD symptoms

Age, sex, mania, depression, anxiety, 
emotional lability, functioning, duration of  
BD, ethnicity, family history of  BD

140 (11.9, US); 0.71 
(AUC)304

58 (11.9, US); 0.75 (AUC)304

Raket et al201 Onset of psychosis  
(schizophrenia) 
from primary 
and secondary 
care

Demographics and dynamic medical events 
(diagnoses, prescriptions, procedures, 
encounters and admissions, observations, 
and laboratory test results)

102,030 (42, US);  
0.856 (AUC)201

4,770 (age not available, US); 0.799 
(AUC)201

CHR-P – clinical high risk for psychosis, AUC – area under the curve
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Subgroup effects and intervention effect 
heterogeneity require rigorous documen-
tation and validation before being adopt-
ed249,250.

Another explanation for the lack of evi-
dence may be that dilution of risk enrich-
ment and infrequent events may have led 
to reduced statistical power to find a dif-
ference between a preventive intervention 
and a control group (e.g., more than 2,000 
CHR-P individuals are needed to detect 
a 50% reduction in risk to psychosis251). 
Stratification algorithms to control for risk 
enrichment and inform trial recruitment 
are under development252, and harmoni-
zation of large-scale datasets within inter-
national research consortia is expected to 
increase the statistical power.

Future meta-analytical approaches 
could also exclude low-quality studies in-
stead of pooling all available data (which 
has frequently been advocated242), most of  
which may be of insufficient quality253- 

255. Future interventional studies should 
investigate the efficacy of emerging pre-
ventive compounds (e.g., oxytocin, N-
acetylcysteine, cannabinoids), screening 
procedures (e.g., maternal screening, bi-
polar risk screening, screening in low/
middle-income countries) or refined psy
choeducation interventions (e.g., for asymp
tomatic bipolar familial risk, reduction of 
alcohol and illicit substance abuse). Innova-
tive adaptive trial designs256 that integrate 
with stepped preventive care should also be 
considered.

Developing an ethical framework for 
preventive psychiatry

Preventive medicine in young people 
brings some ethical challenges. For exam-
ple, the potential cost, inconvenience, social 
stigma and other harms of a false-positive 
designation in young people may be high257. 
These concerns are corroborated by lack 
of valid biomarkers of risk (remarkably, 
there are no approved biomarkers in all of 
psychiatry) and adverse effects of antipsy-
chotics258,259 or other psychotropic agents. 
Antipsychotics are not recommended for 
preventing psychosis68, and these mole
cules are likely to be inappropriately pre-
scribed to young people at risk outside 

preventive programmes260. Psychological/
psychosocial interventions may also be as-
sociated with adverse effects. Population 
interventions to prevent substance abuse 
in children or common mental disorders in 
humanitarian settings have been shown to 
worsen outcomes261 and to be not more ac-
ceptable than the waiting-list condition120. 
Notably, similar ethical issues have been 
raised in preventive medicine: for example, 
handling pre-diabetes (intermediate hy-
perglycaemia) has been challenged for the 
risk of false positives, as many people do 
not progress to diabetes262.

Another question is the extent to which 
sharing a risk designation with young peo-
ple and their families may produce harmful 
stigma (non-maleficence: first do no harm) 
or offer benefits (beneficence: helping the 
youth) and autonomy263. One perspective 
is that, in the absence of solid evidence for 
effectiveness and with potential for harm, 
preventive services may be seriously ques-
tioned. However, evidence shows that 
stigma is lower in service users than in their 
health care professionals264, and caused by 
the service user’s experience of symptoms 
rather than induced by the clinician’s des-
ignation265. Stigma seems also associated 
with at-risk features even when no at-risk 
label is attached266, and level of stigma in 
preventive services is comparable to that 
associated with depression267. Thus, shar-
ing an at-risk designation may not only be 
helpful (beneficence), but honour the ethi-
cal principle that young people have the 
right to receive information relevant to their 
health (autonomy)268, in particular given 
the very real morbidity (e.g., functional im-
pairments of CHR-P individuals77), risks 
(e.g., up to 40% risk of developing persistent 
psychosis at 2 years for BLIPS269), and their 
active help-seeking behaviours.

A counter-argument is that, if no effec-
tive preventive intervention can be provid-
ed, then knowing in advance may not be 
helpful outside clinical monitoring (which 
can reduce the duration of untreated disor-
der90). However, young people accessing 
preventive (e.g., CHR-P) services benefit 
from an integrated package of vocational, 
psychosocial and familial support inter-
ventions which would otherwise not be 
available to them. Prognostic communica-
tion in these services is nuanced, tailoring 

it to each individual, illustrating the varying 
outcomes that might be possible (remis-
sion/response, persistence, worsening), 
and that currently there is no certain way to 
distinguish those possibilities for any given 
individual263. Furthermore, service user 
groups are actively involved in designing 
dissemination materials and advising on 
service delivery3. The effectiveness of these 
approaches needs better study but, in prin-
ciple, they may help young people endorse 
the need for several precision/preventive 
psychiatry concepts, including how testing 
may lead to tailored interventions270.

Future collaborative research should set 
up an ethical framework for implementing 
preventive psychiatry in young people, in-
volving health care workers, policy makers, 
service users and their families, and put-
ting emphasis on the subjective experience 
of the youth271. This call would realize the 
vision of predictive, preventive, personal-
ized and participatory (“P4”) psychiatry 
and help ensure that future progresses oc-
cur in an ethically acceptable manner that 
optimizes benefits and minimizes harms 
for young people268.

Improving prevention through 
education and training

The recent systematic development of 
science-based prognosis and prevention 
for young people should be reinforced by 
a comprehensive educational action tar-
geting several stakeholders. Editors and 
reviewers of scientific journals should be
come aware that improving reproducibility 
standards is needed to maximize the ef-
ficiency and trustworthiness of preventive 
research for young people237. Power and 
other statistical issues need to be consid-
ered when interpreting the results of stud-
ies.

Another problem is that the current di-
vision of medical training leads to often 
contrasting approaches among adolescent 
versus adult health care workers, enhancing 
the cultural divide among the specialities. 
Innovative curricula could be developed to 
train new “transitional” health care workers, 
which could also incorporate core concep-
tual and methodological issues pertaining to 
the science of prognosis and preventive in-
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terventions (for example, universal/public  
health approaches may require economic 
or social understanding that extends be-
yond medical knowledge33).

Future curricula should also rectify the 
ongoing erosion of psychiatric training on 
psychopathology and phenomenology, 
boosted by checklist and algorithmic ap-
proaches in the context of pressured health 
care, to avoid blurring the borders between 
pathology (e.g., psychotic symptoms) and 
variants of the normal (e.g., psychotic ex-
periences)272 in young people.

Furthermore, knowledge and resources 
in the prevention of mental disorders and 
mental health promotion in young peo-
ple are unevenly distributed around the 
world, and global training initiatives are 
needed to support countries that are still 
lacking capacity and expertise. This goal 
could be achieved through international 
networks of collaborating research cen-
tres273. Finally, policy makers should be 
educated on the achievements and limita-
tions surrounding the prevention of men-
tal disorders in young people, and funders 
supported to design preventive calls.

Consolidating the cost-effectiveness 
of preventive psychiatry

Due to high health care cost and im-
paired ability to work, psychotic, bipolar 
and common mental disorders in young 
people lead to a huge economic burden, 
estimated at US$ 16.3 trillion by 2030 (in-
cluding neurological and substance use 
disorders), exceeding cardiovascular dis-
ease, chronic respiratory disease, cancer 
and diabetes, and accounting for more 
than half of the global economic burden 
attributable to non-communicable diseas-
es274. However, the current global median 
expenditure on mental health is low (only 
US$ 2.5 per person annually, account-
ing for less than 2% of government health 
expenditure globally275), and this may be 
a major reason for the wide gap between 
young people’s mental health needs and 
the provision of preventive interventions275.

Cost-effectiveness of preventive inter-
ventions is essential to avoid adding pres-
sure on already overstretched health care 
budgets. Available evidence indicates that 

cost-effective preventive interventions 
may include perinatal screening-plus-
intervention  programmes276, stepped 
care for the prevention of anxiety (but not 
depression)277, and prevention of psycho-
sis in CHR-P individuals (savings of US$ 
844 per prevented psychosis278). How-
ever, economic evaluations of preven-
tive approaches in young people remain 
relatively neglected279. Moreover, these 
cost-effectiveness estimates may also be 
biased in favour of the tested interventions 
for various reasons (e.g., involvement of 
authors who are supportive of the inter-
ventions and/or practice them themselves, 
uncertain and inflated estimates of effec-
tiveness, lack of reasonable estimates on 
most of the potential harms, difficulty to 
translate some harms, such as stigma, into 
quantitative parameters).

Future research should try to remedy 
some of these shortcomings and address 
economic evidence gaps in perinatal 
bipolar or anxiety disorders275, adoles-
cent mental health280, interventions in 
low-resource settings (cost-effectiveness 
evidence may not be transferable across 
different countries) and youth mental 
health services275. Future economic pre-
ventive studies should also consider a 
long-term time horizon, in the light of the 
potentially progressive nature of these dis-
orders and the wider familial and societal 
impact outside health care. Finally, the 
interconnectedness of socio-economic, 
religious, cultural, ethnic inequalities and 
cost-effectiveness275 should be better ad-
dressed.

Decreasing inequalities to prevent 
mental disorders

Prevention of mental disorders in young 
people has not yet solidified as global re-
search or programmatic focus281. We have 
demonstrated above that universal public 
health approaches targeting the social de-
terminants of mental disorders hold the 
greatest potential for reducing the risk pro-
file of the whole population. For example, 
the wide adoption of neo-liberal economic 
policies and globalization has increased 
wealth inequality (e.g., in the US, the top 
10% of the population averages nine times 

as much income as the bottom 90%), which  
is robustly associated with psychotic and 
depressive disorders282.

Effective actions may include reduc-
ing income inequality, such as progres-
sive taxation policies and a basic universal 
income, in combination with promotion 
of good mental health and provision of 
packages of care with demonstrated effec-
tiveness283. However, the effectiveness of 
poverty alleviation strategies is uncertain 
and requires further research; conversely, 
selective or indicated approaches in sub-
groups with mental health issues have the  
potential to improve economic outcomes284.

Future public health research will also 
require advancements in epidemiologic 
methods of causal inference, improve-
ments in data quality and availability233, 
robust randomized controlled trials to 
demonstrate specific effectiveness on psy-
chotic, bipolar and mental disorders, qual-
itative research to customize interventions 
around context/culture, and mixed-meth-
od implementation science to assess the 
scaling up of interventions173.

Future public health approaches re-
quire committed and sustained efforts to 
address a range of other barriers, a strong 
health sector responsibility, and a vigorous 
leadership role in bringing society-wide 
attention and cross-government actions 
together. This point is particularly critical, 
given the experience of smoking preven-
tion, whose success was predicated on 
successive hard-fought public policy bat-
tles.

Governments should tackle unaccepta-
ble inequalities in young people’s mental 
health285, and invest on improving the so-
cial determinants of their mental health: 
education, employment, social care, hous-
ing, criminal justice, poverty alleviation, 
social security/welfare benefits, commu-
nity development, and immigration275. 
These inequalities are likely to increase 
with the current COVID-19 pandemic, 
which will force to change mental health 
services, focusing even more on flexible 
systems that include prevention286.

Addressing these inequalities should 
be the shared responsibility of profession-
als across systems of care, representing the 
fundamental pillar of an individualized 
approach to youth mental health233. Such 
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primordial-like type of prevention argues 
for universal health care coverage and par-
ity between physical and mental health275. 
It is hoped that more progress in this di-
rection can be achieved in the decade to 
come, as much is at stake for young people 
at risk for and with emerging psychotic, bi-
polar and common mental disorders.
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COMMENTARIES

Public health psychiatry: an idea whose time has come

Six years ago, K. Walhbeck1 proposed 
in this journal that “the evidence base for 
public mental health interventions is con-
vincing and the time is now ripe to move 
from knowledge to action”. Unfortunate-
ly, the field of public mental health has 
moved too slowly. Indeed, the scholarly 
review by Fusar-Poli et al2 concludes that 
“prevention of mental disorders in young 
people has not yet solidified as global re-
search or programmatic focus”.

Prevention has a long history in medi-
cine, with early successes such as the use of 
lemons by J. Lind in 1747 to prevent scurvy 
in the British Navy, and J. Snow’s removal of 
the handle of the Broad Street water pump 
in 1854 to prevent the spread of cholera 
in London. There have also been notable 
advances in prevention of neuropsychiat-
ric disorders. One hundred and fifty years 
ago, patients with neurosyphilis, such as F. 
Nietzsche, occupied thousands of beds in 
mental hospitals. More recently, the toxic 
effects of phenylketonuria were neutral-
ized by phenylalanine-free diet, and the 
threatened epidemic of AIDS-related de-
mentia was averted by the development of 
effective medicines for HIV.

Public health approaches are common 
in medicine. Mass X-ray screening for tu-
berculosis was highly effective, and indeed 
one of us (RMM) was diagnosed, while a 
Glasgow medical student, as having early 
tuberculosis by such a screening campaign. 
Cardiologists, faced with an epidemic of 
fatal myocardial infarction in the mid 20th 
century, realized that treatment with ever-
more expensive interventions was not 
reducing prevalence; influenced by epi-
demiologists such as G. Rose, they turned 
their attention to prevention. Tackling the 
risk factors for coronary artery disease (such 
as poor diet, high blood pressure, high cho-
lesterol and smoking) has led to dramatic 
reductions in the prevalence of myocardial 
infarction. Similarly, oncologists have long 
embraced screening and prevention of lung 
cancer by reducing tobacco smoking in the 
general population, and now hepatologists 
are realizing that they cannot continue to 
treat end-stage liver disease without tack-
ling the root cause – alcohol.

Why has psychiatry lagged so far behind 
other specialties in embracing a preven-
tive approach? It has not always been like 
this. During the period of psychoanalytic 
supremacy, from the 1940s to the 1970s, 
psychiatrists commonly gave advice on 
how to improve mental health, for instance 
by more liberal child rearing practices. In-
deed, A. Gregg told the American Psychi-
atric Association in 1944: “there will be 
applications [of psychiatry]... to the human 
relations of normal people – in politics, 
national and international, between races, 
between capital and labor, in government, 
in family life, in education, in every form of 
human relationship, whether between in-
dividuals or groups”3.

With the decline of psychoanalysis, how
ever, psychiatry retrenched to the clinic and 
the idea of prevention disappeared from 
view. The Decade of the Brain from 1990 to  
1999 had a primary focus on “brain re-
search”, with ever more sophisticated neuro-
science, imaging and genetic techniques. 
But improved knowledge of how the brain 
“works” did not lead to a reduction in prev-
alence of mental illness.

As outlined by Fusar-Poli et al, the re-
emergence of interest in prevention in psy-
chiatry came with indicated prevention, 
in the form of early intervention units for 
first episode psychosis. These have been 
shown to improve patient health and to 
be cost-effective. Subsequently, selective 
prevention in the form of “at risk mental 
state” services was proposed by McGorry 
and Yung in Australia, and enthusiastical-
ly adopted by academic centres in the US 
and Europe. The “at risk mental state” par-
adigm has brought a fresh way of thinking 
about prevention of mental illness, and, as 
Fusar-Poli et al note, has now expanded to 
subsume a transdiagnostic approach and 
a focus on youth mental health in general. 
Sadly, this approach has not resulted in 
the hoped-for reduction in incidence of 
psychotic disorders, as the service model  
reaches only a minority of those indivi
duals who will ultimately develop psycho-
sis4.

Psychiatry needs to move “upstream” 
and identify possible candidates for selected 

prevention in childhood, such as subclinical 
psychotic experiences, developmental de-
lays, psychological and behavioural prob-
lems, or family history of mental illness. 
Focusing on children with a combination 
of these risk factors, or possibly combin-
ing them with biological measures, has 
potential for intervention. But how to in-
tervene? It has been suggested5 that “fos-
tering self-esteem, improving parent-child 
relationships, promoting secure attach-
ment relationships with trusted others, 
increasing social and neighbourhood sup-
ports, and reducing bullying all play a part 
in improving outcomes”. The evidence is 
there, but psychiatry cannot act alone to 
implement such broad-ranging measures, 
and needs “buy-in” from policy makers.

In medicine, universal primary preven-
tion has been shown to be more cost-effec-
tive than developing “high-tech” treatments 
for those with established disease. Persuad-
ing the general public not to smoke tobacco 
has saved many more lives than operating 
on those with lung cancer or thrombotic 
coronary arteries. Do we have equivalent 
opportunities to prevent mental disorder 
by diminishing population exposure to risk 
increasing factors? Fusar-Poli et al raise the 
possibility of reducing mental illness by 
developing more equitable societies, and 
point to the high rates of mental disorder 
in inner cities. High population density, 
greater exposure to stress, pollution and 
crime, and lack of green space have all been 
suggested as responsible for the psycho-
toxic effect of urbanicity. Although urban  
planning is beyond the expertise of men-
tal health professionals, we can convince 
policy makers, by presenting the evidence, 
that there is an urgent need to re-engineer 
our cities to improve public mental health.

When examining individual-level risk 
factors, the best-replicated risk factors in the 
field of psychosis are obstetric events, child 
abuse, migration, adverse life events, and 
heavy cannabis use6. Improved perinatal 
care, supporting positive parenting, and re-
ducing poverty and income inequality can 
pay dividends for future generations7. But 
there is an urgent need to address one risk 
factor which is increasing rapidly in both 
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strength and prevalence – cannabis use.
The worldwide trend towards increasing 

use of cannabis, especially of high potency 
varieties, cries out for a preventive ap-
proach8. A trans-European study estimated 
that, in London and Amsterdam, 30% and 
50% of new cases of psychosis, respectively, 
would be prevented if no one smoked high-
potency cannabis. The risk of developing 
psychotic disorder was increased 5-fold in 
those with daily use of high-potency can-
nabis compared with those who did not 
use cannabis8. This is a similar effect size as 
between asbestos and lung cancer, but the 
outcome is much earlier in life. We cannot 
just wait in our units and emergency de-
partments to treat the increasing numbers  

of young people with cannabis-related psy
chosis. There is much to learn from the pub
lic education programme implemented in 
Iceland over the last 20 years, with remark-
able decreases in rates of alcohol consump-
tion and tobacco and cannabis smoking 
among young people9.

It is time for mental health professionals 
to speak up about the risks of heavy use of 
cannabis on rates of psychosis and other 
mental health problems. It is time to move 
out of the clinic, remove the handle from the 
pump, and embrace the challenge of public 
health psychiatry.
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Full speed ahead on indicated prevention of psychosis

Fusar-Poli and eminent colleagues1 con
clude their encyclopedic review of preven-
tion in psychiatry by calling for governments  
to tackle inequalities in young people’s men
tal health and to invest in improving its so
cial determinants: education, employment, 
social care, housing, criminal justice, poverty 
alleviation, social security/welfare benefits, 
community development, and immigra-
tion. We stand firmly with Fusar-Poli et al on 
this position and would add social justice 
and public safety to the list. Academics as 
individuals and their institutions and pro-
fessional organizations should assist gov-
ernments to pursue youth mental health as 
a top priority.

We further commend Fusar-Poli et al for 
their scholarly review of prevention con-
cepts and in particular their noting that both 
the public health framework and the World 
Health Organization framework provide 
the possibility that some disorders carry 
risk for other disorders and that conceptual 
boundaries between preventive and treat-
ment interventions can be porous. We often 
hear in academic discussions that an inter-
vention must be either preventive or a treat-
ment and that an entity must be defined 
and named either by risk or by severity, as in 
clinical high risk (CHR)2 vs. attenuated psy-
chosis, or prodromal Alzheimer’s disease 
vs. mild cognitive impairment. Our view 

has long been that the same intervention 
can provide both treatment and preven-
tion, and that CHR is both a disorder and 
an indicator of risk for future more severe 
disorders. In this context, the term “risk syn-
drome”3 may be preferable.

We may part ways, however, with Fusar-
Poli and colleagues on the relative roles of 
universal and indicated prevention. Not-
withstanding the promise of interventions 
such as phosphatidylcholine and folic acid 
tested against surrogate biomarkers, the 
authors’ extensive review sadly identifies 
few if any universal or selective interven-
tions that meet effectiveness, cost-effec-
tiveness, and implementation standards 
for reducing the incidence of any mental 
disorder. The authors’ contention that 
universal public health approaches hold 
the greatest potential for reducing the risk 
profile of the whole population does not 
seem predicated on empirical evidence 
but rather on theoretical potential.

Along those lines, we take issue with 
the authors’ conceptual Figure 1, partly 
the basis for their advocacy for universal 
prevention. This figure shows universal 
prevention shifting the curve between 
spectrum of risk and numbers of people 
to the left, such that there would appear 
to be no people remaining in the highest 
risk group who would require indicated 

prevention. Rather than a shift of a nor-
mal curve’s x-intercepts to the left, under 
a universal approach we would expect to 
see a skewing of the curve such that the 
risk x-intercepts remain fixed, the left side 
becomes steeper and higher, indicating a 
larger number of persons at lower risk, and 
the right side flattens, indicating a smaller 
but not zero number of persons at higher 
risk.

In our alternate conceptualization, there 
would be a continued need for indicated 
prevention even under conditions of suc-
cessful universal prevention. This situation 
appears to be what occurred in the authors’ 
appropriate example of reducing tobacco 
use in the population, where new incident 
cases of non-small cell lung cancer have 
been reduced by anti-tobacco measures 
but have not been eliminated4.

Fusar-Poli et al do advocate for combin-
ing universal and indicated prevention, 
and we staunchly support that advocacy. 
The non-small cell lung cancer example4, 
where mortality has diminished faster 
than incidence due to the availability of ef
fective new treatments, demonstrates the 
value at least of tertiary prevention and 
a potential role for indicated prevention 
even in the context of effective universal pre
vention.

With regard to the CHR syndrome as a 
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vehicle for indicated prevention of psycho-
sis, one of the recent criticisms of the ap-
proach, echoed by Fusar-Poli et al, derives 
from the NEMESIS-2 cohort report that 
antecedent mood disorders account for 
more of the incidence of clinical psychosis 
than do psychotic-like symptoms5. We see 
three important limitations of the NEME-
SIS-2 data that have received little attention. 
First, psychotic-like experiences gauged 
through questionnaires or non-clinical in-
terviews in the general population are not 
comparable to clinician-assessed CHR 
syndromes6. Second, the time-points in 
NEMESIS-2 were spaced three years apart. 
Partly-prospective data show that the av-
erage duration of CHR symptoms is two 
years or less in two-thirds of patients con-
verting to psychosis7, suggesting that the 
development of psychotic-like symptoms 
prior to psychosis may have been missed 
by the NEMESIS-2 design in as many as 
half the cases. Third and most crucially, 
the average age of cohort members at the 
second time point was 47.7 years, far older 
than the 12-to-early 30s range where CHR 
has been reported to predict psychosis 
and where the incidence of psychosis is 
known to be highest8. As a consequence 
of these limitations, in our view the NEM-
ESIS-2 data are only partially relevant to 
the value of CHR as a vehicle for indicated 
prevention.

With regard to evidence for the success 
of preventive interventions for CHR, Fusar-
Poli et al rightly point out that meta-analytic  
evidence so far is contradictory and that 
clinical trials featuring conversion to psy-
chosis as their primary outcome require 
very large sample sizes. We do, however, 
see hope on the horizon. This past fall the 
US National Institute of Mental Health and 
the Foundation for the National Institutes 
of Health announced the Accelerated Med-
icines Partnership in Schizophrenia (AMP 
SCZ), a collaborative effort to advance 
early intervention for CHR individuals9. 
This initiative seeks to identify param-
eters for future clinical trials on alternate 
outcomes of CHR such as social func-
tioning or attenuated positive symptoms. 
These alternate endpoints can also po-
tentially serve as surrogate outcomes for 
reducing the incidence of psychopathol-
ogy, which can then be investigated di-
rectly after entry of the new treatments into 
clinical practice through epidemiologic  
methods.

In conclusion, our view is not only that 
a combined universal and indicated ap-
proach is likely to be the best way to pre-
vent psychosis in the future, but also that 
the CHR syndrome for psychosis contin-
ues to provide the most promising option 
for the indicated prevention component. 
We acknowledge a potential bias, work-

ing as we do in the CHR field, but we like 
to think we chose this field because it of-
fers the best opportunities in psychiatry 
for improving public health rather than 
that we believe it offers the best opportu-
nities for public health because we have 
chosen it.
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Most at-risk individuals will not develop a mental disorder:  
the limited predictive strength of risk factors

One major problem of preventive psy-
chiatry is the limited predictive strength of 
all known risk factors for mental disorders, 
meaning that most of the individuals who 
are judged to be at risk have only a small 
chance of developing a mental disorder 
within the next period of their lives. Fusar-
Poli et al1 have produced an excellent 
overview of the current state of preventive 
psychiatry, and they refer to this problem 
several times. However, we think this is a 
key issue that deserves more exploration, 
because it can also give directions for how 
the prevention field can move forward.

The problem of the low predictive strength  

of risk factors is partly related to the differ-
ent priorities of epidemiological research 
and prevention science. In epidemiological 
research, the relative risk (RR) or the odds 
ratio (OR) is often the main indicator de-
scribing the strength of the association be-
tween a risk factor and a health outcome. 
However, these indicators only have limited 
value for prevention science.

For example, if the incidence of a mental 
disorder in the next year is 1% of the popu-
lation, and the RR of a group at risk is 4, that 
means that 4% of this high-risk group will 
develop the disorder instead of only 1% in 
the general population. Epidemiological 

researchers usually stop when they find a 
(significant) RR of 4, because this indicates 
a clear high-risk group. However, this is not 
enough for prevention science. A preven-
tive intervention for a group with 4% risk 
(instead of 1%) still means that almost all 
people with this risk factor (96%) will not 
develop the disorder. Suppose that a pre-
ventive intervention can reduce this risk 
from 4% to 2%. That means that, of the 100 
high-risk participants in the intervention, 
96 would not develop the disorder anyway 
and, of the 4 who would, only two will ben-
efit from the preventive effect. This is nei-
ther cost-effective nor ethical.
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Unfortunately, even though high RRs 
and ORs are often found in epidemio-
logical research, almost all risk factors in 
mental health suffer from a low predictive 
strength. Having a parent with a depres-
sive disorder is often given as an example 
of a group with an exceptionally high risk. 
One study even indicates that 50% of these 
children will develop a depression by the 
age of 202, which is much larger than any 
other risk factor for mental disorders. But, 
from the perspective of preventive inter-
ventions, even such an elevated incidence 
rate is still problematic. Suppose that the 
development of depression starts at the 
age of 12 and is evenly divided over the 
subsequent 8 years. This means that every 
year still only about 6% of these children 
will develop depression. Offering a preven-
tive intervention to a group in which 94% 
will not develop the disorder in the follow-
ing year is still problematic.

Screening for high-risk groups has com
parable problems. For example, testing 
positive for high risk for psychosis has been 
found to be associated with a 6% lifetime 
risk of actually developing psychosis3. This 
means that 94% of those who score positive 
will not develop psychosis in their lifetime, 
and it can be disputed whether preventive 
interventions should be considered in these 
cases4.

So, from the perspective of preventive in-
terventions, RRs and ORs are clearly not suf-
ficient as indicators of risk. An absolute risk 
of developing a disorder within a reason-
able time frame would be a better indicator. 
In addition, we need to take the prevalence 
of the risk factor in the population into ac-
count (exposure prevalence), because that 
indicates the size of the population that will 
have to be given the intervention.

For example, it is known that women 
have a higher chance of developing a de-
pressive disorder, but intervening in half 
of the population is simply not feasible 
nor cost-efficient (apart from all ethical is-
sues). On the other hand, an intervention 
in a small group (i.e., with a small exposure 
prevalence) and a high risk may be useful 
for the individual participants, but it will 
not have a large impact on the incidence 

of a disorder in the general population. 
This implies that, from the perspective of 
preventive interventions, we need to iden-
tify a population with a modest prevalence 
(because otherwise the cost of intervening 
is too high), but this population should be 
responsible for as many new cases as pos-
sible, meaning that the absolute risk is as 
high as possible in this group.

Finally, preventive interventions should 
reduce the incidence of the disorder in the 
population as much as possible. From this 
perspective, the weak predictive power of 
most risk indicators is also problematic, 
because the lower the incidence rate in 
the population, the larger randomized 
trials need to be, in order to have suffi-
cient statistical power to be able to show 
a significant reduction of the incidence5. 
For example, if we were able to identify a 
high-risk group with 25% incidence in the 
next year and we had an intervention that 
is capable to reduce the incidence to 17%, 
we would need a trial of about 1,000 par-
ticipants (assuming an alpha of 0.05, 80% 
power and 20% attrition)5.

How can this problem of the low predic-
tive power of most risk factors be solved? 
One possible solution is to focus on combi-
nations of risk factors, that identify groups 
that are as small as possible but are at the 
same time responsible for as many incident 
cases as possible. For example, in one study 
among older adults, we found that those 
with sub-threshold depression, functional 
limitations, a small social network and fe-
male gender were 8% of the population, 
but they explained 24% of the new incident 
cases of depression6.

A related solution is to develop predic-
tion tools to identify individuals with a 
much increased risk for developing mental 
disorders. The PredictD method has been 
studied in several large European epidemi-
ological studies7. A comparable method has 
been developed in the US8. Based on well-
established predictors for the development 
of depression, these methods calculate the 
exact personal risk to develop a depressive 
disorder in the coming year. Unfortunately, 
these methods do not solve the problem of 
the low specificity of known risk factors1. 

However, the digitalization of our societies 
and the progress in epidemiology has re-
sulted in large datasets which may improve 
such approaches with machine learning 
techniques.

In addition to the identification of high-
risk groups with greater certainty, we also 
need better interventions. The impact of 
preventive interventions not only depends 
on the absolute risk in the target group, 
but also on their ability to reduce that risk. 
Some strategies may strengthen the effects 
of interventions. For example, by focusing 
on multiple disorders instead of only one, 
the absolute risk in the target group may 
be higher and the effects could be demon-
strated easier in prevention trials9. Stepped 
care approaches, in which at-risk people 
are followed over time, may also improve 
outcome, although that has not been con-
firmed in all studies.

We conclude that the predictive strength 
of most risk factors for the development of 
mental disorders is low and the identifica-
tion of populations at ultra-high risk is key 
to the further development of preventive 
psychiatry.
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Prenatal prevention of psychiatric illness and childhood 
development population-wide

Fusar-Poli et al1 comprehensively de-
scribe a series of developmental steps that 
lead to psychosis and related psychiatric 
illnesses. This perspective is especially rel-
evant when considering prenatal interven-
tion. Several pillars of evidence support the 
notion that the prenatal period is the first 
developmental step towards psychosis.

The first pillar is the epidemiologi-
cal evidence derived from case-control 
studies that point to maternal adversities, 
such as prenatal starvation and infection, 
as risk factors for later psychosis. The sec-
ond pillar is the molecular evidence that a 
substantial group of genes associated with 
psychosis is expressed more robustly in the 
fetal brain before birth than in the brain af-
ter birth2.

The third pillar is given by post-mortem 
findings from psychotic individuals that 
provide information about the maturation 
of excitatory and inhibitory neurotransmis-
sion that normally occurs during gestation. 
In the brain of persons with schizophrenia, 
the normal pre-term maturation of gluta-
mate receptors – from lower affinity, slower 
acting NMDA-type to higher affinity, fast 
acting kainate type – is incomplete3. The 
maturation of the chloride transporters that 
support GABA’s inhibitory function from 
the less effective embryonic NKCC1 to the 
more effective mature KCCN2 is also in-
complete4.

These failures in gestational maturation 
are thus apparently irreversible over  an 
individual’s life span. Furthermore, the 
likely functional result, brains that pro-
cess information more slowly and less ef-
ficiently, is consistent with schizophrenia 
patients’ life-long deficits, including their 
well-documented deficit in processing 
speed. The ability of neurocognitive and 
pharmacological interventions to ame-
liorate this deficit in patients after birth is 
limited. Prevention after birth is impor-
tant, as outlined by Fusar-Poli et al, but it is 
hampered by the need to compensate for 
failures in development before birth that 
are generally not reversible.

Despite the evidence supporting the po

tential value of prenatal intervention, its 
effectiveness for the prevention of psycho-
sis is difficult to ascertain, because of its re-
moteness from the diagnostic emergence 
of psychosis in adulthood. An obvious re-
mote aspect is temporal. The results of pre-
natal interventions instituted today cannot 
be judged until decades later, when the 
clinicians and investigators who designed 
and delivered the intervention may be 
long forgotten. A second remote aspect is 
the absence of a nosological link of the ear-
ly childhood effects of prenatal interven-
tion to psychosis. Because few babies in 
prenatal intervention studies are destined 
to develop schizophrenia, the outcome for 
most babies will be more general improve-
ment in their behavior and cognition. No 
test in early childhood identifies babies 
who would have developed schizophre-
nia, had the intervention not occurred.

In our work, as cited in Fusar-Poli et al’s 
review, we observed a decreased preva-
lence of a physiological dysfunction in 
newborns of mothers who received phos-
phatidylcholine supplements compared 
to placebo. Phosphatidylcholine is the di-
etary source of the choline needed to ac-
tivate fetal alpha 7-nicotinic acetylcholine 
receptors. The receptor’s gene CHRNA7 is 
associated with schizophrenia and related 
psychiatric illnesses, and is expressed more 
robustly in fetal brain than after birth2. Al-
pha 7-nicotinic receptor activation is a crit-
ical mechanism in the maturation of both 
glutamate receptors and GABA-related 
chloride transporters5. The physiological 
dysfunction, a partial failure in inhibition 
of the cerebral evoked response to repeat-
ed auditory stimuli that occurs in many 
people with schizophrenia, indicates that 
these neurotransmitter mechanisms are 
not functioning optimally6. We observed 
normal inhibition of the evoked response 
more frequently among the newborns in 
the phosphatidylcholine-supplemented 
group than in the placebo group.

Fusar-Poli et al note that the posi-
tive effects of phosphatidylcholine on 
physiological dysfunctions found in schizo-

phrenia and related mental illness are sur-
rogate markers for prevention of psychosis. 
As childhood progresses, children whose 
mothers received phosphatidylcholine 
supplementation also have positive be-
havioral effects associated with their posi-
tive physiological response as newborns. 
These children have decreased problems 
with attention and social withdrawal, com-
pared to children whose mothers received 
placebo6. Conversely, increased problems 
with attention and social withdrawal are 
rated retrospectively in children who later 
have developed schizophrenia, compared 
to those who did not7. Prenatal phosphati-
dylcholine supplementation appears to 
help children avoid a developmental path-
way that is typical of many individuals who 
later develop schizophrenia as adults.

Improvement in attention and social 
function in early childhood is not preven-
tion of mental illness, but neither is it mere-
ly a surrogate marker. Children with better 
attention and social behavior are benefitted 
in their future success in school, regardless 
of whether they were destined to become 
psychotic. Based on the low frequency of 
psychosis, these more general effects of 
phosphatidylcholine supplementation 
may be as important for population well-
being as any specific effect on psychosis. If  
preventive efforts in psychiatry are exclu-
sively focused on prevention of mental ill-
ness, we may overlook broader benefits.

Unique aspects of psychotic illnesses, 
including the psychotic break in late ado-
lescence, certainly merit investigation. 
However, individuals who do not convert 
to psychosis, the majority of patients in pro-
dromal or attenuated symptom status, have 
problems with attention and other cogni-
tive deficits that are similar to those who do 
convert to psychosis. These cognitive defi-
cits are disabling regardless of whether an 
individual becomes psychotic or not8. Neu-
ropsychological studies in schizophrenia 
patients find that attention and learning, 
rather than psychotic symptoms, are the 
major contributor to most patients’ adverse 
outcomes. Current genome-wide associa-
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tion studies, which now identify hundreds 
of genes in association with schizophrenia 
as well as with developmental problems, 
support the thesis that much of the molec-
ular pathology of schizophrenia resides in 
general brain development that underlies 
social behavior, attention, and other brain 
functions.

These clinical and genetic findings sug-
gest a broadened reconceptualization of 
schizophrenia as a general alteration of 
neurodevelopmental processes, rather 
than the outcome of a psychosis-specific 
pathogenesis. This reconceptualization is 
congruent with a common characteristic of 
population-wide primary prevention: ben-
eficial effects on development that extend 
broadly beyond a narrow disease target. 
Folic acid, for example, has positive effects 
on cognition and behavior, in addition to 
its targeted use to prevent spina bifida and 
facial clefts. Vitamin D, included in prena-
tal vitamins to support bone development, 
appears to be helpful in the prevention 
of autism spectrum disorder and schizo-
phrenia. Thus, folic acid, vitamin D, and 
now choline, along with other primary in-
terventions to protect the uterine environ-
ment as part of good obstetrical care, have 
broad beneficial effects for the offspring, 
in addition to the possible prevention of 

later psychiatric illness. An example is the 
significant protective effects of prenatal 
choline on the development of attention in 
offspring of women who contract respirato-
ry viruses in gestation9. These findings can 
provide guidance for treatment of pregnant 
women in the COVID-19 pandemic, so that 
their children might not add another stone 
to the pillar of evidence linking prenatal in-
fection to schizophrenia.

Most beneficial effects will appear in 
early childhood, long before preventive 
effects for psychosis and other psychiatric 
illnesses can be definitely ascertained. If 
expectant families are to see the benefit of 
improved childhood behavior and cogni-
tion with the eventual possible prevention 
of psychosis, psychiatry cannot be the only 
discipline to promulgate these prenatal in-
terventions. Prenatal nutrients such as cho-
line that have early beneficial childhood 
effects require widespread acceptance by 
obstetricians and maternal-fetal medicine 
specialists, family medicine physicians, 
midwives and pediatricians. Working rela-
tionships with obstetricians for the assess-
ment of perinatal depression is a model 
for what needs to happen to allow choline 
and other prenatal primary preventive in-
terventions to become truly population- 
wide.
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Prevention in psychiatry: a role for epigenetics?

In their landmark paper on the current 
state of knowledge in the field of preventive 
psychiatry, Fusar-Poli et al1 state that “ro-
bust genetic and environmental epidemi-
ological knowledge is required to inform 
evidence-based preventive approaches”. 
Indeed, in order to most effectively tailor 
selective and indicated preventive inter-
ventions to an individual’s needs, a valid 
biological and biographical marker panel 
predictive of future disease risk is essential.

The classical vulnerability-stress model 
and the extended vulnerability-stress-cop-
ing model assume an intricate interplay 
of biological, particularly genetic, factors 
with both negative and positive environ-
mental influences in shaping the spec-
trum of risk and resilience towards mental 
disorders2. However, as rightfully stated by 

the authors1, there is currently a “lack of 
valid biomarkers of risk”, and “the variance 
explained [by polygenic risk scores] is still 
too small for implementation in selective 
prevention and does not provide singular 
neurobiological targets”. In other words, to 
date the field of genetic research, includ-
ing gene-environment interaction studies 
and genome-wide approaches, has not 
fulfilled its initial promise to unambigu-
ously unravel the pathogenetic mecha-
nisms of mental disorders. Consequently, 
at the present stage, genetic markers are 
indeed not suitable as valid biomarkers 
that could inform targeted preventive in-
terventions.

In recent years, however, increasing 
evidence has accumulated for epigenetic 
mechanisms such as DNA methylation and 

histone modifications to crucially govern 
gene function beyond variation of the DNA 
itself, and to dynamically respond to envi-
ronmental influences3. Along these lines, 
epigenetic markers have been suggested 
to represent an adaptive (or maladaptive) 
mechanism in the face of environmental 
challenge, a “molecular embodiment of 
biography”, a “biological archiving” of trau-
ma, adversity, lifestyle and sociocultural 
context at the crossroads between biology 
and environment.

Thus, beyond the static genetic level, 
plastic epigenetic mechanisms seem to be 
of particular relevance in the conferral of 
risk or resilience towards mental disorders. 
Accordingly, epigenetic signatures such as 
alterations in DNA methylation in blood or 
saliva have been associated with a number 
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of mental disorder phenotypes4,5. Further-
more, there is initial evidence for periph-
eral epigenetic markers to be modifiable 
by psychotherapeutic interventions such 
as cognitive-behavioral therapy, in that  
disease-associated DNA methylation pat
terns have been shown to “normalize” 
along  with treatment response5. Overall, 
these findings suggest a great potential 
for epigenetic signatures to represent: a) 
predictive disorder risk markers reflecting 
both biological and biographical vulnera-
bility, and b) malleable targets for preven-
tive interventions.

Indeed, in plants there is ample evidence 
for an epigenetic memory of resistance to-
wards environmental pathogens, which has 
been proposed as a potential new direction 
in preventing disease in crops6. Also, onco-
logical research has identified numerous 
epigenetic targets in cancer treatment, such 
as histone deacetylases (HDACs) or DNA 
methyltransferases (DNMTs), which could 
further inform preventive strategies for vari-
ous diseases7.

With respect to mental disorders, a study 
probing the effects of a randomized con-
trolled family-centered prevention training 
program (Strong African American Fami-
lies, SAAF) discerned parental depressive 
symptoms to be predictive of accelerated 
epigenetic aging in the offspring and, recip-
rocally, the preventive intervention to con-
fer a protective effect regarding epigenetic 
aging8.

Additionally, a lifestyle intervention such 
as physical activity, which is considered 
to contribute to the promotion of mental 
health, has been shown to impact the epi-
genetic machinery. Finally, the field of “nu-
tritional psychiatry” has recently been refu-
eled by evidence for folic acid and vitamin 
B12 to influence DNA methylation status. In 
turn, nutritional supplements or epigenetic 
modifiers such as the natural methyl-group 
donor S-adenosyl methionine have been 
suggested as promising adjuncts in the pre-
vention of mental disorders5.

Given this burgeoning evidence for a  

possible role of epigenetic processes as 
targetable risk markers in selective and in-
dicated prevention of mental disorders, 
further research – ideally expanding to an 
epigenome-wide and environment-wide 
level as well as applying a longitudinal 
study design covering the critical time win-
dows of mental disorder manifestation – is 
needed to validate and confirm the poten-
tial of epigenetic signatures to integratively 
reflect both a genetic and environmental 
risk, and thereby confer vulnerability to 
mental disorder onset.

Additionally, future studies are war-
ranted to explore the malleability of epige-
netic markers by preventive interventions. 
These might comprise classical preventive 
measures derived from cognitive-behav-
ioral therapy, as well as explore psycho
pharmacological options, given that several 
psychoactive substances – such as selective 
serotonin reuptake inhibitors, antipsychot-
ics, lithium and valproate – have already 
been reported to impact the epigenetic 
machinery. Along those lines, “epigenetic 
drugs” such as HDAC or DNMT inhibitors, 
if designed specifically enough, might cata-
lyze preventive effects by enhancing learn-
ing and neuronal plasticity.

However, some caveats have to be con-
sidered when pursuing this line of research. 
While there is some evidence from studies 
in rodents and rhesus monkeys, or hu-
man positron emission tomography (PET) 
studies, for a certain comparability of pe-
ripheral and central epigenetic processes, 
some epigenetic signatures seem to be tis-
sue- or even cell-specific, which might limit 
their use as reliable peripheral biomarkers 
of mental disorder risk. Also, a number of 
factors impacting epigenetic mechanisms 
– such as smoking, exercise, nutrition, body 
weight, alcohol and drug consumption, or 
physical diseases – might confound the va-
lidity of epigenetic processes as risk mark-
ers of mental disorders. Finally, as a general 
proviso in biomarker research, ethical 
guidelines and social as well as legal poli-
cies for clinical and scientific use of epige-

netic information should be implemented 
alongside such research efforts.

In sum, epigenetics is to be considered a 
promising field in mental disorder preven-
tion research. First, epigenetic markers – as 
accessible, integrated and dynamic biosen-
sors of biological as well as biographical 
risk of mental disorders – might be particu-
larly suited as both indicators and targets 
of preventive interventions. Second, epige-
netic processes – if modifiable by selective 
or indicated preventive measures – could 
biologically and thus mechanistically con-
fer resilience towards mental disorders. 
Finally, as epigenetically imprinted trauma 
has been reported to potentially be trans-
missible to future generations via the germ
line9, successful preventive interventions 
embodied in epigenetic signatures might 
even promote a “transgenerational preven-
tion” of mental disorders, by providing an 
epigenetic memory of the ability to adapt to 
a changing environment to future genera-
tions.
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Primary challenges and practical solutions in preventive psychiatry

Fusar-Poli et al1 provide a scholarly and 
detailed overview of the state of knowledge 

on preventive approaches in psychiatry. 
Their paper should be considered an ob-

ligatory read for anyone entering or al-
ready practicing in this emerging field.
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The need for preventive approaches in 
psychiatry is readily transparent. According 
to the US National Comorbidity Survey2, 
a nationally representative population-
based survey of mental disorders, one in 
two adults in the US suffers from the symp-
tomatic and functional challenges of one 
mental disorder during his/her lifetime. 
Almost one in three adults will suffer from 
two or more mental disorders. Regretta-
bly, like much else in psychiatry, preven-
tive approaches are lagging behind general 
medicine. Fusar-Poli et al make strong ar-
guments about several crucial challenges 
that critically hamper the implementation 
of preventive strategies. Here we elaborate 
on some of the key challenges mentioned 
in the review, and introduce a set of possi-
ble solutions to those.

The primary challenge is finding those 
who are at risk. Despite the longstanding 
history of neurobiological research, the un-
derlying causal mechanisms of mental dis-
orders remain mostly unknown. Symptom 
ratings have been widely used in psychiatry 
to detect individuals at risk. However, out-
side of specialty clinics, this strategy seems 
prone to failure. In a population-based 
study of 18 to 21-year-olds3, the presence 
of symptoms, while associated with subse-
quent hospitalization for mental disorders, 
had positive predictive values ranging from 
0.54% to 1.99%. In other words, for every 
correctly identified “case”, there would 
be between 50 and 200 “non-cases” that 
would be incorrectly identified as “cases”. 
Such a high false-positive detection rate, 
often found when prodrome studies are 
extrapolated to the general population, 
questions the utility of current paradigms 
that aim to identify at-risk groups for large-
scale preventive efforts.

Advances in genetic research have iden-
tified some syndromic cases across multiple 
mental disorders, yet the overwhelming 
majority of individuals with these disor-
ders, and especially those with common 
disorders (depression, anxiety), are idi-
opathic, with an unknown etiology. Target
able biomarkers are unavailable to use for 
early detection and/or efficient early inter-
vention. As Fusar-Poli et al1 note, only two 
of 162 peripheral biomarkers were reliably 
associated with psychosis, bipolar disorder, 
or depression. Collectively, our current lack 

of both understanding of underlying causal 
mechanisms and targetable biomarkers for 
mental disorders that can be applied at the 
population level substantially limit preven-
tive strategies.

An additional challenge is that even early 
intervention often comes too late. Consid-
erable evidence from genetics, epidemiol-
ogy, basic neuroscience, and neuroimaging 
implicates early neurodevelopment as the 
critical period for the risk of developing 
most mental disorders. Almost all mental 
disorders are recognizable before or during 
the second decade of life. Yet, atypical neu-
robiological development surely predates 
the emergence of many mental disorders. 
For instance, evidence suggests that the first 
signs of cognitive abnormalities in those 
who will later develop schizophrenia are 
detectable by the age of four – decades be-
fore the disorder is usually diagnosed4. Fur-
thermore, the brain most rapidly develops 
in utero, and continues to do so during ear-
ly childhood. Indeed, evidence in children 
of patients with schizophrenia implicates 
aberrant early, possibly prenatal, brain de-
velopment5. Therefore, these early periods 
are those when preventive strategies are 
most likely to have an impact. Fusar-Poli et 
al1 highlight this point, but it is transparent 
that targeting this developmental period is 
particularly challenging.

A final challenge underscores how we 
address comorbidities2. Comorbidity rates 
are high in psychiatry and conform to a 50% 
rule. Approximately half of all people with 
one psychiatric disorder meet the criteria 
for a second disorder concurrently; half the 
people with two disorders meet the criteria 
for a third; and so on. Evidence based on 
multiple studies highlights a general un-
derlying dimension, termed the p factor, 
which captures the tendency to develop 
psychopathology. In the Dunedin Multidis-
ciplinary Health and Development Study, 
conducted in an unselected longitudinal 
birth cohort, higher scores on the general 
tendency to psychopathology were asso-
ciated with compromised early-life brain 
function, and impairments in maturation6. 
Such findings foster the debate regarding 
categorical versus dimensional models that 
are relevant to research and in the clinic. In 
sum, since psychiatric disorders often co-
occur, the challenge to clinicians is how to 

target higher-order psychopathological di-
mensions and the p factor without loss of 
specificity7.

A possible way to address these chal-
lenges is to identify those cases that will con-
tribute disproportionally to morbidity and 
mortality. One source of intriguing evidence 
comes from another study of the Dunedin 
Multidisciplinary Health and Development 
sample, showing that 80% of the health bur-
den is attributable to 20% of cases8. That 
study showed that early-life factors (familial 
socioeconomic characteristics, maltreat-
ment, IQ, and self-control) clustered into 
20% of the population, that accounted for 
disproportionately high levels of health care 
use (e.g., 78% of prescription fills and 57% of 
hospital nights). These findings imply that 
early life is a critical period for preventive 
measures for a select group in the popula-
tion. However, there is potential to abuse 
this approach; population segments may 
suffer from stigma. Nevertheless, easing the 
effects of childhood disadvantage is a criti-
cal aim which, if attained in early life, may 
support families and children, as well as 
benefit all of society.

A second alternative is to implement 
universal psychiatric prevention. General 
medicine has advanced in this prevention  
(e.g., the efficacy of the COVID-19 vaccines). 
Evidence-based examples in psychiatry are  
few, but there are some, such as means re-
striction to prevent suicide, and physical  
activity to prevent incident anxiety and de-
pression9. Selective universal prevention 
subtly differs by stratifying prevention to a 
large group in the population (e.g., nutrient 
use among pregnant women and the el-
derly). Better designed, easier to adminis-
ter universal prevention strategies have the 
potential to reduce incident mental disor-
ders. They may involve a significant finan-
cial investment, but also indirect benefits, 
including improvements in general health, 
unemployment, and even crime.

A third alternative is to target not the out-
come but an effect modifier for intervention. 
While biomarkers for mental disorders are 
not yet available, it is well established that 
cognitive impairment accompanies, and 
most often predates by many years, the on-
set of the majority of mental disorders. There 
are also reliable ways to measure cognitive 
functioning and plausible intervention strat-



230� World Psychiatry 20:2 - June 2021

Prevention in the mental health field should be implemented 
synergically at different levels

Fusar-Poli et al1 present a comprehen-
sive preventive framework for improving 
mental health in young people. Prevention 
in psychiatry is not a high funding priority, 
which is also reflected in the relatively low 
number of publications in the field. The 
responsibility for primary prevention and 
mental health promotion is placed in the 
social and educational sectors and, most of-
ten, the evidence base for initiatives is lack
ing.

In spite of research showing that risk of 
mental illness is associated with adversities 
during pregnancy and birth, low socioeco-
nomic status, poor parenting skills, lack of 
stimulation and support during childhood, 
bullying, trauma, and early exposure to al-
cohol and drugs, initiatives to reduce these 
risk factors have attracted little scientific 
attention. Much can be done to improve the 
evidence base for early and broad preven-
tive efforts.

Prevention of psychiatric disorders re-
quires a coherent and multifaceted strat-
egy, including at least five levels. The first 
is universal primary prevention to improve 
well-being (e.g., initiatives at the popula-
tion level focusing on a healthy childhood, 
such as efforts to improve mental health 
literacy and parenting in early childhood). 
The second is universal primary preven-
tion to prevent development of mental ill-
ness (e.g., interventions such as prevention 
of preterm birth and perinatal depression 
as well as initiatives to prevent bullying 
and traumatic childhood experiences and 

to reduce risk of adolescents engaging in 
substance abuse). The third is selective pri-
mary prevention to reduce risk of mental 
illness in risk groups (e.g., children born 
to parents with mental illness). The fourth 
is indicated primary prevention for young 
people showing signs or symptoms fore-
shadowing emerging disorder (e.g., clinical 
high-risk groups for psychosis or children 
with common mental health problems). 
The fifth is secondary prevention in early 
stages of psychiatric disorders (e.g., early 
intervention services in psychosis or early 
treatment of attention-deficit/hyperactivity 
disorder and autism spectrum disorders in 
child and adolescent services).

Here we focus briefly on selective inter-
ventions for families with parental mental 
illness and on indicated primary preven-
tion initiatives, on the basis of the experi-
ence in Denmark.

Children born to parents with mental ill-
nesses constitute an important risk group 
with a large prevention potential. Danish 
register-based figures indicate that every 
sixth child has a parent who has been diag-
nosed and treated in the secondary men-
tal health sector. The true number at risk is 
likely to be even higher, since this does not 
include treatment in primary health care, 
nor those who, due to lack of accessible 
treatment offers, fail to be helped by health 
services. So, this is a very large number of 
children, who have been shown repeatedly 
to have a markedly increased risk of being 
diagnosed with a mental disorder before 

age 182,3, are more likely to live with a sin-
gle parent4, are at higher risk of having poor 
school performance5, and have more neu-
rocognitive, social and motor problems6,7 
than controls. Due to the parental mental 
illness, they are also more likely to experi-
ence insufficient support and stimulation in 
the home environment and to be exposed to 
traumatic life events – all factors that ham-
per their healthy developmental course.

Parental mental illness is often silenced  
in the family, passing on stigmatization a
cross generations. Programmes directed  
towards the whole family should be de-
veloped and tested in order to change this 
trajectory that has been known for dec-
ades. Parental training and support as part 
of the recovery approach, collaboration of 
adult and child psychiatry with the primary 
sector, systematic family-based psychoe-
ducation, and social, financial and practical 
support may be some elements potentially 
improving the functioning of the entire fam-
ily and building resilience in the children at 
risk.

Concerning indicated prevention, im-
plementation of transdiagnostic interven-
tions are suggested to meet the needs of 
youths with common and multiple men-
tal health problems. A Danish effective-
ness study8 documented the superiority of 
a new scalable transdiagnostic cognitive 
behavioral therapy (CBT), called “Mind 
My Mind” (MMM), compared to man-
agement as usual (MAU), for youths aged 
6-16 years with emotional and/or behav

egies. Implementing interventions to ame-
liorate cognitive impairments early in life 
may be a means for psychiatric prevention 
with substantial societal benefits beyond 
prevention of psychiatric outcomes (e.g., in-
creasing the cognitive reserve in midlife may 
be a strategy to reduce dementia).

So, there are multiple challenges to im-
plementing preventive strategies in psy-
chiatry. There is, however, a clear need, and 
the time is ripe to make the leap towards 
primary and secondary prevention path-

ways in the critical period of early life and 
via cognition.
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ioral problems below the threshold for re-
ferral to mental health care.

A stage-based screening and stratifica-
tion approach9 was set up in non-special-
ized school-based services, with the dual 
goal to identify: a) the target group of youths 
with common emotional and/or behavio-
ral problems; and b) those with emerging/
severe mental illnesses, e.g. psychosis, who 
were supported to seek specialized care. 
The common treatment elements were “dis-
tilled” from evidence-based single-disorder 
CBT programs and organized into modules, 
materials, video-based feedback, supervi-
sion and training of the therapists to help 
them tailor the treatment to the individual 
subject.

The flexible and modular transdiagnos-
tic implementation of CBT outperformed 
MAU on multiple endpoints, including re-
duced impact of mental health problems 
on functioning in daily life at the end of 
treatment, corresponding to a Cohen’s ef-
fect size of 0.60. Harms were low and non-

differential by the end of treatment, but 
significantly lower with MMM versus MAU 
at follow-up8.

All the above-mentioned levels of pre-
vention should be integrated in a com-
mon strategy. Interventions at different 
levels should be regarded not as contra-
dictory, but as synergistic. Therefore, it is 
sad to witness psychiatrists spending time 
discussing, for example, the discontinu-
ation of early interventions for high-risk 
populations in order to prioritize efforts to 
reduce cannabis use1. Instead, we should 
be inspired by the synergistic approaches 
implemented in other areas of medicine. 
Would we see a similar fight in cancer (i.e., 
scientists attacking each other’s efforts in 
smoking cessation initiatives or screening 
programs versus surgical or medical treat-
ment for cancer)? Our approach should be 
that it is important to intervene at all levels 
depicted above, and that we need studies, 
and preferably controlled trials, to identify 
the most effective interventions.
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Characterizing transdiagnostic premorbid biotypes can help progress 
in selective prevention in psychiatry

Fusar-Poli et al’s insightful paper1 is a 
timely appraisal of the foundations of pre-
ventive psychiatry. It is a call to action for 
our field to mount an individual, societal 
and global response to improve the lives 
of people with and those at risk for men-
tal disorders. The authors outline a series 
of ambitious next steps in preventive psy-
chiatry. They seek to advance this goal by 
integrating universal and targeted frame-
works and by advancing our epidemiologi-
cal knowledge of the multifactorial causa-
tion of mental disorders. An additional 
important step is to use such data toward 
developing stratified and personalized ap-
proaches. However, a major challenge in 
tackling these ambitious goals is the enor-
mous heterogeneity of mental disorders, at 
symptomatic, pathophysiologic and etio-
logic levels. In this light, several strategies 
deserve consideration toward a successful 
move forward with Fusar-Poli et al’s sug-
gested next steps.

Any effort at prevention should first clar

ify what we are planning to prevent. For this 
reason, an accurate and valid diagnosis is 
critically important. As the authors point 
out, caseness is difficult to determine in 
psychiatry, because the disorders are de-
fined based on symptoms, not on biology. 
For this reason, psychiatric diagnostic sys-
tems currently lack validity2. A biomarker-
based nosology is clearly a critical next step 
toward stratification of populations mean-
ingfully separating more homogeneous en
tities.

In a biomarker-driven effort to address 
the heterogeneity of psychotic disorders, 
investigators in the Bipolar-Schizophre
nia Network on Intermediate Phenotypes 
(BSNIP) consortium recently used a K-
means clustering approach to parse alter-
ations in cognition and electrophysiology 
(event-related potentials and eye tracking) 
across the three major psychotic disorders: 
schizophrenia, schizoaffective disorder, 
and psychotic bipolar disorder.

Three distinct “biotypes” were identi-

fied which seemed orthogonal to the DSM-
based categories3. Biotype 1 is characterized 
by severe cognitive impairments, reduced 
neural response to salient stimuli, marked 
gray matter reductions, social function defi-
cits, more frequent family history of psy-
chosis, and prominent negative symptoms. 
Biotype 2 is marked by moderate cognitive 
and social impairments and gray matter 
reductions, and by enhanced neural reac-
tivity. Biotype 3 shows few neurobiological  
differences from healthy controls. These ob
servations point to the possibility that bio
marker-derived classifications may poten-
tially better distinguish subtypes within the 
psychotic spectrum.

However, having a disease-related bio-
marker is not sufficient for early identifica-
tion and prevention purposes, unless the 
biomarker is demonstrated to be present 
at illness onset or even before overt clini-
cal manifestations of the disorders. This 
points to the potential value of identifying 
premorbid biotypes. Interestingly, biotype 
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1 appears to identify the deficit syndrome, 
and premorbid adjustment and cognitive 
profile can distinguish the schizophrenia 
deficit subgroup with moderate accura
cy4. It is noteworthy that biotype 1 is as-
sociated with higher frequency of family 
history of psychosis compared to the other 
biotypes. It is also of interest that cognitive 
impairment and family history of psycho-
sis5, as well as biomarkers characterizing 
biotype 1 such as decreased auditory P300 
amplitudes6, are together strong predictors 
of risk for conversion to psychosis among 
individuals at clinical high risk.

A testable prediction, therefore, is 
whether biotype 1 psychosis may be pre-
ceded by a biotype 1-like biomarker signa-
ture in the premorbid phase of the illness 
that is similar to the features seen later in 
this subtype. Likewise, it is possible that a 
biotype 1-like biomarker profile may pre-
dict impaired functional outcome in early 
course psychosis patients. Identifying such 
premorbid bio-signatures requires pro-
spective longitudinal characterization in 
individuals at familial and clinical high-risk, 
and those in the early course of a psychotic 
illness.

Neurobiological entities seem to cut a
cross psychiatric diagnostic categories. Con
sistent with this view, biotypes of depres-
sion7 and autism8 have been identified in  
studies examining the heterogeneity of these 
syndromes. Interestingly, similar to psy-
chotic disorders, cognitive impairments 
may serve as valuable stratification mark-
ers in these populations as well.

It is useful to consider biomarker-driven 
approaches in the light of the traditional 

(primary vs. secondary vs. tertiary) and 
the more recent (US Institute of Medicine 
and World Health Organization) models of 
prevention outlined by Fusar-Poli et al. The 
identification of transdiagnostic premorbid 
biomarker signatures and biotypes may be 
of particular relevance to the field of selec-
tive prevention, though not for universal 
prevention. Biomarker-driven prediction 
is an aspirational goal for primary selective 
prevention (e.g., preventing psychosis in in-
dividuals at familial high risk for psychosis), 
though more work is needed in this area. On 
the other hand, there is emerging evidence 
in the literature supporting the possibility of 
predicting psychosis for indicated second-
ary prevention in individuals at clinical high 
risk for psychosis6, and of predicting relapse 
and functional outcome for the purpose of 
tertiary prevention in patients in the early 
course of psychosis9.

The steady expansion of new knowledge 
of brain function, and of new approaches, 
such as imaging, genetics, proteomic and 
metabolomic technologies, offers the possi-
bility for developing predictive biomarkers 
in the near future. However, the complex 
multifactorial determination of mental ill-
nesses and the enormous amount of the 
available “omics” data make this goal chal-
lenging. As Fusar-Poli et al rightly point out, 
advancing stratified approaches for preven-
tion requires a multicausal, transdiagnostic, 
multifinal epidemiological knowledge at 
an individual level. Large multi-site studies, 
carefully characterized populations, and 
sophisticated computational approaches, 
including machine learning, are needed to 
generate and harness such “big” data sets 

toward the development of actionable bio-
markers for personalized medicine.

In summary, I agree with Fusar-Poli et 
al’s articulation of the need to urgently de-
velop a blueprint for preventive strategies 
in psychiatry. First, a transdiagnostic view 
may be applicable not only to psychoses 
as outlined here, but to all of psychiatric 
disorders. Second, a neuroscience-based 
categorization of distinct subtypes in these 
disorders, as opposed to symptom-based 
categories, may improve our ability to 
predict outcome and treatment response. 
Finally, extending such a translational ap-
proach to clinical and familial high-risk 
states and to early course clinical popula-
tions may help identify early predictors 
of illness and enable individually tailored 
preventive interventions.

Matcheri S. Keshavan
Beth Israel Deaconess Medical Center, Massachusetts 
Mental Health Center and Harvard Medical School, Bos-
ton, MA, USA
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first-episode psychosis services
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This study aimed to determine whether, following two years of specialized support for first-episode psychosis, the addition of a new digital inter-
vention (Horyzons) to treatment as usual (TAU) for 18 months was more effective than 18 months of TAU alone. We conducted a single-blind 
randomized controlled trial. Participants were people with first-episode psychosis (N=170), aged 16-27 years, in clinical remission and nearing 
discharge from a specialized service. They were randomly assigned (1:1) to receive Horyzons plus TAU (N=86) or TAU alone (N=84) between 
October 2013 and January 2017. Horyzons is a novel, comprehensive digital platform merging: peer-to-peer social networking; theory-driven 
and evidence-informed therapeutic interventions targeting social functioning, vocational recovery and relapse prevention; expert clinician and 
vocational support; and peer support and moderation. TAU involved transfer to primary or tertiary community mental health services. The 
primary outcome was social functioning at 18 months as measured by the Personal and Social Performance Scale (PSP). Forty-seven participants 
(55.5%) in the Horyzons plus TAU group logged on for at least 6 months, and 40 (47.0%) for at least 9 months. Social functioning remained high 
and stable in both groups from baseline to 18-month follow-up, with no evidence of significant between-group differences (PSP mean difference: 
–0.29, 95% CI: –4.20 to 3.63, p=0.77). Participants in the Horyzons group had a 5.5 times greater increase in their odds to find employment 
or enroll in education compared with those in TAU (odds ratio, OR=5.55, 95% CI: 1.09-28.23, p=0.04), with evidence of a dose-response effect. 
Moreover, participants in TAU were twice as likely to visit emergency services compared to those in the Horyzons group (39% vs. 19%; OR=0.31, 
95% CI: 0.11-0.86, p=0.03, number needed to treat, NNT=5). There was a non-significant trend for lower hospitalizations due to psychosis in 
the Horyzons group vs. TAU (13% vs. 27%; OR=0.36, 95% CI: 0.11-1.08, p=0.07, NNT=7). So, although we did not find a significant effect of 
Horyzons on social functioning compared with TAU, the intervention was effective in improving vocational or educational attainment, a core 
component of social recovery, and in reducing usage of hospital emergency services, a key aim of specialized first-episode psychosis services. 
Horyzons holds significant promise as an engaging and sustainable intervention to provide effective vocational and relapse prevention support 
for young people with first-episode psychosis beyond specialist services.

Key words: Horyzons, first-episode psychosis, digital intervention, peer support, social functioning, employment, educational attainment, use 
of emergency services, hospitalization

(World Psychiatry 2021;20:233–243)

Psychosis can be a devastating mental health condition. It 
typically emerges in adolescence or early adulthood, significantly 
disrupting achievement of educational, occupational and social 
milestones and, in many cases, follows a relapsing course, leading 
to long-term disability1. Early intervention – in the form of youth-
specific, recovery-focused specialized first-episode psychosis 
(FEP) services – is now widely seen as the most evidence-based 
approach to improving the long-term outcomes of psychosis2.

There are, however, several limitations to the impact of early 
intervention services. First, specialist FEP services typically pro-
vide intensive support for two years, and two clinical trials indi-
cated that some treatment benefits seen at the end of this period 
may not persist over time3,4. Second, social, educational and vo-
cational recovery typically lags behind symptomatic remission, 
and many young people experience enduring social functioning 
deficits, and low educational completion and high unemploy-
ment rates5. Finally, the risk for relapse and hospital admissions 
remains high beyond discharge from specialized FEP services1,3,4.

The recognition of these limitations has created an impetus 
for improving long-term recovery from early psychosis. Along 
with studies evaluating psychosocial interventions focused on 
preventing relapse6 and fostering social and vocational recov-
ery5,7, three recent clinical trials have evaluated the effects of 
extending the duration of specialist support (by one8 to three9,10 
years) compared with the typical timeframe of early intervention 
services (i.e., two years). These trials have yielded mixed find-
ings, with one of them showing improved length of remission of 
positive and negative symptoms in the extended model of care 
(five years) relative to regular care10, one failing to demonstrate 
additional benefits from extended specialist support9, and one 
showing improved functional outcomes after three years of spe-
cialized care which were not sustained at one and two years post-
specialist intervention8.

A promising and potentially cost-effective alternative to ex-
tending the duration of specialist FEP services is to provide lower 
intensity, maintenance treatment following the initial two years 
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of specialist support11. Online, mobile and social media-based 
interventions provide a novel avenue to offer young people low-
er intensity, effective, sustainable and scalable support beyond 
discharge from specialist FEP services. Indeed, preliminary re-
search indicates that online and mobile-based interventions 
are feasible, acceptable and may improve a range of important 
domains in early psychosis, including negative symptoms, psy-
chotic symptoms, depression, social functioning, subjective well-
being and loneliness12,13. Furthermore, initial evidence shows 
that young people with mental ill-health find online social me-
dia-based interventions easy to use, engaging and supportive14.

Recent psychological models have proposed self-efficacy15, in-
trinsic motivation and positive emotions16 as important targets to 
promote social functioning in psychosis. Strengths- and mindful-
ness-based interventions have been put forward as key approach-
es to increase self-efficacy and positive emotions17, respectively, 
with preliminary studies supporting their potential to improve 
social functioning in psychosis18. Similarly, self-determination 
theory posits that interventions addressing the basic psychologi-
cal needs of competence, autonomy and relatedness will increase 
engagement and improve overall functioning through enhanced 
intrinsic motivation19. Recent studies support this theory by show-
ing that increases in intrinsic motivation predict improvements of 
social functioning in FEP20.

Drawing on our previous evidence-based interventions in pre
venting psychosis relapse6 and improving vocational attain
ment5 in FEP, combined with novel approaches to social recovery 
(strengths- and mindfulness-based interventions) and the prin-
ciples of self-determination theory, our team developed a world-
first digital intervention (Horyzons) designed to foster long-term 
recovery in FEP. Horyzons blends evidence-based models of 
social functioning, vocational recovery and relapse prevention 
into a therapeutic social media environment supported by peer 
workers as well as clinicians and vocational professionals.

The aim of this study was to examine, via a single-blind ran
domized controlled trial, whether extending the treatment period 
of a specialist FEP service through this novel digital intervention 
added to treatment as usual (TAU) for 18 months was more effec-
tive in improving social functioning (primary outcome variable) 
compared to TAU alone. Among secondary outcomes, we ex-
plored the impact of Horyzons plus TAU compared to TAU alone 
on vocational/educational recovery, visits to emergency servic-
es, and hospitalizations due to psychosis during the 18-month 
follow-up period.

METHODS

Design and participants

The Horyzons study was an 18-month, parallel-group, single-
blind, phase 4 randomized controlled trial. Participants were aged 
16-27 years and were receiving care at the Early Psychosis Preven-
tion and Intervention Centre (EPPIC), a specialized program of 
Orygen, Melbourne (Australia). EPPIC is a publicly-funded pro-

gram servicing 250-300 new FEP referrals per year. It provides 18-
24 months of specialized care, after which patients are discharged 
and transferred to TAU21.

The study protocol was registered (ANZCTR; ACTRN1261 
4000009617) and has been described in detail elsewhere22. The 
trial was approved by the Melbourne Health Human Research 
Ethics Committee (HREC/12/MH/151; ref. 2013.146).

Inclusion criteria for participants were: a) a first episode of a 
DSM-IV psychotic disorder or mood disorder with psychotic fea-
tures; b) aged 16-27 years; c) remission of positive symptoms of 
psychosis – defined, using the Positive and Negative Syndrome 
Scale (PANSS)23, as four weeks or more of scores of 3 (mild) or 
below on items P2 (conceptual disorganization) and G9 (unusual 
thought content), and scores of 4 (moderate) or below with no 
functional impairment on items P3 (hallucinatory behaviour) and 
P1 (delusions).

Additional inclusion criteria to ensure low level of risk within 
the trial included: d) low aggressiveness, defined by a score of 3 
or below on the poor impulse control item of the PANSS for the 
month prior to study entry; and e) moderate or lower suicidal 
risk, defined as a score of 4 or below on the suicidality subscale of 
the Brief Psychiatric Rating Scale (BPRS)24 for the month preced-
ing study entry. Finally, participants were required to nominate an 
emergency contact to be eligible for the study.

Exclusion criteria were: a) intellectual disability; and b) inabil-
ity to converse in or read English. Additional exclusion criteria to 
ensure safety within the trial were: c) a DSM-IV diagnosis of ei-
ther antisocial personality disorder (ASPD) or borderline person-
ality disorder (BPD), as well as clinical evidence that BPD features 
caused interpersonal difficulties in the treatment environment.

The Structured Clinical Interview for DSM-IV-TR Axis I Dis-
orders, Research Version, Patient Edition (SCID-I/P)25 was used 
as the standardized measure of DSM-IV diagnosis of mental 
illness. The BPD (13 items) and Conduct Disorder/ASPD (22 
items) screening questions of the Structured Clinical Interview 
for DSM-IV Axis II Personality Disorders (SCID-II) were used to 
assess for BPD and ASPD26.

All participants provided written informed consent, which 
was also obtained from a parent or legal guardian if the partici-
pant was younger than 18 years. Recruitment occurred between 
October 2013 and January 2017. Participants completed four as-
sessments with research assistants at baseline, and at months 6, 
12 and 18.

Randomization and patient allocation

Participants were randomly assigned (1:1), following dis-
charge from two years of specialized treatment, to either TAU 
plus Horyzons or TAU alone for 18 months. An external inde-
pendent statistician created a computer-generated randomiza-
tion schedule, comprising randomly permuted blocks. To ensure 
allocation concealment, the trial coordinator was notified of 
each randomization via a secure online system and then in-
formed participants of their treatment allocation.
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Statisticians and study assessors were masked to treatment al-
location until completion of analyses via various procedures de-
tailed in the study protocol22. If a study assessor was unblinded, 
the corresponding participant was allocated to a different study 
assessor. The study assessors recorded their best guess of partici-
pants’ treatment allocation at 6-, 12- and 18-month follow-up to 
assess the success of masking.

Experimental intervention

The Horyzons application was iteratively developed by a mul-
tidisciplinary team, in partnership with young people, with the 
aim of improving social functioning and vocational recovery and 
prevent relapse in FEP22.

Horyzons is based on the moderated online social therapy 
(MOST) model27,28, which integrates interactive online therapy 
(“pathways” and “steps”), peer-to-peer online social networking 
(“the café”), peer moderation, and expert support. Details on 
each of these components are given in Table 1.

Expert support was provided by registered mental health clini-
cians (e.g., clinical psychologists, social workers) and vocational 
workers (trained in Individual Placement and Support) with ex-
perience in young people with psychosis. The role of clinicians 
was to tailor evidence-based interventions, monitor participants’ 

clinical status and ensure the safety of the social network. Each 
clinician was assigned a caseload, which was followed for the du-
ration of the trial. After baseline assessment, the clinician contact-
ed the participant for a brief phone meeting to review personal 
needs and preferences. During this initial call, the clinician col-
laboratively agreed with the participant on the expectations re-
garding frequency of logins (i.e., weekly or fortnightly). Clinicians 
then developed brief case formulations which were discussed 
during weekly supervision meetings with senior clinical psychol-
ogists from the team. Guided by the individual formulation, clini-
cians sent each client weekly tailored content suggestions.

The activity of moderators was informed by the self-determina-
tion theory. They supported the autonomy, self-competence and 
relatedness needs of participants when using Horyzons. For those 
young people requiring vocational assistance, the vocational mod-
erator provided them with individualized online support, which 
included: assessing preferences for training, identifying suitable 
job openings, supporting specific job seeking activities, preparing 
for a job interview, support for work and study demands, and en-
couraging use of their personal strengths. Vocational support and 
online content were informed by the Individual Placement and 
Support model5.

The “café” was led by trained young people with lived expe-
rience of mental illness (“peer-workers”). They facilitated social 
learning using Horyzons in desired ways (e.g., sharing helpful 

Table 1  Description of  Horyzons features

Therapy content

Pathways Horyzons includes a number of  online “pathways” addressing distinct themes, such as understanding psychosis, identifying early warning 
signs and preventing relapse, fostering vocational skills, identifying and exercising personal strengths, promoting positive connections with 
others, fostering positive emotions, managing anxiety and dealing with depression.

Steps To increase the usability and take-up of  therapeutic content, pathways are comprised of  thematically related therapy “steps”. The online 
“steps” are evidence-based, discrete, interactive therapy modules primarily targeting: a) social functioning; for example, through fostering 
self-efficacy (e.g., by identifying personal strengths via an interactive card-sort game based on the strengths-based framework) and posi-
tive connections with others (e.g., by illustrating positive and negative responses and relationship dynamics with others); b) vocational 
recovery; for example, by providing interactive information on how to prepare for a job interview, or how to use personal strengths at 
work and study; c) relapse prevention; for example, by identifying early warning signs of  relapse and developing a relapse prevention 
plan; and d) comorbid anxiety and depression symptoms; for example, by engaging in relaxation, mindfulness or behavioural activation.

Online social 
network (Café)

To enhance engagement and foster social support, participants are encouraged to communicate with one another through the online social 
network. Expert moderators (clinicians and vocational workers) are identifiable as a separate user class within the network. Posts include 
“icebreakers” (to encourage social interactions), user-generated threads, “reactions” (designed to facilitate social support), as well as 
content related to mental health or of  general interest.

Step content

Key concepts Accessible psychoeducational descriptions of  therapeutic concepts and outlines based on the purpose of  the particular step for the 
participants.

Comics Therapy comics, each comprising of  20 to 24 story board panels focusing on a particular therapeutic theme and target related to the 
treatment.

Do its To ensure that therapeutic concepts are translated into behavioural change, the “steps” include behavioural prompts known as actions or 
“Do its”. For example, following a step about finding jobs, the participants would find specific behavioural suggestions prompting them 
to “drop off  their CV in the reception areas of  10 different organizations”. “Do its” are also related to the participant’s specific strengths 
(e.g., using courage when facing stressful social situations).

Talk it out “Talk it out” is an online group function informed by the evidence-based problem-solving framework. It enables participants to propose 
problems (e.g., “should I discuss my mental health issues in a job interview?”), which are discussed in moderated groups through 
structured phases (e.g., brainstorming, pros and cons, wrap-up). Previous problems and group solutions are stored in the system, 
providing an easily accessible “solution wiki” for future young people.
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content). Peer-workers also seeded discussion threads to pro-
mote engagement and connection and to normalize experiences.

Control intervention

Participants allocated to regular care received TAU following 
discharge from the EPPIC program. We chose TAU as compara-
tor to enhance external validity because it replicates the current 
mainstream post-discharge treatment options available to young 
people with FEP. This parallels three recent randomized controlled 
trials examining extended interventions for FEP services8-10.

TAU comprised various treatment options delivered by gener-
ic medical or mental health services typically available to young 
people. Those with complex needs were referred by the EPPIC 
team to adult tertiary community mental health services, where-
as those who achieved a good level of recovery and clinical sta-
bility were referred to primary care services (including access to 
multidisciplinary youth mental health services and government-
subsidized psychological and psychiatric treatment). TAU partic-
ipants were also provided with a printed leaflet and a universal 
serial bus (USB) containing relevant information on free online 
youth resources (i.e., Moodgym, e-headspace, Reach-out).

Outcome measures

The primary outcome was change in social functioning, as 
measured by the Personal and Social Performance Scale (PSP)29, 
from baseline to 18-month follow-up. Secondary outcomes 
(change from baseline to 18-month follow-up, or incidence 
within the 18-month follow-up) included visits to emergency 
services, hospital admissions due to mental health issues in gen-
eral or specifically to psychosis, vocational/educational recovery 
(i.e., working in a job that paid the legislated minimum wage for 
a minimum of a week and/or being enrolled in education in the 
previous 6-month period), depression (as assessed by the Cal-
gary Depression Scale for Schizophrenia, CDSS30), loneliness 
and social support (evaluated by the UCLA Loneliness Scale, 
Version 331, and the Medical Outcomes Study Social Support 
Survey, MOS-SSS32, respectively), self-esteem and self-efficacy 
(assessed by the Self-Esteem Rating Scale - Short Form, SERS-
SF33, and the Mental Health Confidence Scale, MHCS34, respec-
tively), satisfaction with life (evaluated using the Satisfaction with 
Life Scale, SWLS35), quality of life (measured by the Assessment 
of Quality of Life - 8D, AQoL-8D36), and positive and negative 
psychotic symptoms (assessed by the PANSS).

Seventeen cases were selected at baseline for the purpose of 
checking interrater reliability on the interview rated measures 
– PSP, PANSS and CDSS – with an independent research assis-
tant making simultaneous ratings. The intraclass correlation co-
efficients were 0.90 for PSP, 0.89 for PANSS, and 0.94 for CDSS, 
which indicates good interrater reliability.

To determine success of blinding, the kappa statistic was used 
as a measure of agreement beyond that caused by chance37. The 

guesses by the study assessors about treatment group were com-
pared with actual treatment allocation. There was no evidence 
of unblinding by study assessors. The kappa statistics were 0.01, 
0.08 and 0.29 at 6-, 12- and 18-month follow-up assessments, re-
spectively. A kappa statistic of less than 0.40 indicates poor agree-
ment37.

Data analysis

The main analyses were done on an intention-to-treat basis, 
including all participants and all available data. Additional anal-
yses were completed on a priori established per-protocol basis, 
including participants in the intervention group who received a 
pre-specified minimal exposure to the online intervention (i.e., 
>8 logins during the 18-month intervention22).

For continuous variables, we compared the groups using 
linear mixed models with a restricted maximum likelihood es-
timator implemented by the lme4 (version 1.1-23) and lmerTest 
(version 3.1.2) packages in R (version 3.6.2). The models includ-
ed random intercepts for each participant, and the fixed effects 
of treatment, time (baseline, 6-, 12- and 18-month follow-up), 
and treatment-by-time interactions. Gender, age, the relevant 
baseline scores of the outcome variable, and covariates which 
were significantly different across treatment groups at baseline 
(i.e., duration of untreated psychosis, DUP) were also included 
as fixed effects (i.e., controlling for their effects).

Vocational/educational outcome (categorical) was analyzed 
using multilevel logistic regression including random intercepts 
for each participant, and the fixed effects of treatment, time, 
treatment-by-time interactions, gender, age and other relevant 
covariates as described above.

For all analyses, the primary effects of interest were the treat-
ment-by-time interactions representing group differences in lin-
ear change from baseline to month 18 (primary end point).

The total number of hospital admissions due to psychosis 
or in general to mental health issues and of visits to emergency 
services over the 18-month follow-up period were compared be-
tween groups using logistic regression, including gender, age and 
DUP as covariates in the models. We used two-tailed tests with 
p<0.05 denoting statistical significance.

In addition to the planned contrast of interest for changes be-
tween baseline and 18 months, we also examined group differ-
ences at 6 and 12 months if there was a statistically significant 
overall treatment-by-time interaction.

RESULTS

Eighty-six participants (50.5%) were randomly assigned to the 
Horyzons plus TAU group and 84 (49.5%) to the TAU group. Partici-
pants had a mean age of 20.91 years (SD=2.88) (Table 2). With the ex-
ception of DUP, which was significantly longer in the Horyzons plus 
TAU group (median: 7.36 weeks) relative to the TAU group (median: 
4.29 weeks), all socio-demographic and diagnostic covariates were 
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well balanced between groups at baseline (Table 2). There were no 
differences between participants who were included in the study 
and those who declined participation in terms of age and gender.

Seventy-two of 86 participants in the Horyzons plus TAU 
group (83.7%) and 75 of 84 in the TAU group (89.3%) completed 
at least one post-baseline (i.e., 6-, 12- and/or 18-month) assess-
ment. Moreover, 63 participants in the Horyzons group (73.2%) 
and 63 in the TAU group (75.0%) completed the 18-month follow-
up assessment (see Figure 1). There were no differences between 
those who were lost to follow-up and those who completed the 
18-month assessment with respect to socio-demographic, diag-
nostic, clinical and functioning variables.

Data on engagement with Horyzons are provided in Table 3. 
Participants had an average of 106.84 logins (SD=247.05), with 69 
(80.2%) participants logging on for at least 3 months, 47 (55.5%) 
for at least 6 months, 40 (47.0%) for at least 9 months, and 25 
(29.0%) for at least 12 months.

For our primary outcome variable, changes in PSP scores at 
18-month follow-up, we found no significant group-by-time in-
teraction effect (mean difference = –0.29, 95% CI: –4.20 to 3.63, 
standardized effect size = –0.01, p=0.77) in the main intention-
to-treat analysis. Level of functioning remained stable for both 
groups from baseline to 18-month follow-up (Table 4).

We found a significantly better vocational/educational out-
come in the Horyzons plus TAU group compared with the TAU 
group (Table 5). Specifically, participants in the Horyzons group 
had 5.5 times greater increase in their odds of finding employ-
ment or enrolling in education from baseline to 18 months 
compared with those in the TAU group (odds ratio, OR=5.55, 
95% CI: 1.09-28.23, p=0.04). Moreover, participants allocated 
to the TAU group had twice the rate of hospital admissions due 
to psychosis compared with their counterparts in the Horyzons 
plus TAU group, although this difference did not reach the level 
of statistical significance (27% vs. 13%, respectively; OR=0.36, 

Table 2  Baseline patient characteristics

Horyzons plus TAU (N=86) TAU (N=84) Total (N=170)

Age (years, mean±SD) 21.01±2.93 20.81±2.83 20.91±2.88

≤18 years, N (%) 23 (26.7) 25 (29.8) 48 (28.2)

>18 years, N (%) 63 (73.3) 59 (70.2) 122 (71.8)

Gender, N (%)

Males 45 (52.3) 45 (53.6) 90 (52.9)

Females 41 (47.7) 39 (46.6) 80 (47.1)

Employment status, N (%)

Unemployed 32 (39.0) 24 (29.3) 56 (34.1)

Studying only 16 (19.5) 23 (28.0) 39 (23.8)

Paid work only 20 (24.4) 17 (20.7) 37 (22.6)

Concurrent study and paid work 14 (17.1) 18 (22.0) 32 (19.5)

Educational status, N (%)

Not currently studying 54 (62.8) 39 (46.4) 93 (54.7)

Not currently studying, but enrolled in upcoming course 2 (2.3) 4 (4.8) 6 (3.5)

Studying part-time 5 (5.8) 14 (16.7) 19 (11.2)

Studying full-time 25 (29.1) 27 (32.1) 52 (30.6)

Highest year completed at school, N (%)

Year 8 1 (1.2) 2 (2.4) 3 (1.8)

Year 9 7 (8.2) 7 (8.3) 14 (8.3)

Year 10 16 (18.8) 19 (22.6) 35 (20.7)

Year 11 16 (18.8) 20 (23.8) 36 (21.3)

Year 12 45 (52.9) 36 (42.9) 81 (47.9)

Diagnosis, N (%)

Affective psychosis 29 (33.7) 29 (34.5) 58 (34.1)

Non-affective psychosis 57 (66.3) 55 (65.5) 112 (65.9)

Duration of  untreated psychosis (weeks, median and range)* 7.36 (1.00-52.14) 4.29 (0.64-11.93) 4.29 (0.86-19.57)

TAU – treatment as usual
*Significant difference between TAU and Horyzons plus TAU (p<0.05)
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Figure 1  Trial profile. EPPIC – Early Psychosis Prevention and Intervention Centre, TAU – treatment as usual
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95% CI: 0.11-1.08, p=0.07, number needed to treat, NNT=7) (Ta-
ble 5). Consistent with this finding, those allocated to the TAU 
group had twice the rate of visits to emergency services com-
pared with those in the Horyzons plus TAU group from base-
line to 18 months, a statistically significant difference (39% vs. 
19%, respectively; OR=0.31, 95% CI: 0.11-0.86, p=0.03, NNT=5)  
(Table 5).

Changes in other secondary outcome variables did not dif-
fer between the groups from baseline to 18-month follow-up 
(Table 4). Additional analyses to the primary contrast of inter-
est (changes between baseline and 18 months) found a signifi-
cant overall treatment-by-time interaction effect on negative 
symptoms (as measured by the PANSS scale). Post-hoc analyses 
revealed that this effect was driven by a significantly greater re-
duction of negative symptoms in participants allocated to the 
Horyzons plus TAU compared with those in the TAU group from 
baseline to 12-month follow-up (p<0.05); however, these effects 

on negative symptoms were lost from 12-month to 18-month 
follow-up.

Effect sizes from the per-protocol analyses were consistent 
with the primary intent-to-treat analyses.

DISCUSSION

Sustained social and vocational recovery is the ultimate goal 
of specialist FEP services as well as the most valued outcome by 
young people and their families38. Yet, follow-up studies have 
questioned the maintenance of treatment effects of early psy-
chosis services3,4; social and vocational recovery continues to be 
resistant to current intervention approaches5; and relapse rates 
remain high beyond discharge from specialized services1,3,4. 
Addressing this gap, this is the first randomized controlled trial 
to examine whether a novel digital intervention is an effective 
strategy to extend the treatment benefits of early intervention 
and foster social and vocational recovery beyond discharge from 
specialist FEP services.

We did not find a significant between-group difference in so-
cial functioning (primary outcome) as measured by the PSP at 18 
months. Participants in both groups showed relatively high levels 
of social functioning at baseline, which were maintained through-
out the study. On the other hand, secondary analyses revealed 
that participants who received the Horyzons intervention plus 
TAU had a 5.5 times greater increase in their odds of finding com-
petitive employment and/or enroll in education – a key aspect of 
functional recovery – compared with those receiving TAU alone 
from baseline to 18 months. Moreover, we found twice the inci-
dence of hospital admissions due to psychosis in the TAU group 
than in the Horyzons plus TAU group. While the between-group 
difference did not reach the level of statistical significance (p=0.07) 
(event rates were low), the differential rate is notable, and this sug-
gestive evidence is supported by the consistent finding that par-
ticipants allocated to the Horyzons intervention were significantly 
less likely to visit emergency services over the 18-month period 
(p=0.03) compared with their counterparts in the TAU group.

In line with previous studies, we hypothesized that the poten-
tially disruptive effects of transfer of care from a specialized to ge-
neric services, coupled with the sense of loss, change of clinical 
care and reduced multidisciplinary input would lead to a func-
tional deterioration in the TAU group3. This would have been 
consistent with Chang et al’s finding that the functional decline 
following termination of specialized care took place primarily in 
the first year following discharge8. By contrast, in keeping with 
previous research11, we expected that, by providing an online 
step-down model of care, we would prevent the loss of functional 
gains in the Horyzons group. Contrary to our expectations, while 
participants allocated to the Horyzons plus TAU group main-
tained their level of functioning throughout the study, so did those 
in the TAU group.

There are a number of explanations that could account for this 
finding. First, baseline social functioning in our sample (at the 
point of discharge from a specialist FEP service) was noticeably 

Table 3  Engagement with Horyzons

N (%) Mean (SD) Median (IQR)

Number of  logins over 
18 months

106.84 (247.05) 24 (8.5-84)

≤8 21 (24.7)

9-17 15 (17.6)

18-76 24 (28.2)

77-1,529 25 (29.4)

Number of  steps done 16.99 (21.76) 9 (3-21)

1-5 30 (35.3)

6-15 26 (30.6)

16-130 29 (34.1)

Number of  actions done 5.29 (8.11) 2 (0-7)

None 27 (31.8)

1-5 32 (37.6)

6-47 26 (30.6)

Number of  newsfeed posts 
and/or comments

21.49 (41.71) 7 (1.25-21)

None 14 (16.7)

1-5 25 (29.8)

6-25 29 (34.5)

26-266 16 (19.0)

Length of  engagement 
(months)

8.15 (5.65) 7 (3-13)

At least 1 month 76 (88.4)

At least 3 months 69 (80.2)

At least 6 months 47 (55.5)

At least 9 months 40 (47.0)

At least 12 months 25 (29.0)

Full 18-month period 7 (8.1)

IQR – interquartile range
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higher compared to other similar studies. Specifically, the mean 
social functioning score at study entry was 66.6 in our trial (PSP), 
compared with 57 (Social and Occupational Functioning Assess-
ment Scale, SOFAS) in Chang et al’s study8 and 48 (PSP) in Albert 
et al’s trial9. Moreover, DUP – a marker of both long-term func-
tioning and treatment response in extended specialist FEP servic-
es39,40 – was also comparatively briefer in our cohort (4.3 weeks) 

vs. prior studies (121-164 weeks in Albert et al’s study9, 12 weeks 
in Malla et al’s study10, 13 weeks in Chang et al’s trial8). These dif-
ferences could reflect the intensity and quality of the background 
treatment in our study. In particular, unlike other specialized FEP 
services, EPPIC provides a comprehensive group program and 
Individual Placement and Support to promote social and voca-
tional recovery as part of the service. Alternatively, the inclusion 

Table 4  Social functioning and continuous secondary outcome variables at baseline and 18 months (intent-to-treat analysis)

Horyzons plus TAU TAU Mean difference (95% CI) Standardized effect size p

Social functioning (PSP score, mean±SE) –0.29 (–4.20 to 3.63) –0.01 0.77

Baseline 67.36±1.21 66.37±1.24

18 months 67.04±1.38 66.75±1.42

Depression (CDSS score, mean±SE) 0.31 (–0.82 to 1.44) 0.05 0.42

Baseline 3.23±0.35 3.00±0.36

18 months 4.13±0.40 4.44±0.41

Loneliness (UCLA score, mean±SE) 0.94 (–2.05 to 3.94) 0.06 0.54

Baseline 46.06±0.89 46.12±0.94

18 months 44.12±1.05 45.07±1.10

Social support (MOS-SSS score, 
mean±SE)

0.08 (–5.51 to 5.68) –0.003 0.82

Baseline 71.11±1.68 70.45±1.75

18 months 72.99±1.96 73.08±2.05

Self-esteem (SERS-SF score, mean±SE) 1.07 (–4.89 to 7.04) 0.03 0.89

Baseline 12.24±1.79 12.84±1.88

18 months 13.78±2.09 14.85±2.19

Self-efficacy (MHCS score, mean±SE) 2.25 (–2.14 to 6.65) 0.09 0.30

Baseline 68.22±1.31 67.84±1.35

18 months 68.57±1.56 70.82±1.59

Satisfaction with life (SWLS score, 
mean±SE)

–0.29 (–2.13 to 1.55) –0.03 0.67

Baseline 20.99±0.56 21.19±0.59

18 months 22.63±0.65 22.34±0.67

Quality of  life (AQoL-8D total score, 
mean±SE)

0.01 (–0.04 to 0.07) 0.05 0.59

Baseline 0.60±0.02 0.60±0.01

18 months 0.63±0.02 0.65±0.02

Positive symptoms (PANSS Positive 
score, mean±SE)

–0.82 (–1.98 to 0.35) –0.12 0.37

Baseline 10.02±0.36 9.68±0.37

18 months 11.08±0.41 10.26±0.43

Negative symptoms (PANSS Negative 
score, mean±SE)

–0.83 (–1.99 to 0.34) –0.12 0.34

Baseline 11.21±0.36 11.05±0.37

18 months 12.26±0.41 11.43±0.42

The p value represents the group-by-time interaction effect from baseline to 18-month follow-up. TAU – treatment as usual, PSP – Personal and Social 
Performance Scale, CDSS – Calgary Depression Scale for Schizophrenia, UCLA – UCLA Loneliness Scale (Version 3), MOS-SSS – Medical Outcomes Study 
Social Support Survey, SERS-SF – Self-Esteem Rating Scale - Short Form, MHCS – Mental Health Confidence Scale, SWLS – Satisfaction with Life Scale, 
AQoL-8D – Assessment of  Quality of  Life - 8D, PANSS – Positive and Negative Syndrome Scale



World Psychiatry 20:2 - June 2021� 241

and exclusion criteria employed to ensure the safety of the trial 
(i.e., clinical remission) could have led to a sample of higher func-
tioning individuals at baseline6.

Second, the sustained level of functioning in the TAU group 
could be accounted for by the quality and intensity of TAU fol-
lowing EPPIC treatment, which included follow-up treatment 
options such as multidisciplinary youth mental health services 
(e.g., headspace services) as well as government-subsidized psy-
chological and psychiatric treatment.

Taken together, the higher baseline social functioning and 
shorter DUP in our cohort, coupled with the availability of pub-
licly funded youth mental health support post-discharge from 
EPPIC, could have reduced the likelihood of finding group dif-
ferences in social functioning over time. On the other hand, it 
could be that Horyzons is not effective enough in improving so-
cial functioning in this population, or that a different treatment 
modality, different or additional therapeutic targets, or a mini-
mal threshold or a specific pattern of usage, are needed to dem-
onstrate improved social functioning at follow-up.

The last above postulate is supported by our examination of 
the relationship between patterns of usage of Horyzons and out-
comes. This analysis revealed that Horyzons users who showed 
consistent engagement with the social and therapeutic compo-
nents of the digital platform experienced significant improve-
ments in social functioning and negative symptoms compared 
with those with lower usage and those allocated to the TAU group 
(after controlling for potential confounders)41.

A key finding of this study was that vocational/educational 
outcome improved significantly in the Horyzons plus TAU group 
compared with the TAU group, which deteriorated over the same 
period. Of note, post-hoc analyses provided evidence of a dose-
response effect, with those participants in the top quartile of 
logins (i.e., logging on >77 times) showing a greater improvement 
on vocational and educational recovery (OR=59.71; 95% CI: 2.40-
1484.37, p=0.01) compared with those in the bottom quartile of 
logins (i.e., <9 logins) (OR=1.40; 95% CI: 0.03-72.40, p=0.87).

This study is the first to demonstrate that extending the dura-
tion of support following specialist FEP services leads to improved 
vocational/educational outcome over a prolonged follow-up pe-
riod. This finding has significant treatment and recovery impli-
cations. The extant evidence indicates that the positive effects of 
face-to-face Individual Placement and Support in FEP may wane 

after the intervention period5. Moreover, securing and maintain-
ing employment and completing education remain a top prior-
ity for young people with psychosis, are critical aspects of mental 
health recovery and normative development, and constitute a 
protective factor against mental ill-health42. This study shows for 
the first time that a digital intervention integrating support by 
vocational workers and evidence-based vocational content is an 
effective strategy to address this critical treatment goal and poten-
tially extend the benefits of existing evidence-based interventions 
in this population.

The study results provide support for the effect of Horyzons 
in reducing the rate of hospital admissions following discharge 
from specialist FEP services. While the difference with respect 
to the TAU group did not reach the level of statistical significance 
(p=0.07), the differential rate is evident (13% vs. 27%), and the low 
event rates significantly reduced the statistical power for this anal-
ysis. The clinical validity of this finding is strengthened by the as-
sociated finding that participants allocated to the TAU group were 
twice as likely to visit emergency services during the follow-up 
compared to those in the Horyzons group (39% vs. 19%, p=0.03). 
Of note, there were a total of 12 repeated visits to emergency ser-
vices from seven different participants, all of which occurred in 
the TAU group.

It may be that Horyzons acts on distress, reducing utilization 
of emergency services and hospital admissions through in-the-
moment access to online therapy, and peer and social support. 
This is in line with previous research showing that social support 
is associated with reduced risk of relapse in FEP1. The estimated 
NNT for Horyzons to prevent one visit to emergency services and 
one hospital admission were 5 and 7, respectively. This is com-
parable with the reported NNT for specialist FEP programs to 
prevent one relapse (NNT=8) and somewhat lower than the NNT 
with second-generation antipsychotics to prevent one relapse 
(NNT=10)2.

Our exploratory analysis showed lower levels of negative symp-
toms from baseline to 12 months in the Horyzons group compared 
with the TAU group. This effect, however, was lost at 18-month fol-
low-up. Malla et al10 found that extending the duration of special-
ist FEP services was associated with improved negative symptoms 
at 5-year follow-up compared with TAU. In addition, similar to our 
findings, Chang et al8 found a reduction in negative symptoms fol-
lowing one year of extended specialist FEP treatment which was 

Table 5  Binary secondary outcome variables (intent-to-treat analysis)

Horyzons plus TAU, N (%) TAU, N (%) Odds ratio (95% CI) p Number needed to treat

Vocational or educational recovery

Baseline 45 (62%) 56 (74%) 5.55 (1.09-28.23) 0.04

18 months 47 (78%) 44 (70%)

Hospital admissions due to mental health issues 12 (22%) 17 (31%) 0.46 (0.15-1.30) 0.15 11

Hospital admissions due to psychosis 7 (13%) 15 (27%) 0.36 (0.11-1.08) 0.07 7

Visits to emergency services 10 (19%) 21 (39%) 0.31 (0.11-0.86) 0.03 5

TAU – treatment as usual. Significant differences are highlighted in bold prints
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lost at 2- and 3-year follow-up. Our results suggest that Horyzons 
may have time-limited favorable effects on negative symptoms, 
corresponding with the period of higher usage of the program.

We did not find evidence for the effectiveness of Horyzons on 
other secondary outcome variables such as depression, social sup-
port, loneliness and quality of life. Several explanations may ac-
count for the lack of treatment effects on these variables. First, it is 
likely that bringing about treatment effect on specific outcome var-
iables (e.g., depression) requires intensive, focused engagement 
of specific targets (e.g., rumination or behavioural activation5,6). 
Second, Horyzons is one of the first interventions harnessing so-
cial networking to promote both engagement and social support. 
However, we found that, whereas many young people had positive 
experiences of social connection on Horyzons, others experienced 
barriers (such as social anxiety, paranoia and confusion within the 
social network) that thwarted their need for connection with oth-
ers43. Further research is required to determine the optimal fea-
tures and operations of online social media-based interventions 
so that they support connectedness, whilst addressing barriers to 
meaningful engagement.

With the aim of sustaining the benefits of specialist FEP ser-
vices, Horyzons was delivered for a period of 18 months. This ap-
proach is unique in the field of mental health. Typically, online 
interventions are provided for a median period of 10 weeks44. 
Sustained engagement has been recognized as a long-standing 
problem, with many patients failing to complete more than one or 
two sessions in self-guided online interventions, even with weekly 
telephone support45. With the aim of maximizing long-term en-
gagement, the design of Horyzons exploited online social media 
technology, applied strengths-based approaches and drew on the 
self-determination theory. Encouragingly, our results showed that 
80.2% of Horyzons users logged on for at least 3 months, 47.0% for 
9 months or longer, and 29.0% for at least one year. These findings 
demonstrate the appeal of Horyzons in a difficult to engage cohort.

This study has several strengths. All research assessors and 
online therapists received regular supervision, including rou-
tine checks on interrater reliability and adherence to the therapy 
model. Significant efforts were made to maintain the masking of 
group assignment, and we confirmed that blinding was success-
ful. The intervention was delivered in a clinical setting, increas-
ing the clinical validity and generalizability of study methods and 
results.

The study also has some limitations. First, engagement with 
Horyzons over the 18-month intervention varied significantly 
amongst participants, which may moderate treatment efficacy. 
Moreover, the trial was by necessity single-blind, which may have 
had an impact on the results. Finally, we cannot rule out the possi-
bility that the outcome of randomization influenced somewhat the 
discharge process, with young people allocated to the TAU group 
receiving a more careful discharge plan compared to those in the 
Horyzons group.

In conclusion, this is the first study to investigate whether a 
digital intervention is an effective approach to sustaining the 
benefits of specialist FEP services. While our results did not pro-
vide evidence to support the effectiveness of Horyzons in im-

proving social functioning in FEP, baseline functioning was high 
in our cohort and, contrary to our expectations, remained high in 
both groups throughout the study. On the other hand, Horyzons 
was effective in improving vocational/educational attainment (a 
core aspect of social recovery), reducing visits to emergency ser-
vices and reducing rates of hospital admissions due to psychosis 
following discharge from a specialist FEP service (a core target 
of specialized FEP services). Finally, our data demonstrated that 
Horyzons was appealing for young people with FEP, with many 
participants being engaged for sustained periods of time.

Horyzons has now been adapted and successfully piloted in 
specialized FEP services in the US46 and Canada47, with clinical 
implementation efforts underway in both countries as well as 
Australia. Ultimately, with specialized FEP services now being 
available across the US, Canada, Europe, Asia and Australasia, 
Horyzons holds significant promise as a novel, engaging and 
sustainable intervention to improve vocational recovery, reduce 
utilization of emergency services and provide continuous sup-
port for young people with FEP beyond specialized care.
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Top-tier evidence on the safety/tolerability of 80 medications in children/adolescents with mental disorders has recently been reviewed in this jour
nal. To guide clinical practice, such data must be combined with evidence on efficacy and acceptability. Besides medications, psychosocial  inter
ventions and brain stimulation techniques are treatment options for children/adolescents with mental disorders. For this umbrella review, 
we  systematically searched network meta-analyses (NMAs) and meta-analyses (MAs) of randomized controlled trials (RCTs) evaluating 48 
medications, 20 psychosocial interventions, and four brain stimulation techniques in children/adolescents with 52 different mental disorders or 
groups of mental disorders, reporting on 20 different efficacy/acceptability outcomes. Co-primary outcomes were disease-specific symptom reduc-
tion and all-cause discontinuation (“acceptability”). We included 14 NMAs and 90 MAs, reporting on 15 mental disorders or groups of mental 
disorders. Overall, 21 medications outperformed placebo regarding the co-primary outcomes, and three psychosocial interventions did so (while 
seven outperformed waiting list/no treatment). Based on the meta-analytic evidence, the most convincing efficacy profile emerged for ampheta-
mines, methylphenidate and, to a smaller extent, behavioral therapy in attention-deficit/hyperactivity disorder; aripiprazole, risperidone and 
several psychosocial interventions in autism; risperidone and behavioral interventions in disruptive behavior disorders; several antipsychotics in 
schizophrenia spectrum disorders; fluoxetine, the combination of fluoxetine and cognitive behavioral therapy (CBT), and interpersonal therapy 
in depression; aripiprazole in mania; fluoxetine and group CBT in anxiety disorders; fluoxetine/selective serotonin reuptake inhibitors, CBT, and 
behavioral therapy with exposure and response prevention in obsessive-compulsive disorder; CBT in post-traumatic stress disorder; imipramine 
and alarm behavioral intervention in enuresis; behavioral therapy in encopresis; and family therapy in anorexia nervosa. Results from this 
umbrella review of interventions for mental disorders in children/adolescents provide evidence-based information for clinical decision making.

Key words: Children, adolescents, pharmacotherapy, psychotherapies, psychosocial interventions, brain stimulation, ADHD, autism, dis­
ruptive behavior disorders, efficacy, acceptability

(World Psychiatry 2021;20:244–275)

Many mental disorders have an onset with clinically relevant 
manifestations in childhood or adolescence, followed frequently 
by a chronic illness course into adulthood1,2. Many disorders 
with an earlier onset are first diagnosed in adulthood, with a de­
lay ranging for example from 6 to 8 years for mood disorders and 
from 9 to 23 years for anxiety disorders3. Due to their interfer­
ence with attainment of biopsychosocial milestones, mental and 
neurodevelopmental disorders in children and adolescents are 
among the leading causes of global burden of disease and years 
lived with disability4. This situation makes the appropriate de­
livery of evidence-based and effective treatments for youth with 
mental disorders a key priority in the public health field.

Pharmacological, psychosocial and brain stimulation options 
are available for the management of many mental disorders in 
children and adolescents. However, for several of them, what 
should be considered the first line treatment strategy – based on 

efficacy, effectiveness, acceptability and tolerability/safety – re­
mains uncertain.

A number of randomized controlled trials (RCTs) have been 
conducted to assess the efficacy, acceptability and tolerability 
of medications across different disorders in children and ado­
lescents. The results from many of these RCTs have been pooled 
in pairwise meta-analyses (MAs) or network meta-analyses 
(NMAs)5–8. While most antidepressants outperform placebo to 
treat depression in adults9, most antidepressants have not been 
shown to be superior to placebo in children and adolescents with 
major depressive disorder7,10. Similarly, yet to a lower extent, an­
tidepressants may not be as effective in children and adolescents 
with anxiety disorders as in adults11.

On the other hand, RCTs comparing psychosocial interven­
tions with waiting list or no intervention control groups generally 
show a large effect size in youth with depression10 or anxiety12 
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disorders. Yet, when compared with placebo/sham interven­
tions, most significant findings favoring psychosocial interven­
tions vs. placebo disappear10,12. Effect sizes also vary according to 
design, blinding, patient selection (baseline severity) and choice 
of the control group13 in trials assessing combination treatments, 
whose superiority to monotherapies has not been consistently 
confirmed within and across disorders in children/adolescents.

Differences in inclusion criteria, outcomes, and a variety of 
features defining quality across MAs and NMAs limit the clini­
cal value and impact of such a rich, yet complex body of evi­
dence. Umbrella reviews may overcome these problems to some 
degree by taking the totality of the evidence from existing MAs 
and NMAs into account, and filtering top-tier meta-analytic es­
timates according to pre-established criteria. It is paramount to 
provide clinicians with structured and standardized summaries, 
translating the massive data into actionable clinical information.

To our knowledge, no umbrella review is available of the 
evidence from MAs and NMAs of RCTs on the efficacy and ac­
ceptability of pharmacological, psychosocial, and brain stimu­
lation treatment options for the core symptoms and associated 
problems of the full range of mental disorders in children and 
adolescents. The present study aims to fill this gap, as previously 
done in this journal concerning the safety and tolerability of 80 
pharmacological agents used for the management of child and 
adolescent mental disorders14.

We focused on disease-specific symptom reduction and 
treatment response as efficacy measures, and on measures of 
acceptability that could be compared across the three different 
treatment modalities, namely all-cause discontinuation and 
intolerability-related discontinuation. Following this approach, 
this umbrella review intends to provide practitioners with an evi­
dence-based atlas of therapeutic tools to inform clinical decision 
making, where a balance needs to be struck between efficacy, 
acceptability/tolerability, and safety.

METHODS

Search, inclusion and exclusion criteria

This umbrella review followed an a priori protocol (available 
upon request). We conducted a systematic search in PubMed, 
PsycINFO, and Cochrane database up to January 9, 2021, using 
an exhaustive combination of key words (full search string avail­
able upon request). We also manually searched bibliographies 
of included meta-analyses. Two independent authors conducted 
title/abstract screening, full-text assessment, and data extrac­
tion into a pre-defined excel spreadsheet. A third author triple-
checked extracted data, and resolved any conflict.

Included were: a) NMAs or MAs of RCTs, b) of a priori defined 
48 psychotropic medications, 20 psychosocial interventions, 
and four brain stimulation interventions, c) in children and/or 
adolescents, d) with any of 52 a priori defined mental disorders, 
e) reporting on 20 a priori defined outcomes within a specific 
disorder. Exclusion criteria were: a) systematic reviews without 

meta-analysis, b) pooling of studies other than RCTs, c) interven­
tions for other than pre-defined disorders/outcomes.

Whenever two NMAs or MAs reported on the same combina­
tion of disorder, intervention, comparison and outcome, we con­
sidered the comparison with more RCTs, the minimum being at 
least one direct comparison for NMAs.

Included disorders, interventions, and comparisons

Mental disorders of interest, as grouped in the ICD-1115, were: 
a) neurodevelopmental disorders (autism spectrum disorder, 
attention-deficit/hyperactivity disorder (ADHD), disorders of 
intellectual development, developmental speech or sound dis­
orders, developmental learning disorders, developmental mo­
tor coordination disorders), b) schizophrenia and other primary 
psychotic disorders (schizophrenia, schizoaffective disorder, 
schizotypal disorder, acute and transient psychotic disorder), 
c) catatonia, d) mood disorders (bipolar and related disorders, 
depressive disorders), e) anxiety or fear-related disorders (gen­
eralized anxiety disorder, panic disorder, agoraphobia, specific 
phobia, social anxiety disorder, separation anxiety disorder, 
selective mutism), f ) obsessive-compulsive and related disor­
ders (obsessive-compulsive disorder, body dysmorphic disor­
der, body-focused repetitive disorders), g) movement disorders 
(Tourette’s disorder, other tic disorder), h) disorders specifically 
associated with stress (post-traumatic stress disorder (PTSD), 
complex PTSD, prolonged grief disorder, reactive attachment 
disorder, disinhibited social engagement disorder), i) disso­
ciative disorders (dissociative neurological symptom disorder, 
dissociative amnesia, trance disorder, dissociative identity dis­
order), j) feeding and eating disorders (anorexia nervosa, bu­
limia nervosa, binge eating disorder, avoidant-restrictive food 
intake disorder, pica, rumination-regurgitation disorder), k) 
elimination disorders (enuresis, encopresis), l) disorders of bod­
ily distress or bodily experience (bodily distress disorder, body 
integrity dysphoria), m) disorders due to substance use or ad­
dictive behaviors, n) impulse control disorders (pyromania, 
kleptomania, compulsive sexual behavior disorder, intermittent 
explosive disorder), o) disruptive behavior or dissocial disorders 
(oppositional defiant disorder, conduct disorder).

Interventions included medications, psychosocial interven­
tions, and brain stimulation techniques.

Medications comprised antidepressants (bupropion, mir­
tazapine, nefazodone, vilazodone, desvenlafaxine, duloxetine, 
venlafaxine, citalopram, escitalopram, fluoxetine, fluvoxamine, 
paroxetine, sertraline, clomipramine, desipramine, imipramine, 
nortriptyline, amitriptyline); antipsychotics (fluphenazine, halo­
peridol, molindone, trifluoperazine, amisulpride, aripiprazole, 
asenapine, clozapine, loxapine, lurasidone, olanzapine, paliperi­
done, quetiapine, risperidone, thioridazine, ziprasidone); anti-
ADHD medications (amphetamines, atomoxetine, clonidine, 
guanfacine, methylphenidate, modafinil); mood stabilizers (car­
bamazepine, lamotrigine, lithium, oxcarbazepine, topiramate, 
valproate); and others (oxybutynin, desmopressin).
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Psychosocial interventions included behavioral therapy, cog­
nitive behavioral therapy (CBT), problem solving, dialectical 
behavioral therapy, family-based therapy, interpersonal psycho­
therapy, mentalization based therapy, psychodynamic psycho­
therapy, supportive therapy, social skills training, acceptance 
and commitment therapy, mindfulness, eye movement desensi­
tization and reprocessing, narrative exposure therapy, cognitive 
remediation therapy, cognitive training, parent-child interaction 
therapy, play therapy, art therapy, and occupational therapy.

Brain stimulation interventions included transcranial mag­
netic stimulation, transcranial direct current stimulation, elec­
troconvulsive therapy, and neurofeedback.

Comparators were labeled as active drug, active psychosocial 
intervention, treatment as usual (TAU)/low intensity psychoso­
cial intervention, waiting list/no treatment, or placebo/sham.

Outcomes

Co-primary outcomes were disease-specific primary symp­
tom reduction and all-cause discontinuation (“acceptability”).

Secondary continuous outcomes were measures of aggressive 
behavior, anxiety (other than anxiety disorders), cognition (other 
than ADHD), depressive symptoms (other than depressive epi­
sode/disorder), irritability, suicidal ideation, global illness sever­
ity, functioning (as defined by authors), and quality of life.

Secondary categorical outcomes were study-defined treat­
ment response, remission, relapse, hospitalization, discontinu­
ation due to inefficacy, discontinuation due to intolerability, 
suicide attempt, completed suicide, and death. When available, 
treatment estimates from clinicians, teachers, parents, and chil­
dren/adolescents were considered separately.

Quality of evidence

The quality of MAs and NMAs was measured using A Mea­
surement Tool for the Assessment of Multiple Systematic Reviews 
(AMSTAR-PLUS)16,17 to quantify both the methodological quality 
of MAs and NMAs with the first 11 items (AMSTAR) and of in­
cluded RCTs with six additional items (AMSTAR-Content).

Methodological quality was categorized into low (<4), medium 
(4-7), and high (>7). Content quality was categorized into low (<4), 
medium (4-6), and high (>6). The lowest score between methodo­
logical and content quality determined the overall MA or NMA 
quality.

Statistical analysis

We converted continuous non-standardized outcomes, such 
as weighted mean differences, to standardized mean differences 
(SMDs), and binary outcomes to odds ratio (ORs) with Compre­
hensive Meta-Analysis (CMA), Version 318. We then calculated 
the mean SMD for the primary efficacy outcome across pharma­
cological, psychosocial, and brain stimulation interventions for 

each disorder against placebo/sham and waiting list/no inter­
vention, as well as for active controlled monotherapy and combi­
nation treatment studies, prioritizing clinician rating, followed by 
teacher, parent, and then subject-rated estimates. For treatment 
response, in case no data were available for the continuous pri­
mary efficacy outcome, we converted ORs to SMDs, using CMA.

Whenever data conversion was not possible, we kept the orig­
inal effect sizes as reported. Whenever we included data from 
meta-analyses that used fixed-effects models, we recalculated 
the meta-analysis using random-effects models19. For consist­
ent and easy comparison, we harmonized effect sizes as follows: 
SMD<0 favors intervention, OR/risk ratio (RR) <1 favors inter­
vention for discontinuation, suicide or relapse, while OR/RR>1 
favors intervention for response or remission.

RESULTS

Search results and literature coverage

The search process is described in Figure 1. Out of 5,231 initial 
hits, we assessed 910 MAs and NMAs at full text level. Of these, we 
excluded 806, with specific reasons (list available upon request). 
The list of all included MAs and NMAs is available in Table 1, also 
indicating the number of included RCTs and participants, as well 
as the methodological quality (AMSTAR score) together with the 
quality of included RCTs (AMSTAR-Content median score).

We ultimately included 14 NMAs and 90 MAs, reporting on 
15 disorders or groups of disorders. For ADHD, we included 
three NMAs5,20,21 and 21 MAs22-42; for autism, one NMA43 and 
21 MAs12,44-63 (including one focusing on comorbid anxiety dis­
orders and autism)12; for depressive disorders, two NMA7,10 and 
seven MAs64-70; for obsessive-compulsive disorder, one NMA71 
and six MAs72-77; for anxiety disorders, two NMAs11,78 and five 
MAs12,79-82 (plus two MAs specific on social anxiety disorder83,84); 
for enuresis, one NMA85 and six MAs86-91, for disruptive behav­
ior/dissocial/conduct disorders, five MAs92-96 (plus one focus­
ing on youth with comorbid ADHD)25; for eating disorders, one 
NMA97 and four MAs98-101; for schizophrenia spectrum disorders, 
three NMAs8,102,103 and two MAs104,105; for bipolar disorder, four 
MAs106-109; for tic disorder, two MAs110,111; for Tourette’s disorder, 
two MAs112,113; for encopresis, two MAs114,115; for developmental 
coordination disorder, one MA116; and for PTSD, one MA117.

Overall, 85.4% of a priori selected medications were covered for 
at least one of the two co-primary outcomes, which was the case 
for 55% of the psychosocial interventions, and 25% of the brain 
stimulation interventions. Moreover, 70% of a priori selected out­
comes were covered across monotherapy medication treatments 
(anti-ADHD medications: 65%; antidepressants: 55%; antipsy­
chotics: 40%; mood stabilizers: 25%), 80% across psychosocial in­
terventions, and 20% across brain stimulation interventions.

Among monotherapy medication treatments with data on 
co-primary outcomes, those most covered by the literature were 
atomoxetine (11 outcomes), methylphenidate (9 outcomes), am­
phetamines and risperidone (8 outcomes), aripiprazole, fluoxe­
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tine, guanfacine, lurasidone and quetiapine (7 outcomes), and 
asenapine, clonidine, olanzapine, paliperidone and sertraline (6 
outcomes). Monotherapy psychosocial interventions most cov­
ered by the literature were CBT (12 outcomes), behavioral thera­
py (9 outcomes), parent-child interaction therapy (7 outcomes), 
and CBT-oriented, psychodynamic-oriented and family-based 
therapies (6 outcomes). Among brain stimulation interventions, 
neurofeedback was the only modality with data that could be in­
cluded in this umbrella review (4 outcomes).

Quality of included evidence

Among 14 NMAs of RCTs, the median AMSTAR score was 9.5 
(interquartile range, IQR: 7-11), and the median AMSTAR-Con­
tent score was 4 (IQR: 2.75-5). The median overall quality score 
across all effect sizes was low in six NMAs (42.9%), moderate in 
six (42.9%), high in the remaining two (14.2%).

Among 90 MAs of RCTs, the median AMSTAR score was 9 
(IQR: 7-10) and the median AMSTAR-Content score was 2 (IQR: 
1-3). The median overall quality score across all effect sizes was 
low in 71 MAs (78.9%), moderate in 19 (21.1%), and high in none.

Across NMAs and MAs of RCTs of medications, the median 
AMSTAR quality score was 10 (IQR: 7-11), being low in 0.8%, 

moderate in 24.7%, and high in 74.4% of the NMAs/MAs, while 
the AMSTAR-Content median quality score was 4 (IQR: 3-5), be­
ing low in 30.1%, moderate in 58.6%, and high in 11.3%.

Across NMAs and MAs of RCTs of psychosocial interventions, 
the median AMSTAR quality score was 11 (IQR: 10-12), being low 
in none of the NMAs/MAs, moderate in 8.2%, and high in 91.8%, 
while the median AMSTAR-Content quality score was 2 (IQR: 
1-3), being low in 87.4%, moderate in 12.6%, and high in none.

Across brain stimulation interventions, the median AMSTAR 
quality score was 9 (IQR: 8-10), being low in none of the NMAs/
MAs, medium in 16.7%, and high in 83.3%, while the median 
AMSTAR-Content quality score was 2 (IQR: 1-4), being low in 
66.7%, moderate in 33.3%, and high in none.

Efficacy, acceptability and tolerability of 
pharmacological, psychosocial, and brain stimulation 
interventions (Tables 2-7)

ADHD

Results for ADHD are shown in Tables 2, 6 and 7. Ampheta­
mines, methylphenidate, desipramine and modafinil had the 
largest effect size for the primary efficacy outcome.

Records iden�fied through 
database searching 

(N=5,137)

Addi�onal records iden�fied 
through other sources 

(N=94)

Records a�er duplicates removed 
(N=5,231)

Records excluded 
(N=4,321) 

Records screened 
(N=5,231) 

Full-text ar�cles excluded 
(N=806) 

Full-text ar�cles 
assessed for eligibility 

(N=910) 

Full-text ar�cles included 
(N=104) 

MAs: 90, NMAs: 14 

Figure 1  PRISMA flow chart, MAs – meta-analyses, NMAs – network meta-analyses
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Table 1  Network and pairwise meta-analyses of  randomized controlled trials (RCTs) of  pharmacological, psychosocial and brain stimulation 
interventions in children and adolescents with mental disorders included in the umbrella review

Source

Number 
of RCTs/ 
patients Intervention Controls Outcomes A C

Anxiety disorders

Wang et al79 MA 115/7,719 AD PBO PE, REM 10 4

Dobson et al11 NMA 22/2,623 AD PBO RES, ACD, AED, S 7 5

Zhang et al80 MA 7/358 CB WL/NT PE 9 2

James et al12 MA 87/5,964 CB PBO, WL/NT, TAU, PS PE, REM, DEP, F, ACD 11 3

Zhou et al78 NMA 101/6,625 CB PBO, WL/NT, TAU, PS PE, QoL, ACD 11 2

Sigurvinsdóttir et al81 MA 81/5,913 CB WL/NT, TAU, PS REM 10 1

James et al82 MA 41/1,955 CB TAU, PS PE, REM 11 1.5

Anorexia nervosa

Fisher et al99 MA 21/1,407 FB TAU, PS PE, ACD, REM 10 1

van den Berg et al100 MA 15/1,279 PS TAU PE 9 2

Zeeck et al 97 NMA 18/1,247 FB, PSD-O PS PE 7 1

Social anxiety disorder

Yang et al83 MA 17/1,134 CB PBO, WL/NT PE, REM, DEP, QoL, ACD 10 2

Kreuze et al84 MA 42/3,239 CB PBO, TAU, LIP AG, F 10 2.5

Attention-deficit/hyperactivity disorder (ADHD)

Cortese et al5 NMA 133/18,199 AD, STIM, α2 PBO, AD, STIM PE, AED, GLO 11 9

Otasowie et al22 MA 6/216 AD PBO PE, GLO 10 3

Punja et al 23 MA 23/2,675 STIM PBO PE, COG, GLO 10 4

Stuhec et al34 MA 28/4,699 AD PBO PE 8 2

Luan et al21 NMA 73/15,025 AD, STIM, α2 PBO, PHARMA PE, AED, ID 7 4

Catalá-López et al20 NMA 190/26,114 AP, AD, STIM, α2, 
CB, CT, NF, COMB

PBO RES, ACD, GLO 10 4

Schachter et al36 MA 62/2,897 STIM PBO AG 9 1

Schwartz et al37 MA 25/3,928 AD, STIM PBO AG, F, QoL, S 7 5

Coghill et al38 MA 60/1,993 STIM PBO COG 8 2

Storebø et al39 MA 185/12,245 STIM PBO QoL 8 5

Bangs et al40 MA 32/7,248 AD, STIM PBO S 3 4

Hirota et al41 MA 12/2,276 α2+ PBO PE, ACD, AED, ID 6 3.5

Storebø et al42 MA 25/2,690 SKILL, COMB WL/NT PE, COG, F 11 2

Sun et al24 MA 8/423 STIM PBO PE, ACD, AED 11 2

Battagliese et al25 MA 24/1,690 BT MIX PE, AG, COG, F 7 1

Faraone et al26 MA 4/216 STIM STIM AG 2 3

Van Doren et al27 MA 10/506 NF PHARMA, PS PE, RES, ACD 8 2

Cortese et al28 MA 16/759 CT MIX PE, COG 11 1

Daley et al29 MA 32/2,077 BT MIX PE, COG 9 2

Bikic et al30 MA 12/1,054 SKILL MIX PE, COG 8 2

Mulqueen et al31 MA 8/399 BT MIX PE 6 1

Cortese et al32 MA 13/520 NF MIX PE, COG 9 1.5

Bussalb et al33 MA 16/706 NF MIX PE 4 2

Faraone et al35 MA 7/384 STIM PBO AG 2 2
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Table 1  Network and pairwise meta-analyses of  randomized controlled trials (RCTs) of  pharmacological, psychosocial and brain stimulation 
interventions in children and adolescents with mental disorders included in the umbrella review (continued)

Source

Number 
of RCTs/ 
patients Intervention Controls Outcomes A C

Autism spectrum disorder

Maneeton et al44 MA 3/408 AP PBO PE, RES, GLO 7 4

Maneeton et al52 MA 7/372 AP PBO REL, RES 7 3.5

Zhou et al53 MA 64/3,499 STIM PBO PP 9 3

Murza et al54 MA 16/837 SKILL WL/NT F 8 0.5

Fletcher-Watson et al56 MA 22/695 SKILL WL/NT, TAU F 10 1

Sturman et al55 MA 4/113 STIM PBO PE 10 1

Cohen et al57 MA 15/995 AP PBO RES 5 1

Hirota et al58 MA 7/171 MS PBO RES, AG, ACD, AED, ID 6 4

Fallah et al43 NMA 8/878 AP PBO, AP AG 7 1

D’Alò et al59 MA 15/1,124 AP PBO ACD, AED 9 5

Ospina et al60 MA 69/2,585 BT WL/NT, PS PE 9 1

Reichow et al61 MA 5/196 SKILL WL/NT PE 10 1

James et al12 MA 87/5,964 CB WL/NT, TAU ANX 11 0.5

Tachibana et al 62 MA 32/594 PS TAU PE 11 1

Nevill et al63 MA 19/1,205 PCI TAU/LIP, MIX PE, COG 5 1

Yu et al45 MA 14/555 BT TAU PE, F 9 0

Oono et al46 MA 17/919 PCI MIX PE, F, GLO 10 1

Parsons et al47 MA 21/925 SKILL MIX PE 9 1

Kreslins et al48 MA 10/470 CB MIX ANX 9 0

Tarver et al49 MA 9/521 PCI MIX AG 8 2

Soares et al50 MA 18/1,266 SKILL MIX F 8 2

Postorino et al51 MA 8/653 PCI MIX IR 8 1

Bipolar disorder, depressive episode

Maneeton et al106 MA 3/251 AP PBO PE, RES, REM, GLO, ACD, 
AED

9 3

Bipolar disorder, manic episode

Meduri et al107 MA 22/5,437 AP PBO PE, RES, ACD, AED, ID 10 5

Liu et al108 MA 46/2,666 MS PBO RES 7 6

Jochim et al109 MA 25/3,252 MS, AP PBO, MS ACD 10 4

Bulimia nervosa

Linardon et al101 MA 79/NR CB PS PE 6 0

Depressive disorders

Zhou et al10 NMA 71/9,510 AD, PSD-O, FB, CB, 
COMB

PBO, WL/NT, TAU/LIP, 
PHARMA, PS

PE, ACD, S 11 5

Cipriani et al7 NMA 34/5,260 AD PBO, PHARMA RES, AED 11 5

Spielmans & Gerwig64 MA 8/1,756 AD PBO QoL 5 5

Kato et al65 MA 40/8,890 AD PBO REL 9 3

Whittington et al66 MA 2/376 AD PBO REM 9 2.5

Watanabe et al67 MA 27/1,744 PSD-O WL/PBO RES 7 2

Cox et al68 MA 9/882 AD, CB, COMB PHARMA, PS REM, S 10 3
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Source

Number 
of RCTs/ 
patients Intervention Controls Outcomes A C

Dubicka et al69 MA 5/1,206 COMB PHARMA, PS RES, F, S 7 3

Klein et al70 MA 11/809 CB MIX PE 8 4

Disruptive behavior/dissocial/conduct disorders

Seida et al92 MA 62/NR AP PBO PE, AG, GLO 9 3.5

Loy et al93 MA 10/896 AP PBO PE, AG 10 4

Pringsheim et al94 MA 18/1,195 MS PBO AG 10 2

Ipser & Stein95 MA 14/823 PHARMA PBO AG, ACD, GLO, RES 6 1.5

Battagliese et al25 MA 24/1,690 CB WL/NT, MIX PE 7 1.5

McQuire et al96 MA 14/912 AP, MS PBO AG 8 2

Developmental coordination disorder

Miyahara et al116 MA 15/649 SKILL WL/NT PE 10 1

Eating disorders

Couturier et al98 MA 6/369 FB PS REM 8 3

Encopresis

Freeman et al114 MA 10/562 COMB TAU PE, RES 7 1

Brazzelli et al115 MA 21/1,371 COMB TAU RES 10 1

Enuresis

Caldwell et al86 MA 74/5,983 BT, COMB PHARMA, PS, WL/NT PE, RES 11 1

Caldwell et al87 MA 64/4,071 AD, COMB PBO, PHARMA, PS PE, RES 11 1

Caldwell et al88 MA 16/1,643 BT PS, WL/NT RES 10 1

Buckley et al89 MA 27/1,803 SKILL, COMB TAU, PHARMA REM 10 1

Deshpande et al90 MA 40/2,440 AD, COMB PHARMA RES, REL 10 1

Peng et al91 MA 15/1,502 PHARMA PS ACD 9 4

Song et al85 NMA 18/1,649 PHARMA, COMB PHARMA, PS RES, REL 9 4

Obsessive-compulsive disorder

Skapinakis et al71 NMA 86/15,585 AD, CB, COMB PBO, WL/NT, PHARMA, PS PE, ACD 10 3

Maneeton et al72 MA 3/188 AD PBO RES, GLO 9 2

McGuire et al73 MA 20/1,296 AD, CB PBO, TAU/LIP, WL/NT RES, REM 8 1

Locher et al74 MA 36/6,778 AD PBO AED 10 4

Geller75 MA 12/1,044 AD PBO GLO 8 3

Uhre et al 76 MA 12/791 CB, AD PBO, WL/NT, PS REM, F, QoL 9 1

Johnco et al 77 MA 21/1,423 CB, AD PBO, WL/NT, TAU/LIP, PS ACD 6 1

Post-traumatic stress disorder

Gillies et al117 MA 14/758 CB WL/NT, TAU/LIP PE, RES, ANX, DEP, ACD 10 1

Schizophrenia spectrum disorders

Krause et al102 NMA 28/3,003 AP PBO, PHARMA PE, RES, ACD, ID 11 3

Arango et al 103 NMA 13/2,210 AP PBO, PHARMA GLO, AED 9 7

Pagsberg et al8 NMA 12/2,158 AP PBO, PHARMA GLO 8 3

Table 1  Network and pairwise meta-analyses of  randomized controlled trials (RCTs) of  pharmacological, psychosocial and brain stimulation 
interventions in children and adolescents with mental disorders included in the umbrella review (continued)
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Focusing on the two best interventions, amphetamines had 
the highest effect size based on the clinician-rated primary effi­
cacy outcome vs. placebo (large effect size), and were superior to 
placebo also regarding response (large effect size), aggressive be­
havior (large effect size), academic functioning (medium effect 
size), global illness severity (large effect size), and less discon­
tinuation due to inefficacy (large effect size), without significant 
differences regarding all-cause discontinuation (“acceptability”) 
or discontinuation due to intolerability (see Table 2).

Methylphenidate had medium to large effect sizes regarding 
the primary efficacy outcome vs. placebo across different raters, 
and was superior to placebo regarding other-than-attention cog­
nition broadly (small to medium effect size), global illness im­
provement (large effect size), quality of life (medium effect size), 
acceptability (small effect size), and less discontinuation due to 
inefficacy (medium effect size), without significant differences 
concerning discontinuation due to intolerability. The efficacy of 
methylphenidate was also confirmed in youth with comorbid in­
tellectual disability (see Table 2).

Clonidine, guanfacine and atomoxetine were also effective 
regarding the primary efficacy outcome, but with less consistent 
results across raters. Among psychosocial interventions, social 
skills training improved the primary efficacy outcome and func­
tioning (small to medium effect size); however, the control group 
was waiting list/no treatment. Only behavioral therapy outper­
formed placebo for response (small effect size), impact on global 
illness severity (small effect size), and acceptability (small effect 
size). Neurofeedback did not show any significant efficacy out­
come, nor any difference emerged on acceptability (see Table 2).

Alpha-2 agonists were an effective augmentation strategy 
when added to stimulants vs. placebo (small effect size). Im­

portantly, combined interventions, and specifically methylphe­
nidate with parent training or with clonidine, and atomoxetine 
with parent training, showed large effect sizes regarding re­
sponse vs. placebo (see Table 2). Additionally, behavioral thera­
py plus stimulants was superior both to behavioral therapy alone 
and to stimulants alone regarding response (large effect size), 
without any differences in acceptability (see Table 6).

In head-to-head comparisons, amphetamines outperformed 
methylphenidate, which outperformed bupropion (large effect siz­
es) and atomoxetine (small effect size) on the primary efficacy out­
come. Amphetamines were superior to atomoxetine in reducing 
discontinuation due to inefficacy, and better than methylpheni­
date for aggressive behavior (small effect size), while methylpheni­
date was superior to atomoxetine regarding acceptability (medium 
effect size), and to guanfacine regarding less discontinuation due 
to intolerability (medium effect size). Stimulants were superior to 
neurofeedback regarding cognition, and neurofeedback outper­
formed cognitive training on acceptability (see Table 6).

Autism spectrum disorder

Results for autism spectrum disorder are shown in Tables 2, 
5, 6 and 7.

Aripiprazole was superior to placebo regarding the prima­
ry efficacy outcome, as well as response, aggressive behavior, 
global illness severity, and acceptability (all small effect sizes). 
Risperidone showed the same profile, yet with a large effect size 
regarding response. Both aripiprazole and risperidone were not 
different from placebo concerning discontinuation due to intol­
erability (see Table 2).

Source

Number 
of RCTs/ 
patients Intervention Controls Outcomes A C

Sarkar & Grover104 MA 15/995 AP PHARMA PE 5 1

Kumar et al105 MA 13/1,112 AP PHARMA AED 8 1

Tic disorder

Bloch et al110 MA 9/477 STIM, AD PBO PE 4 1

Yu et al111 MA 15/1,070 MS PHARMA RES 7 3

Tourette’s disorder

Hollis et al112 MA 40/2,422 AP, α2, STIM, BT PBO, MIX PE 8 1

Zheng et al113 MA 6/528 AP PHARMA PE 10 2

MA – meta-analysis, NMA – network meta-analysis, A – AMSTAR, C – AMSTAR-Content (median), AD – antidepressants, CB – cognitive-based, FB – family-
based, PS – active psychosocial, PSD-O – psychodynamic-oriented, STIM – stimulants, α2 – α2-agonists (+=augmentation with), AP – antipsychotics, CT 
– cognition-targeted, NF – neurofeedback, COMB – combination of  more than one treatment, SKILL – skills training, BT – behavioral treatment, MS – mood 
stabilizers, PCI – parent-child interaction, PHARMA – mixed medications, PBO – placebo, WL – waiting list, NT – no treatment, TAU – treatment as usual,  
LIP – low-intensity psychosocial intervention, MIX – mixed active/inactive control group, PE – primary efficacy outcome, REM – remission, REL – relapse, RES – 
response, S – suicidality, ACD – all-cause discontinuation, AED – discontinuation due to adverse events, ID – discontinuation due to inefficacy, DEP – depressive 
symptoms, ANX – anxiety symptoms, AG – aggressivity, QoL – quality of  life, GLO – global illness severity, COG – cognition, F – functioning, NR – not reported

Table 1  Network and pairwise meta-analyses of  randomized controlled trials (RCTs) of  pharmacological, psychosocial and brain stimulation 
interventions in children and adolescents with mental disorders included in the umbrella review (continued)



252� World Psychiatry 20:2 - June 2021

Table 2  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with neurodevelopmental and disruptive behavior/dissocial/conduct disorders

Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Attention-deficit/hyperactivity disorder (ADHD)

Pharmacological interventions

Efficacy (clinician-rated) Amphetamines SMD=–1.02 (–1.19 to –0.85) PBO/Sham 46/9,926 H

Methylphenidate SMD=–0.78 (–0.93 to –0.62) PBO/Sham 46/9,926 H

Clonidine SMD=–0.71 (–1.17 to –0.24) PBO/Sham 46/9,926 H

Guanfacine SMD=–0.67 (–0.85 to –0.50) PBO/Sham 46/9,926 H

Modafinil SMD=–0.62 (–0.84 to –0.41) PBO/Sham 46/9,926 H

Atomoxetine SMD=–0.56 (–0.66 to –0.45) PBO/Sham 46/9,926 H

Efficacy (teacher-rated) Desipramine SMD=–0.97 (–1.66 to –0.28) PBO/Sham 2/89 L

Methylphenidate SMD=–0.82 (–1.16 to –0.48) PBO/Sham 16/1,843 H

Modafinil SMD=–0.76 (–1.15 to –0.37) PBO/Sham 16/1,843 H

Amphetamines SMD=–0.55 (–0.83 to –0.27) PBO/Sham 5/745 M

Guanfacine SMD=–0.63 (–1.62 to 0.35) PBO/Sham 16/1,843 H

Atomoxetine SMD=–0.32 (–0.82 to 0.18) PBO/Sham 16/1,843 H

Efficacy (parent-rated) Desipramine SMD=–1.42 (–1.99 to –0.85) PBO/Sham 2/99 L

Amphetamines SMD=–1.07 (–1.36 to –0.79) PBO/Sham 23/3,796 H

Methylphenidate SMD=–0.84 (–0.95 to –0.72) PBO/Sham 23/3,796 H

Atomoxetine SMD=–0.60 (–0.71 to –0.50) PBO/Sham 23/3,796 H

Modafinil SMD=–0.46 (–0.61 to –0.31) PBO/Sham 23/3,796 H

Bupropion SMD=–0.32 (–0.69 to 0.05) PBO/Sham 2/124 L

Guanfacine SMD=–0.23 (–0.90 to 0.45) PBO/Sham 23/3,796 H

Efficacy (mixed-rated) Atomoxetine SMD=–0.17 (–0.23 to –0.11) PBO/Sham 36/7,579 M

Amphetamines SMD=–0.18 (–0.28 to –0.09) PBO/Sham 36/7,579 M

Methylphenidate SMD=–0.14 (–0.21 to –0.08) PBO/Sham 36/7,579 M

Guanfacine SMD=–0.16 (–0.26 to –0.05) PBO/Sham 36/7,579 M

Clonidine SMD=–0.10 (–0.23 to 0.03) PBO/Sham 36/7,579 M

Response Desipramine OR=36.76 (9.17-214) PBO/Sham 113/19,398 M

Amphetamines OR=7.45 (5.1-11.09) PBO/Sham 113/19,398 M

Modafinil OR=5.51 (3.04-10.32) PBO/Sham 113/19,398 M

Methylphenidate OR=5.26 (4.09-6.82) PBO/Sham 113/19,398 M

Clonidine OR=3.96 (1.89-8.41) PBO/Sham 113/19,398 M

Atomoxetine OR=3.63 (2.81-4.73) PBO/Sham 113/19,398 M

Guanfacine OR=3.29 (2.27-4.82) PBO/Sham 113/19,398 M

Aggressive behavior Amphetamines SMD=–1.15 (–1.38 to –0.93) PBO/Sham 3/84 L

Methylphenidate SMD=–0.26 (–1.10 to 0.68) PBO/Sham 2/181 L

Atomoxetine RR=1.34 (0.91 to 1.97) PBO/Sham 15/2,067 M

Cognition: executive memory Methylphenidate SMD=–0.26 (–0.39 to –0.13) PBO/Sham 7/468 L

Cognition: non-executive memory Methylphenidate SMD=–0.60 (–0.79 to –0.41) PBO/Sham 8/635 L

Cognition: reaction time Methylphenidate SMD=–0.21 (–0.30 to –0.12) PBO/Sham 21/1,095 L

Cognition: response inhibition Methylphenidate SMD=–0.41 (–0.55 to –0.27) PBO/Sham 16/846 L
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Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Acceptability Clonidine OR=0.40 (0.20-0.78) PBO/Sham 171/22,961 M

Methylphenidate OR=0.59 (0.46-0.75) PBO/Sham 171/22,961 M

Aripiprazole OR=0.61 (0.02-25.34) PBO/Sham 171/22,961 M

Modafinil OR=0.67 (0.37-1.24) PBO/Sham 171/22,961 M

Desipramine OR=0.70 (0.17-2.89) PBO/Sham 171/22,961 M

Amphetamines OR=0.78 (0.52-1.18) PBO/Sham 171/22,961 M

Guanfacine OR=0.79 (0.54-1.14) PBO/Sham 171/22,961 M

Atomoxetine OR=0.85 (0.68-1.07) PBO/Sham 171/22,961 M

Bupropion OR=1.54 (0.39-6.76) PBO/Sham 171/22,961 M

Tolerability Methylphenidate OR=1.31 (0.79-2.25) PBO/Sham 60/12,188 M

Modafinil OR=1.34 (0.57-3.18) PBO/Sham 60/12,188 M

Amphetamines OR=1.38 (0.64-3.00) PBO/Sham 60/12,188 M

Clonidine OR=2.32 (0.63-8.94) PBO/Sham 58/NR H

Bupropion OR=3.60 (0.34-130) PBO/Sham 60/12,188 M

Atomoxetine OR=1.48 (1.01-2.18) PBO/Sham 60/12,188 M

Guanfacine OR=3.39 (1.93-6.3) PBO/Sham 60/12,188 M

Discontinuation due to inefficacy Amphetamine OR=0.11 (0.05-0.20) PBO/Sham 45/9,087 M

Clonidine OR=0.29 (0.13-0.56) PBO/Sham 45/9,087 M

Methylphenidate OR=0.31 (0.18-0.53) PBO/Sham 45/9,087 M

Guanfacine OR=0.37 (0.26-0.54) PBO/Sham 45/9,087 M

Atomoxetine OR=0.47 (0.33-0.67) PBO/Sham 45/9,087 M

Bupropion OR=1.97 (0.19-57.4) PBO/Sham 45/9,087 M

Functioning Atomoxetine SMD=–0.48 (–0.62 to –0.33) PBO/Sham 8/1,308 M

Functioning: academic Amphetamines SMD=–0.56 (–0.73 to –0.39) PBO/Sham 8/826 M

Global illness improvement Amphetamines OR=7.71 (5.52-10.77) PBO/Sham 40/NR H

Atomoxetine OR=2.28 (1.38-3.76) PBO/Sham 40/NR H

Guanfacine OR=3.63 (2.36-5.57) PBO/Sham 40/NR H

Methylphenidate OR=5.57 (3.99-7.79) PBO/Sham 40/NR H

Modafinil OR=3.22 (1.91-5.43) PBO/Sham 40/NR H

Clonidine OR=2.78 (0.91-8.53) PBO/Sham 40/NR H

Global illness severity Amphetamines SMD=–0.86 (–1.72 to –0.01) PBO/Sham 2/86 M

Desipramine OR=26.41 (7.41-94.18) PBO/Sham 2/103 L

Quality of  life Methylphenidate SMD=–0.61 (–0.80 to –0.42) PBO/Sham 3/514 M

Atomoxetine SMD=–0.39 (–0.50 to –0.28) PBO/Sham 16/2,361 M

Suicide attempt Atomoxetine RR=0.84 (0.03-20.00) PBO/Sham 23/3,883 L

Suicidal ideation Atomoxetine RR=1.67 (0.83-3.36) PBO/Sham 15/2,517 M

Pharmacological augmentation

Efficacy α2-agonists + stimulants SMD=–0.36 (–0.51 to –0.21) PBO/Sham 3/719 M

Acceptability α2-agonists + stimulants RR=0.74 (0.37-1.48) PBO/Sham 3/726 L

Tolerability α2-agonists + stimulants RR=0.77 (0.05-12.50) PBO/Sham 3/726 L

Discontinuation due to inefficacy α2-agonists + stimulants RR=0.49 (0.21-1.13) PBO/Sham 3/726 M

Table 2  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with neurodevelopmental and disruptive behavior/dissocial/conduct disorders (continued)
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Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Psychosocial interventions

Efficacy (mixed-rated) Social skills training SMD=–0.39 (–0.63 to –0.15) WL/NT 15/2,857 L

Efficacy (teacher-rated) Social skills training SMD=–0.26 (–0.47 to –0.05) WL/NT 14/1,379 M

Efficacy (parent-rated) Social skills training SMD=–0.54 (–0.81 to –0.26) WL/NT 11/1,206 L

Efficacy (clinician-rated) Social skills training SMD=–3.15 (–9.88 to 3.57) WL/NT 2/107 L

Response Behavioral therapy OR=2.97 (1.53-5.88) PBO/Sham 113/19,398 M

Cognitive training OR=0.70 (0.12-3.87) PBO/Sham 113/19,398 M

Acceptability Behavioral therapy OR=0.58 (0.33-0.99) PBO/Sham 171/22,961 M

Cognitive training OR=1.32 (0.71-2.52) PBO/Sham 171/22,961 M

Functioning: academic Social skills training SMD=–0.15 (–0.31 to 0.01) WL/NT 5/642 M

Global illness severity Behavioral therapy OR=2.99 (1.21-7.31) PBO/Sham 113/19,398 M

Cognitive training OR=0.39 (0.01-5.80) PBO/Sham 113/19,398 M

Functioning: social skills (mixed-rated) Social skills training SMD=–0.29 (–0.47 to –0.11) WL/NT 19/2,649 L

Functioning: social skills (parent-rated) Social skills training + parental 
involvement

SMD=–0.43 (–0.70 to –0.15) WL/NT 4/337 L

Social skills training SMD=–0.19 (–0.32 to –0.06) WL/NT 15/1,609 M

Functioning: social skills (teacher-rated) Social skills training + parental 
involvement

SMD=–0.15 (–0.41 to 0.12) WL/NT 4/632 M

Social skills training SMD=–0.11 (–0.22 to 0.00) WL/NT 11/1,271 M

Functioning: emotional (mixed-rated) Social skills training SMD=0.20 (–0.01 to 0.41) WL/NT 5/353 L

Functioning: emotional (parent-rated) Social skills training SMD=0.27 (–0.05 to 0.59) WL/NT 3/173 L

Functioning: emotional (teacher-rated) Social skills training SMD=0.02 (–0.68 to 0.72) WL/NT 2/129 L

Brain stimulation interventions

Response Neurofeedback OR=1.96 (0.52-8.26) PBO/Sham 113/19,398 M

Acceptability Neurofeedback OR=0.59 (0.31-1.14) PBO/Sham 171/22,961 M

Combined interventions

Response Methylphenidate + parent 
training

OR=55.63 (3.18-29.52x102) PBO/Sham 113/19,398 M

Methylphenidate + clonidine OR=21.91 (5.52-105.40) PBO/Sham 113/19,398 M

Atomoxetine + parent training OR=2.48 (0.51-11.79) PBO/Sham 113/19,398 M

Acceptability Methylphenidate + clonidine OR=0.32 (0.13-0.77) PBO/Sham 171/22,961 M

ADHD and disorders of intellectual development

Efficacy Methylphenidate SMD=–0.88 (–1.14 to –0.61) PBO/Sham 8/424 L

Acceptability Methylphenidate OR=1.68 (0.68-4.14) PBO/Sham 4/215 L

Tolerability Methylphenidate OR=4.82 (0.98-23.63) PBO/Sham 4/215 L

Autism spectrum disorder

Pharmacological interventions

Efficacy: inappropriate speech (mixed-rated) Aripiprazole SMD=–0.30 (–0.50 to –0.09) PBO/Sham 3/400 L

Efficacy: stereotypic (mixed-rated) Aripiprazole SMD=–0.32 (–0.53 to–0.12) PBO/Sham 3/400 M

Methylphenidate SMD=–0.18 (–0.46 to 0.11) PBO/Sham 5/127 M

Atomoxetine SMD=–0.16 (–0.50 to 0.18) PBO/Sham 4/281 L

Table 2  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with neurodevelopmental and disruptive behavior/dissocial/conduct disorders (continued)
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Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Efficacy: overall (teacher-rated) Methylphenidate SMD=–0.53 (–1.26 to 0.19) PBO/Sham 2/37 L

Efficacy: social interaction (parent-rated) Methylphenidate SMD=–0.21 (–0.6 to 0.18) PBO/Sham 2/90 L

Efficacy: social interaction (teacher-rated) Methylphenidate SMD=–0.51 (–1.07 to 0.05) PBO/Sham 3/103 L

Efficacy: stereotypic (parent-rated) Methylphenidate SMD=–0.34 (–0.84 to 0.17) PBO/Sham 3/NR L

Efficacy: social withdrawal (mixed-rated) Aripiprazole SMD=–0.13 (–0.33 to 0.08) PBO/Sham 3/400 M

Response Risperidone OR=2.57 (1.35-4.86) PBO/Sham 3/241 L

Aripiprazole RR=2.08 (1.24-3.46) PBO/Sham 3/400 L

Aggressive behavior Risperidone SMD=–0.29 (–0.48 to –0.11) PBO/Sham 8/878 L

Aripiprazole SMD=–0.24 (–0.40 to –0.08) PBO/Sham 8/878 L

Valproate SMD=–0.18 (–0.71 to 0.35) PBO/Sham 2/57 M

Lurasidone SMD=–0.05 (–0.27 to 0.18) PBO/Sham 8/878 L

Acceptability Risperidone RR=0.52 (0.32-0.86) PBO/sham 6/379 M

Antipsychotics RR=0.61 (0.48-0.78) PBO/Sham 15/1,124 M

Aripiprazole RR=0.67 (0.49-0.90) PBO/Sham 5/526 M

Haloperidol RR=0.80 (0.24-2.62) PBO/Sham 2/60 M

Mood stabilizers RR=1.27 (0.53-3.06) PBO/Sham 5/125 M

Tolerability Risperidone RR=0.71 (0.17-2.92) PBO/Sham 5/339 M

Antipsychotics RR=0.99 (0.55-1.79) PBO/Sham 12/1,010 M

Mood stabilizers RR=1.13 (0.36-3.53) PBO/Sham 4/112 M

Aripiprazole RR=1.24 (0.57-2.71) PBO/Sham 4/493 M

Discontinuation due to inefficacy Mood stabilizers RR=2.11 (0.36-12.42) PBO/Sham 3/60 M

Global illness severity Aripiprazole SMD=–0.54 (–0.77 to –0.32) PBO/Sham 3/400 M

Risperidone OR=10.5 (4.80-22.60) PBO/Sham 6/446 L

Mood stabilizers RR=1.55 (0.39-6.21) PBO/Sham 3/77 L

Relapse Risperidone RR=0.30 (0.13-0.68) PBO/Sham 2/56 M

Psychosocial interventions

Efficacy: emotion recognition (mixed-rated) Computer-assisted interaction SMD=–0.53 (–1.12 to 0.05) WL/NT 2/48 L

Social skills training SMD=–0.34 (–0.88 to 0.20) WL/NT 2/54 L

Efficacy: social competence (mixed-rated) Social skills training SMD=–0.47 (–0.78 to –0.16) WL/NT 4/178 L

Anxiety (subject-rated) Cognitive behavioral therapy SMD=–0.61 (–1.54 to 0.33) WL/NT 5/181 L

Anxiety (parent-rated) Cognitive behavioral therapy SMD=–1.12 (–1.91 to –0.34) WL/NT 7/244 L

Functioning: joint attention Skills training-joint attention SMD=–0.66 (–0.93 to –0.40) WL/NT 9/417 L

Disruptive behavior/dissocial/conduct disorders (with or without ADHD)

Pharmacological interventions

Efficacy (clinician-rated) Risperidone SMD=–0.48 (–0.71 to –0.24) PBO/Sham 4/293 L

Efficacy (parent-rated) Risperidone SMD=–0.79 (–1.06 to –0.52) PBO/Sham 2/225 M

Efficacy (mixed-rated) Risperidone SMD=–0.32 (–0.49 to –0.16) PBO/Sham 4/590 M

Response: aggressive behavior Valproate OR=15.6 (1.91-128.1) PBO/Sham 2/47 L

Lithium RR=4.56 (1.97-10.56) PBO/Sham 3/116 L

Aggressive behavior (clinician-rated) Mixed (risperidone, quetiapine) SMD=–0.24 (–0.76 to 0.29) PBO/Sham 2/57 L

Aggressive behavior (parent-rated) Risperidone SMD=–0.72 (–0.99 to –0.46) PBO/Sham 3/238 M

Table 2  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with neurodevelopmental and disruptive behavior/dissocial/conduct disorders (continued)
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Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Aggressive behavior (mixed-rated) Risperidone SMD=–0.60 (–0.89 to –0.31) PBO/Sham 2/188 L

Mixed (risperidone, lithium, 
methylphenidate)

SMD=–1.93 (–3.88 to 0.02) PBO/Sham 4/172 L

Acceptability Mixed (risperidone, lithium, 
methylphenidate)

RR= 0.97 (0.60-1.55) PBO/Sham 8/631 L

Global illness severity Risperidone SMD=–1.31 (–1.88 to –0.74) PBO/Sham 2/58 L

Mixed (risperidone, quetiapine) SMD=–0.30 (–0.49 to –0.12) PBO/Sham 5/435 M

Mixed (carbamazepine, lithium, 
amphetamines)

RR= 2.39 (1.10-5.21) PBO/Sham 4/136 L

Psychosocial interventions

Efficacy (parent-rated) Parental + child behavioral 
interventions

SMD=–1.00 (–1.68 to –0.32) WL/NT 3/207 L

Intellectual disabilities and disruptive behavior/dissocial disorders (with or without ADHD)

Aggressive behavior (clinician-rated) Risperidone SMD=–1.09 (–1.39 to –0.79) PBO/Sham 4/257 L

Aripiprazole SMD=–0.64 (–0.91 to –0.36) PBO/Sham 2/308 L

Valproate SMD=–0.06 (–0.75 to 0.63) PBO/Sham 2/57 L

Aggressive behavior (mixed-rated) Risperidone SMD=–0.70 (–1.01 to –0.39) PBO/Sham 3/266 L

Developmental coordination disorders

Efficacy Skills training SMD=–0.27 (–0.85 to 0.31) WL/NT 2/51 L

Tic disorder

Efficacy: tics (clinician-rated) Desipramine SMD=–0.44 (–0.91 to 0.02) PBO/Sham 2/75 L

Methylphenidate SMD=–0.28 (–0.58 to 0.03) PBO/Sham 4/191 L

Tourette’s disorder

Efficacy (clinician-rated) Antipsychotics (haloperidol, 
pimozide, risperidone, 
ziprasidone)

SMD=–0.74 (–1.08 to –0.41) PBO/Sham 4/75 L

Guanfacine SMD=–0.73 (–1.26 to –0.20) PBO/Sham 2/58 L

Methylphenidate SMD=–0.17 (–0.46 to 0.11) PBO/Sham 4/161 L

RCTs – randomized controlled trials, SMD – standardized mean difference, OR – odds ratio, RR – risk ratio, PBO – placebo, WL – waiting list, NT – no treat-
ment, NR – not reported, Q – quality (H – high, M – medium, L – low). Bold prints indicate significant values. SMDs<0 indicate that intervention is more effec-
tive than control. For discontinuation outcomes (acceptability, tolerability, inefficacy) and relapse, OR/RR<1 favors the intervention. For response and remission, 
OR/RR>1 favors the intervention.

Table 2  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with neurodevelopmental and disruptive behavior/dissocial/conduct disorders (continued)

Among psychosocial interventions, social skills training had a 
small to large effect size regarding the primary efficacy outcome 
and functioning, and CBT had a large effect concerning anxiety 
across different control groups (see Table 2). Parent-child inter­
action therapy and other mixed psychosocial interventions had a 
small to medium effect size for the primary efficacy outcome vs. 
TAU, as well as a small effect regarding cognition. Parent-child 
interaction therapy also improved aggression (medium effect 
size), irritability (medium effect size), and functioning (large 
effect size). Finally, behavioral therapy with an imitative com­

ponent had a large effect size for the primary efficacy outcome 
against other active psychosocial interventions without the imi­
tative component (see Tables 5, 6 and 7).

Depressive disorders

Results for depressive disorders are shown in Tables 3, 5, 6 
and 7.

Fluoxetine was the only pharmacological intervention that 
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was superior to placebo on the primary efficacy outcome (medi­
um effect size), as well as on response and remission (both small 
effect size). Nortriptyline worsened the primary efficacy outcome 
(large effect size), imipramine increased all-cause drop-out 
(small effect size), and imipramine, venlafaxine and duloxetine 
increased discontinuation due to intolerability (small to medium 
effect size). Venlafaxine increased suicidality (large effect size) 
(see Table 3).

Among psychosocial interventions, a large effect size on the 
primary efficacy outcome was apparent for interpersonal ther­
apy, problem-solving therapy, family therapy, and CBT vs. wait­
ing list/no treatment. However, these results were not confirmed 
vs. placebo or vs. TAU, except for interpersonal therapy, that re­
mained superior when compared to placebo and TAU (medium 
effect size) (see Tables 3 and 5).

CBT was also superior to mixed interventions regarding the 
primary efficacy outcome (medium effect size), and to selective 
serotonin reuptake inhibitors (SSRIs) regarding suicidality (small 
effect size) (see Tables 3 and 6). Psychodynamically-oriented 
psychotherapy had a small effect size advantage regarding re­
sponse, but no significant effect on the primary efficacy outcome 
vs. placebo (see Table 3).

As a combination treatment, CBT plus fluoxetine had a me­
dium effect size advantage regarding the primary efficacy out­
come vs. placebo (see Table 3), and CBT plus SSRI was superior 
concerning remission vs. CBT monotherapy, and functioning vs. 
antidepressant monotherapy (small effect size) (see Table 6).

Enuresis

Results for enuresis are shown in Tables 4 and 6.
Among pharmacological interventions, imipramine outper­

formed placebo regarding the primary efficacy outcome and 
response (small effect size), and amitriptyline was superior to 
placebo with respect to response (small effect size) (see Table 4).

Behavioral therapy with alarm outperformed waiting list on 
the primary efficacy outcome (small effect size) and response 
(large effect size), and maintained a small effect size regarding 
response vs. placebo (see Table 4).

No clear superior treatment emerged in monotherapy head-
to-head comparisons. Combination of desmopressin plus be­
havioral therapy with alarm was superior to desmopressin alone 
regarding the primary efficacy outcome (medium effect size) 
and response (small effect size), while combination of oxybu­
tynin plus imipramine was superior to either imipramine or oxy­
butynin monotherapy (small effect size) (see Table 6).

Obsessive-compulsive disorder

Results for obsessive-compulsive disorder are shown in Ta­
bles 4 and 5.

Fluoxetine was the pharmacological intervention with the 
broadest efficacy, including primary efficacy outcome, response, 

and global illness severity vs. placebo (small effect sizes). SSRIs 
as a class also improved response, remission and global illness 
severity, yet had a higher discontinuation rate due to intolerabil­
ity than placebo (see Table 4).

Among monotherapy psychosocial interventions, CBT was su­
perior to waiting list regarding the primary efficacy outcome (me­
dium effect size), response (small effect size), remission (small 
effect size), quality of life (small effect size) and functioning (large 
effect size), and also to placebo concerning remission (small ef­
fect size) (see Table 4). Behavioral therapy with exposure and 
response prevention outperformed TAU for both response and 
acceptability (small effect size) (see Table 5).

As a combination treatment, CBT and sertraline outperformed 
placebo (medium effect size) (see Table 4). No significant differ­
ences emerged in head-to-head comparisons.

Anxiety disorders

Results for anxiety disorders are shown in Tables 4, 5 and 6.
SSRIs (fluoxetine, fluvoxamine, paroxetine) outperformed pla­

cebo regarding the primary efficacy outcome, and response 
(small to medium effect). Fluoxetine also outperformed placebo 
with respect to remission (small effect size) (see Table 4). Sertra­
line reduced suicidality compared with placebo, but paroxetine 
increased it.

CBT was superior to waiting list in different formats (i.e., in­
dividual, Internet, group) regarding the primary efficacy out­
come (small to large effect size), depressive symptoms (small 
effect size), remission (small to large effect size) and quality of 
life (large effect size). CBT was also superior to placebo with 
respect to quality of life (large effect size) and to TAU regard­
ing the primary efficacy outcome, remission and functioning 
(large effect size). Group CBT was superior to individual CBT 
in head-to-head comparisons (small effect size) (see Tables 4, 5  
and 6).

No meta-analysis compared pharmacological vs. psychoso­
cial interventions or combined treatment strategies.

Disruptive behavior/dissocial/conduct disorders

Results for disruptive behavior/dissocial/conduct disorders are 
shown in Tables 2 and 7.

Among pharmacological interventions, risperidone outper­
formed placebo across different raters regarding the primary 
efficacy outcome (medium effect size), aggressive behavior 
(medium effect size, also in people with intellectual disability), 
and global illness severity (medium effect size). Aggressive be­
havior was also improved by lithium and valproate (see Table  
2).

Among psychosocial interventions, a combination of parental 
and child behavioral interventions had a large effect size vs. wait­
ing list concerning the primary efficacy outcome, and a medium 
effect size vs. a mixed control group (see Tables 2 and 7).
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Table 3  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles
cents with schizophrenia spectrum, depressive, and bipolar disorders

Outcome Intervention Effect size (95% CI) Control
Number of RCTs/

patients Q

Schizophrenia spectrum disorders

Efficacy (clinician-rated) Olanzapine SMD=–0.74 (–1.05 to 
–0.44)

PBO/Sham 28/3,003 L

Risperidone SMD=–0.62 (–0.89 to 
–0.34)

PBO/Sham 28/3,003 L

Lurasidone SMD=–0.48 (–0.71 to 
–0.25)

PBO/Sham 28/3,003 M

Aripiprazole SMD=–0.43 (–0.63 to 
–0.24)

PBO/Sham 28/3,003 M

Quetiapine SMD=–0.42 (–0.65 to 
–0.19)

PBO/Sham 28/3,003 M

Paliperidone SMD=–0.42 (–0.66 to 
–0.18)

PBO/Sham 28/3,003 L

Asenapine SMD=–0.38 (–0.66 to 
–0.11)

PBO/Sham 28/3,003 M

Ziprasidone SMD=–0.14 (–0.40 to 0.11) PBO/Sham 28/3,003 L

Response Risperidone OR=3.46 (1.92-6.23) PBO/Sham 28/3,003 L

Olanzapine OR=2.64 (1.07-4.18) PBO/Sham 28/3,003 L

Lurasidone OR=2.56 (1.45-4.48) PBO/Sham 28/3,003 M

Paliperidone OR=2.12 (1.07-4.18) PBO/Sham 28/3,003 L

Quetiapine OR=1.86 (1.03-3.32) PBO/Sham 28/3,003 M

Asenapine OR=1.73 (0.96-3.10) PBO/Sham 28/3,003 M

Global illness severity Olanzapine SMD=–0.6 (–1.18 to –0.02) PBO/Sham 13/2,210 M

Risperidone SMD=–0.50 (–0.73 to 
–0.27)

PBO/Sham 12/2,158 L

Paliperidone SMD=–0.44 (–0.67 to 
–0.22)

PBO/Sham 12/2,158 L

Lurasidone SMD=–0.41 (–0.77 to 
–0.05)

PBO/Sham 13/2,210 M

Quetiapine SMD=–0.41 (–0.77 to 
–0.05)

PBO/Sham 13/2,210 M

Ziprasidone SMD=–0.40 (–0.68 to 
–0.12)

PBO/Sham 13/2,210 M

Aripiprazole SMD=–0.35 (–0.59 to 
–0.11)

PBO/Sham 13/2,210 M

Asenapine SMD=–0.29 (–0.53 to 
–0.06)

PBO/Sham 13/2,210 M

Acceptability Paliperidone OR=0.26 (0.08-0.80) PBO/Sham 28/3,003 L

Risperidone OR=0.31 (0.14-0.72) PBO/Sham 28/3,003 L

Olanzapine OR=0.36 (0.15-0.85) PBO/Sham 28/3,003 L

Lurasidone OR=0.53 (0.18-1.55) PBO/Sham 28/3,003 M

Ziprasidone OR=0.59 (0.22-1.58) PBO/Sham 28/3,003 L

Quetiapine OR=0.63 (0.27-1.43) PBO/Sham 28/3,003 M

Asenapine OR=0.91 (0.33-2.56) PBO/Sham 28/3,003 M

Aripiprazole OR=1.48 (0.60-3.67) PBO/Sham 28/3,003 M
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Outcome Intervention Effect size (95% CI) Control
Number of RCTs/

patients Q

Tolerability Lurasidone OR=0.45 (0.16-1.22) PBO/Sham 13/2,210 M

Ziprasidone OR=0.99 (0.45-2.30) PBO/Sham 13/2,210 M

Risperidone OR=2.38 (0.57-13.56) PBO/Sham 13/2,210 M

Aripiprazole OR=2.54 (0.70-14.48) PBO/Sham 13/2,210 M

Asenapine OR=2.67 (0.82-12.47) PBO/Sham 13/2,210 M

Quetiapine OR=3.29 (0.92-16.75) PBO/Sham 13/2,210 M

Olanzapine OR=7.76 (1.23-87.44) PBO/Sham 13/2,210 M

Paliperidone OR=23.12 (2.38-778.70) PBO/Sham 13/2,210 M

Discontinuation due to inefficacy Paliperidone OR=0.10 (0.04-0.28) PBO/Sham 28/3,003 L

Olanzapine OR=0.14 (0.06-0.31) PBO/Sham 28/3,003 L

Risperidone OR=0.17 (0.07-0.42) PBO/Sham 28/3,003 L

Ziprasidone OR=0.41 (0.20-0.84) PBO/Sham 28/3,003 L

Lurasidone OR=0.39 (0.09-1.77) PBO/Sham 28/3,003 M

Asenapine OR=0.63 (0.23-1.73) PBO/Sham 28/3,003 M

Depressive disorders

Pharmacological interventions

Efficacy (clinician-rated) Fluoxetine SMD=–0.51 (–0.84 to –0.18) PBO/Sham 70/8,906 M

Desipramine SMD=–0.43 (–1.26 to 0.39) PBO/Sham 70/8,906 M

Duloxetine SMD = –0.22 (–0.85 to 0.42) PBO/Sham 70/8,906 M

Venlafaxine SMD = –0.25 (–0.87 to 0.36) PBO/Sham 70/8,906 M

Mirtazapine SMD = –0.23 (–0.97 to 0.51) PBO/Sham 70/8,906 M

Citalopram SMD=–0.18 (–0.89 to 0.55) PBO/Sham 70/8,906 M

Escitalopram SMD=–0.17 (–0.88 to 0.54) PBO/Sham 70/8,906 M

Paroxetine SMD=–0.16 (–0.67 to 0.35) PBO/Sham 70/8,906 M

Nefazodone SMD=–0.14 (–0.85 to 0.57) PBO/Sham 70/8,906 M

Desvenlafaxine SMD=–0.12 (–0.79 to 0.54) PBO/Sham 70/8,906 M

Sertraline SMD=–0.11 (–0.71 to 0.49) PBO/Sham 70/8,906 M

Imipramine SMD=–0.03 (–0.75 to 0.68) PBO/Sham 70/8,906 M

Vilazodone SMD=–0.09 (–1.09 to 0.90) PBO/Sham 70/8,906 M

Amitriptyline SMD=0.08 (–1.11 to 1.27) PBO/Sham 70/8,906 M

Nortriptyline SMD= 1.14 (0.46-1.81) PBO/Sham 70/8,906 M

Response Nefazodone OR=2.1 (1.06-4.89) PBO/Sham 34/5,260 M

Duloxetine OR=1.74 (1.12-2.84) PBO/Sham 34/5,260 M

Fluoxetine OR=1.70 (1.25-2.39) PBO/Sham 34/5,260 M

Desipramine OR=1.59 (0.67-4.84) PBO/Sham 34/5,260 M

Escitalopram OR=1.53 (0.96-2.58) PBO/Sham 34/5,260 M

Sertraline OR=1.44 (0.79-2.97) PBO/Sham 34/5,260 M

Paroxetine OR=1.3 (0.89-1.99) PBO/Sham 34/5,260 M

Venlafaxine OR=1.16 (0.72-2.03) PBO/Sham 34/5,260 M

Citalopram OR=1.02 (0.62-1.82) PBO/Sham 34/5,260 M

Imipramine OR=0.83 (0.48-1.54) PBO/Sham 34/5,260 M

Nortriptyline OR=0.57 (0.24-1.64) PBO/Sham 34/5,260 M

Amitriptyline OR=0.22 (0.05-2.78) PBO/Sham 34/5,260 M

Table 3  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with schizophrenia spectrum, depressive, and bipolar disorders (continued)
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Table 3  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with schizophrenia spectrum, depressive, and bipolar disorders (continued)

Outcome Intervention Effect size (95% CI) Control
Number of RCTs/

patients Q

Acceptability Nefazodone OR=0.49 (0.21-1.39) PBO/Sham 66/9,075 M

Vilazodone OR=0.59 (0.27-1.54) PBO/Sham 66/9,075 M

Nortriptyline OR=0.76 (0.28-3.41) PBO/Sham 66/9,075 M

Fluoxetine OR=0.78 (0.56-1.15) PBO/Sham 66/9,075 M

Mirtazapine OR=0.83 (0.40-2.08) PBO/Sham 66/9,075 M

Desvenlafaxine OR=0.85 (0.47-1.74) PBO/Sham 66/9,075 M

Citalopram OR=0.96 (0.52-1.97) PBO/Sham 66/9,075 M

Duloxetine OR=1.04 (0.62-1.96) PBO/Sham 66/9,075 M

Venlafaxine OR=1.12 (0.53-2.70) PBO/Sham 66/9,075 M

Amitriptyline OR=1.16 (0.29-12.13) PBO/Sham 66/9,075 M

Paroxetine OR=1.3 (0.81-2.27) PBO/Sham 66/9,075 M

Escitalopram OR=1.4 (0.77-2.86) PBO/Sham 66/9,075 M

Sertraline OR=162 (0.83-3.22) PBO/Sham 66/9,075 M

Desipramine OR=2.21 (0.88-7.67) PBO/Sham 66/9,075 M

Imipramine OR=2.51 (1.26-6.25) PBO/Sham 66/9,075 M

Tolerability Amitriptyline OR=0.10 (0.02-32.16) PBO/Sham 34/5,260 M

Fluoxetine OR=1.03 (0.5-2.7) PBO/Sham 34/5,260 M

Citalopram OR=1.13 (0.45-3.66) PBO/Sham 34/5,260 M

Nefazodone OR=1.29 (0.3-21.89) PBO/Sham 34/5,260 M

Mirtazapine OR=1.36 (0.41-10.99) PBO/Sham 34/5,260 M

Paroxetine OR=1.59 (0.77-3.95) PBO/Sham 34/5,260 M

Escitalopram OR=1.64 (0.46-13.49) PBO/Sham 34/5,260 M

Desipramine OR=2.85 (0.83-21.8) PBO/Sham 34/5,260 M

Sertraline OR=2.94 (0.94-17.19) PBO/Sham 34/5,260 M

Duloxetine OR=2.80 (1.20-9.42) PBO/Sham 34/5,260 M

Venlafaxine OR=3.19 (1.01-18.7) PBO/Sham 34/5,260 M

Imipramine OR=5.49 (1.96-20.86) PBO/Sham 34/5,260 M

Quality of  life Mixed (fluoxetine, paroxetine, 
sertraline)

SMD=–0.11 (–0.26 to 0.03) PBO/Sham 3/765 M

Relapse SSRIs OR=0.34 (0.18-0.64) PBO/Sham 3/164 L

Remission Fluoxetine RR=1.82 (1.25-2.63) PBO/Sham 2/315 M

Sertraline RR=1.09 (0.72-1.61) PBO/Sham 2/376 M

Suicide attempt/ideation Nefazodone OR=0.29 (0.06-6.31) PBO/Sham 34/NR M

Mirtazapine OR=0.53 (0.10-40.83) PBO/Sham 34/NR M

Imipramine OR=0.59 (0.19-3.07) PBO/Sham 34/NR M

Desvenlafaxine OR=0.74 (0.41-1.49) PBO/Sham 34/NR M

Escitalopram OR=0.94 (0.44-2.55) PBO/Sham 34/NR M

Duloxetine OR=0.93 (0.55-1.71) PBO/Sham 34/NR M

Fluoxetine OR=1.11 (0.74-1.75) PBO/Sham 34/NR M

Paroxetine OR=1.71 (0.81-5.05) PBO/Sham 34/NR M

Citalopram OR=1.18 (0.46-4.43) PBO/Sham 34/NR M

Vilazodone OR=1.96 (0.45-100.00) PBO/Sham 34/NR M

Sertraline OR=2.22 (0.75-12.5) PBO/Sham 34/NR M

Venlafaxine OR=8.33 (1.92-NC) PBO/Sham 34/NR M
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Table 3  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with schizophrenia spectrum, depressive, and bipolar disorders (continued)

Outcome Intervention Effect size (95% CI) Control
Number of RCTs/

patients Q

Psychosocial interventions

Efficacy (clinician-rated) IPT SMD=–1.37 (–2.04 to –0.7) WL/NT 70/8,906 L

PSOLV SMD=–1.26 (–2.48 to –0.03) WL/NT 70/8,906 L

FT SMD=–1.03 (–1.66 to –0.4) WL/NT 70/8,906 L

CBT SMD=–0.94 (–1.40 to –0.48) WL/NT 70/8,906 L

IPT SMD=–0.70 (–1.29 to –0.12) PBO/Sham 70/8,906 L

FT SMD=–0.36 (–0.95 to 0.24) PBO/Sham 70/8,906 L

CBT SMD=–0.27 (–0.72 to 0.18) PBO/Sham 70/8,906 L

PSD-O SMD=0.08 (–0.67 to 0.84) PBO/Sham 70/8,906 L

Response PSD-O RR=1.68 (1.08-2.63) WL/PBO/
Sham

2/83 L

Acceptability IPT OR=0.53 (0.20-1.15) PBO/Sham 66/9,075 M

IPT OR=0.65 (0.19-1.62) WL/NT 66/9,075 M

CBT OR=0.65 (0.32-1.16) PBO/Sham 66/9,075 M

PSOLV OR=0.77 (0.01-4.40) WL/NT 66/9,075 M

CBT OR=0.77 (0.34-1.48) WL/NT 66/9,075 M

FT OR=0.84 (0.35-1.72) PBO/Sham 66/9,075 M

PSD-O OR=0.96 (0.37-1.93) PBO/Sham 66/9,075 M

BT OR=1.27 (0.19-4.32) PBO/Sham 66/9,075 M

Suicide attempt/ideation IPT OR=0.64 (0.04-2.59) PBO/Sham 34/NR M

CBT OR=11.31 (0.01-46.11) PBO/Sham 34/NR M

PSD-O OR=8.64 (0.01-40.05) PBO/Sham 34/NR M

Combination interventions

Efficacy (clinician-rated) Fluoxetine+CBT SMD=–0.73 (–1.39 to –0.07) PBO/Sham 70/8,906 M

Acceptability Fluoxetine+CBT OR=0.75 (0.39-1.65) PBO/Sham 66/9,075 M

Suicide attempt/ideation Fluoxetine+CBT OR=0.88 (0.41-2.35) PBO/Sham 34/NR M

Bipolar disorder, depressive episode

Efficacy (clinician-rated) Quetiapine SMD=–0.10 (–0.32 to 0.13) PBO/Sham 2/224 M

Response Quetiapine RR=1.1 (0.89-1.35) PBO/Sham 3/250 L

Acceptability Quetiapine RR=0.73 (0.36-1.49) PBO/Sham 2/225 L

Global illness severity Quetiapine SMD=–0.20 (–0.46 to 
–0.06)

PBO/Sham 2/224 M

Remission Quetiapine RR=1.23 (0.90-1.68) PBO/Sham 3/250 L

Tolerability Quetiapine RR=0.31 (0.11-1.01) PBO/Sham 2/225 L

Bipolar disorder, manic episode

Efficacy (clinician-rated) Aripiprazole SMD=–1.08 (–1.32 to 
–0.85)

PBO/Sham 2/339 M
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Table 3  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with schizophrenia spectrum, depressive, and bipolar disorders (continued)

Outcome Intervention Effect size (95% CI) Control
Number of RCTs/

patients Q

Response Mixed (mood stabilizers and  
antipsychotics)

OR=2.24 (z=8.12, p<0.001) PBO/Sham 9/1,362 M

Aripiprazole RR=1.86 (1.43-2.43) PBO/Sham 2/332 M

SGAs z=10.34, p<0.001 PBO/Sham 6/1,190 H

Mood stabilizers z=2.06, p=0.04 PBO/Sham 2/172 M

Acceptability Aripiprazole RR=0.80 (0.51-1.27) PBO/Sham 2/339 M

Valproate OR=1.77 (0.83-3.78) PBO/Sham 2/179 M

Tolerability Aripiprazole RR=5.19 (0.92-29.25) PBO/Sham 2/339 M

Discontinuation due to inefficacy Aripiprazole RR=0.27 (0.09-0.82) PBO/Sham 2/339 M

RCTs – randomized controlled trials, SMD – standardized mean difference, OR – odds ratio, RR – risk ratio, PBO – placebo, WL – waiting list, NT – no treatment, 
NR – not reported, NC – not calculable, Q – quality (H – high, M – medium, L – low), BT – behavioral therapy, CBT – cognitive behavioral therapy, FT – family 
therapy, IPT – interpersonal therapy, PSD-O – psychodynamic-oriented, PSOLV – problem solving, SSRIs – selective serotonin reuptake inhibitors, SGAs – second-
generation antipsychotics. Bold prints indicate significant values. SMDs<0 indicate that intervention is more effective than control. For discontinuation outcomes 
(acceptability, tolerability, inefficacy) and relapse, OR/RR<1 favors the intervention. For response and remission, OR/RR>1 favors the intervention.

Eating disorders

Results for eating disorders are shown in Table 6.
No meta-analysis on pharmacological intervention met the 

inclusion criteria of this umbrella review. Among psychosocial 
interventions, family therapy outperformed other interventions 
in anorexia nervosa regarding the primary efficacy outcome 
(body weight, small effect size).

Schizophrenia spectrum disorders

Results for schizophrenia spectrum disorders are shown in 
Tables 3 and 6.

For schizophrenia, only pharmacological interventions were 
covered. All investigated antipsychotics but ziprasidone outper­
formed placebo, with a small effect size, except for olanzapine and 
risperidone, which had a large effect size. Small effect sizes emerged 
regarding response (except for asenapine), and all antipsychot­
ics improved global illness severity. Acceptability was superior vs. 
placebo for paliperidone, risperidone and olanzapine, without dif­
ferences for the other antipsychotics. Paliperidone and olanzapine 
were associated with more discontinuation due to intolerability 
than placebo, while discontinuation due to inefficacy favored pali­
peridone, olanzapine, risperidone and ziprasidone (see Table 3).

In head-to-head comparisons, risperidone and second-gener­
ation antipsychotics outperformed first-generation antipsychot­
ics (large effect size), and clozapine outperformed olanzapine on 
the primary efficacy outcome (large effect size) (see Table 6).

Bipolar disorder

Results for bipolar disorder are shown in Tables 3 and 6.

Regarding bipolar depression, quetiapine was not superior to 
placebo regarding the primary efficacy outcome, separating only 
on global illness severity (small effect size). Regarding mania, ari­
piprazole was more effective than placebo regarding the primary 
efficacy outcome (large effect size) and response (small effect size), 
without differences vs. placebo regarding acceptability, while being 
superior regarding less discontinuations for inefficacy (see Table 3).

Other disorders

Results for tic disorder are shown in Tables 2 and 6. Desipra­
mine and methylphenidate were similar to placebo, but topira­
mate was superior to haloperidol regarding the primary outcome.

Results for Tourette’s disorder are shown in Tables 2 and 7. An­
tipsychotics (including haloperidol, pimozide, risperidone and 
ziprasidone) and guanfacine were superior to placebo regarding the 
primary efficacy outcome (both moderate effect size). No significant 
difference vs. placebo emerged for methylphenidate (see Table 2). 
Among psychosocial interventions, behavioral therapy outper­
formed waiting list or low intensity psychosocial intervention (medi­
um effect size) regarding the primary efficacy outcome (see Table 7).

Results for encopresis are shown in Table 5. No pharmacological 
intervention was eligible. Behavioral therapy outperformed TAU re­
garding the primary efficacy outcome and response (small effect size).

Results for developmental coordination disorders are shown 
in Table 2. In the single meta-analysis meeting inclusion criteria, 
skills training had no significant effect vs. waiting list on motor 
coordination.

Results for PTSD are shown in Table 4. No pharmacological 
intervention met inclusion criteria. CBT was superior regarding 
the primary efficacy outcome, response and depressive symp­
toms vs. waiting list (large effect sizes).
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Table 4  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with anxiety, obsessive-compulsive, stress-related, and mixed disorders

Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Anxiety disorders

Pharmacological interventions

Efficacy (clinician-rated) Paroxetine SMD=–0.43 (–0.75 to –0.10) PBO/Sham 14/2,502 M

Fluvoxamine SMD=–0.36 (–0.61 to –0.10) PBO/Sham 14/2,502 M

Imipramine SMD=–0.27 (–0.92 to 0.39) PBO/Sham 14/2,502 M

Guanfacine SMD=–0.13 (–0.39 to 0.12) PBO/Sham 14/2,502 M

Fluoxetine SMD=–0.11 (–0.33 to 0.12) PBO/Sham 14/2,502 M

Atomoxetine SMD=–0.11 (–0.38 to 0.16) PBO/Sham 14/2,502 M

Duloxetine SMD=–0.09 (–0.27 to 0.09) PBO/Sham 14/2,502 M

Sertraline SMD=–0.08 (–0.25 to 0.09) PBO/Sham 14/2,502 M

Venlafaxine SMD=–0.06 (–0.22 to 0.04) PBO/Sham 14/2,502 M

Efficacy (subject-rated) Fluoxetine SMD=–0.51 (–0.85 to –0.18) PBO/Sham 2/154 M

SNRIs SMD=–2.14 (–9.75 to 5.48) PBO/Sham 3/622 M

Venlafaxine SMD=–1.71 (–3.93 to 0.51) PBO/Sham 2/443 M

SSRIs SMD=–0.42 (–0.96 to 0.12) PBO/Sham 4/197 M

Atomoxetine SMD=–0.29 (–0.51 to 0.08) PBO/Sham 2/331 M

TCAs SMD= 0.36 (–0.27 to 0.99) PBO/Sham 2/41 M

Efficacy (parent-rated) SSRIs SMD=–0.82 (–1.38 to –0.27) PBO/Sham 2/96 L

Response Fluvoxamine OR=8.17 (1.35-49.40) PBO/Sham 19/2,656 M

Sertraline OR=6.05 (2.23-49.40) PBO/Sham 19/2,656 M

Fluoxetine OR=4.06 (1.49-18.17) PBO/Sham 19/2,656 M

Guanfacine OR=5.47 (0.74-49.40) PBO/Sham 19/2,656 M

Atomoxetine OR=4.06 (0.67-24.53) PBO/Sham 19/2,656 M

Paroxetine OR=3.67 (0.67-20.09) PBO/Sham 19/2,656 M

Imipramine OR=3.00 (0.61-14.88) PBO/Sham 19/2,656 M

Venlafaxine OR=2.46 (0.90-6.69) PBO/Sham 19/2,656 M

Duloxetine OR=2.01 (0.37-11.02) PBO/Sham 19/2,656 M

Clomipramine OR=1.22 (0.22-6.69) PBO/Sham 19/2,656 M

Acceptability Clomipramine OR=0.55 (0.02-7.39) PBO/Sham 20/2,679 M

Paroxetine OR=0.61 (0.12-3.32) PBO/Sham 20/2,679 M

Fluvoxamine OR=0.67 (0.11-4.06) PBO/Sham 20/2,679 M

Sertraline OR=0.67 (0.14-2.72) PBO/Sham 20/2,679 M

Guanfacine OR=0.67 (0.10-4.95) PBO/Sham 20/2,679 M

Atomoxetine OR=0.82 (0.15-4.95) PBO/Sham 20/2,679 M

Duloxetine OR=1.00 (0.18-5.47) PBO/Sham 20/2,679 M

Venlafaxine OR=1.11 (0.33-3.67) PBO/Sham 20/2,679 M

Fluoxetine OR=1.65 (0.50-6.69) PBO/Sham 20/2,679 M

Imipramine OR=2.01 (0.37-9.97) PBO/Sham 20/2,679 M

Remission Fluoxetine RR=2.52 (1.19-5.32) PBO/Sham 2/95 L

Suicide attempt/
ideation

Sertraline LogOR=–19.8 (–61.7 to 0.7) PBO/Sham 9/1,648 M

Duloxetine LogOR=0.2 (–2.5 to 2.8) PBO/Sham 9/1,648 M

Venlafaxine LogOR=1.4 (–1.4 to 5.24) PBO/Sham 9/1,648 M

Atomoxetine LogOR=6.6 (–31.6 to 22.7) PBO/Sham 9/1,648 M

Guanfacine LogOR=16.1 (–1.0 to 58.3) PBO/Sham 9/1,648 M

Imipramine LogOR=17.3 (–0.1 to 54.8) PBO/Sham 9/1,648 M

Paroxetine LogOR=20.0 (1.7 to 60.47) PBO/Sham 9/1,648 M
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Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Tolerability Venlafaxine LogOR=–0.8 (–3.8 to 2.1) PBO/Sham 15/2,516 M

Atomoxetine LogOR=0.0 (–5.3 to 5.3) PBO/Sham 15/2,516 M

Duloxetine LogOR=0.2 (–3.9 to 4.3) PBO/Sham 15/2,516 M

Sertraline LogOR=1.7 (–2.8 to 6.6) PBO/Sham 15/2,516 M

Paroxetine LogOR=1.7 (–2.5 to 6.0) PBO/Sham 15/2,516 M

Fluovoxamine LogOR=2.1 (–2.4 to 7.0) PBO/Sham 15/2,516 M

Fluoxetine LogOR=2.5 (–1.8 to 7.9) PBO/Sham 15/2,516 M

Imipramine LogOR=16.6 (–37.5 to 83.7) PBO/Sham 15/2,516 M

Guanfacine LogOR=29.2 (2.2-94.3) PBO/Sham 15/2,516 M

Psychosocial interventions

Efficacy (clinician-rated) CBT/BT SMD=–0.85 (–1.12 to –0.57) WL/NT 7/358 L

Efficacy (subject-rated) CBT-Child only SMD=–1.04 (–1.41 to –0.67) WL/NT 24/1,239 L

CBT-Group SMD=–0.91 (–1.22 to –0.60) WL/NT 27/1,268 L

CBT SMD=–0.67 (–0.88 to –0.47) WL/NT 45/2,831 L

CBT-Child+P SMD=–0.45 (–0.67 to –0.23) WL/NT 20/1,285 L

CBT-Individual SMD=–0.39 (–0.64 to –0.15) WL/NT 21/1,203 L

CBT SMD=–0.31 (–0.51 to –0.11) PBO/Sham 15/978 L

CBT-Parent only SMD=0.04 (–0.38 to 0.46) WL/NT 5/307 L

Efficacy (parent-rated) CBT-Group SMD=–0.92 (–1.21 to –0.62) WL/NT 21/1,279 L

CBT-Child only SMD=–0.87 (–1.21 to –0.53) WL/NT 13/734 L

CBT SMD=–0.70 (–0.90 to –0.51) WL/NT 35/2137 L

CBT-Child+P SMD=–0.69 (–0.98 to –0.39) WL/NT 17/1,031 L

CBT-Individual SMD=–0.43 (–0.65 to –0.21) WL/NT 17/858 L

CBT-Parent only SMD=–0.37 (–0.77 to 0.04) WL/NT 5/372 L

CBT SMD=–0.25 (–0.61 to 0.11) PBO/Sham 8/638 L

Efficacy (mixed-rated) BT-Group SMD=–1.43 (–2.36 to –0.51) WL/NT 101/6,625 L

CBT-Group SMD=–1.43 (–1.76 to –1.09) WL/NT 101/6,625 L

BT-Individual+P SMD=–1.09 (–1.93 to –0.25) WL/NT 101/6,625 L

CBT-Group+P SMD=–0.99 (–1.31 to –0.68) WL/NT 101/6,625 L

CBT-Individual SMD=–0.99 (–1.30 to –0.68) WL/NT 101/6,625 L

CBT-Individual+P SMD=–0.84 (–1.16 to –0.53) WL/NT 101/6,625 L

CBT-Group SMD=–0.76 (–1.16 to –0.36) PBO/Sham 101/6,625 L

CBT-Parent only SMD=–0.70 (–1.22 to –0.19) WL/NT 101/6,625 L

CBT-Internet SMD=–0.61 (–1.02 to –0.20) WL/NT 101/6,625 L

BT-Individual+Group SMD=–0.73 (–1.59 to 0.13) WL/NT 101/6,625 L

CBT-Individual+Group SMD=–0.64 (–1.69 to 0.41) WL/NT 101/6,625 L

BT-Individual+P SMD=–0.42 (–1.29 to 0.44) PBO/Sham 101/6,625 L

CBT-Group+P SMD=–0.33 (–0.78 to 0.13) PBO/Sham 101/6,625 L

CBT-Individual SMD=–0.32 (–0.72 to 0.07) PBO/Sham 101/6,625 L

CBT-Individual+P SMD=–0.18 (–0.61 to 0.25) PBO/Sham 101/6,625 L

BT-Individual+Group SMD=–0.06 (–0.94 to 0.82) PBO/Sham 101/6,625 L

CBT-Internet SMD=0.06 (–0.48 to 0.60) PBO/Sham 101/6,625 L

Table 4  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with anxiety, obsessive-compulsive, stress-related, and mixed disorders (continued)
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Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Acceptability CBT-Individual+Group OR=0.26 (0.05-5.73) WL/NT 101/6,625 L

BT-Individual+P OR=0.64 (0.22-2.72) WL/NT 101/6,625 L

BT-Individual+P OR=0.81 (0.19-2.27) PBO/Sham 101/6,625 L

CBT-Group+P OR=0.90 (0.46-1.60) PBO/Sham 101/6,625 L

CBT-Group OR=0.85 (0.46-1.44) PBO/Sham 101/6,625 L

BT OR=0.90 (0.32-3.95) WL/NT 101/6,625 M

CBT-Individual OR=0.92 (0.52-1.52) PBO/Sham 101/6,625 L

CBT-Group OR=0.93 (0.57-1.63) WL/NT 101/6,625 L

CBT OR=1.09 (0.85-1.41) WL/NT 45/3,158 L

CBT-Group+P OR=0.99 (0.67-1.55) WL/NT 101/6,625 M

CBT OR=1.00 (0.68-1.49) PBO/Sham 12/797 L

CBT-Internet OR=1.02 (0.42-2.08) PBO/Sham 101/6,625 L

CBT-Individual OR=1.02 (0.67-1.67) WL/NT 101/6,625 L

CBT-Internet OR=1.05 (0.59-2.05) WL/NT 101/6,625 L

CBT-Individual+P OR=1.11 (0.60-1.90) PBO/Sham 101/6,625 L

BT-Individual+Group OR=1.13 (0.28-3.19) PBO/Sham 101/6,625 L

BT-Group OR=1.21 (0.27-22.51) WL/NT 101/6,625 L

CBT-Individual+P OR=1.23 (0.80-2.02) WL/NT 101/6,625 L

CBT-Parent only OR=1.43 (0.75-3.15) WL/NT 101/6,625 L

Depressive symptoms CBT SMD=–0.34 (–0.51 to –0.17) WL/NT 17/1,157 L

CBT SMD=–0.18 (–0.45 to 0.09) PBO/Sham 10/613 L

Functioning CBT SMD=–1.03 (–1.38 to –0.68) WL/NT 11/557 L

Quality of  life CBT-Parent only SMD=–1.87 (–3.04 to –0.71) WL/NT 101/6,625 L

CBT-Individual SMD=–1.13 (–1.82 to –0.45) PBO/Sham 101/6,625 L

CBT-Individual SMD=–1.01 (–1.55 to –0.48) WL/NT 101/6,625 L

CBT-Internet SMD=–0.86 (–1.57 to –0.15) PBO/Sham 101/6,625 L

CBT-Group SMD=–0.85 (–1.45 to –0.26) PBO/Sham 101/6,625 L

CBT-Individual+P SMD=–0.80 (–1.33 to –0.27) WL/NT 101/6,625 L

CBT-Group+P SMD=–0.75 (–1.34 to –0.17) WL/NT 101/6,625 L

CBT-Group SMD=–0.73 (–1.34 to –0.11) WL/NT 101/6,625 L

CBT-Internet SMD=–0.73 (–1.14 to –0.33) PBO/Sham 101/6,625 L

BT-Individual+Group SMD=–0.79 (–1.68 to 0.09) WL/NT 101/6,625 L

BT-Individual+Group SMD=–0.67 (–1.56 to 0.21) WL/NT 101/6,625 L

CBT-Individual+Group SMD=–0.55 (–1.78 to 0.69) WL/NT 101/6,625 L

Remission CBT-Child only OR=10.42 (5.84-7.60) WL/NT 19/1,184 M

CBT-Group OR=6.25 (4.45-8.78) WL/NT 25/1,532 M

CBT-Remote OR=6.14 (2.97-12.71) WL/NT 10/591 L

CBT OR=5.45 (3.90-7.60) WL/NT 39/2,697 L

CBT-Individual OR=4.53 (2.55-8.03) WL/NT 17/1,165 L

CBT-Individual+P OR=4.08 (2.72-6.11) WL/NT 19/1,142 M

CBT-Child only OR=3.58 (1.92-6.65) PBO/Sham 7/509 L

CBT-Group OR=3.10 (1.14-8.45) PBO/Sham 5/353 L

CBT-Parent only OR=2.83 (1.12-7.16) WL/NT 4/371 L

CBT OR=2.28 (1.33-3.89) PBO/Sham 10/822 L

CBT-Individual OR=2.04 (1.06-3.91) PBO/Sham 5/469 L

CBT-Individual+P OR=1.12 (0.65-1.92) PBO/Sham 4/313 L

Table 4  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with anxiety, obsessive-compulsive, stress-related, and mixed disorders (continued)
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Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Social anxiety disorder

Efficacy (subject-rated) CBT SMD=–1.59 (–2.33 to –0.86) WL/NT 11/603 L

BT SMD=–1.22 (–2.06 to –0.38) WL/NT/PBO/Sham 4/169 L

CBT SMD=–1.19 (–1.72 to –0.67) WL/NT/PBO/Sham 14/872 L

CBT-Group SMD=–1.19 (–1.93 to –0.45) WL/NT/PBO/Sham 11/670 L

CBT/BT SMD=–1.13 (–1.59 to –0.68) WL/NT/PBO/Sham 17/1,016 L

CBT+P SMD=–1.13 (–1.59 to –0.67) WL/NT/PBO/Sham 17/983 L

CBT-Individual SMD=–1.10 (–1.91 to –0.29) WL/NT/PBO/Sham 3/127 L

CBT-Individual+Group SMD=–0.80 (–1.19 to –0.41) WL/NT/PBO/Sham 3/115 L

CBT-Child only SMD=–0.75 (–1.24 to –0.26) WL/NT/PBO/Sham 2/70 L

CBT-Internet SMD=–0.52 (–1.01 to –0.03) WL/NT/PBO/Sham 2/143 L

Acceptability CBT RR=1.00 (0.72-1.41) WL/NT/PBO/Sham 16/1,052 M

Depressive symptoms CBT/BT SMD=–0.39 (–0.63 to –0.16) WL/NT/PBO/Sham 8/299 L

Quality of  life CBT/BT SMD=–0.79 (–1.17 to –0.41) WL/NT/PBO/Sham 9/552 L

Remission CBT/BT RR=8.99 (5.27-15.33) WL/NT/PBO/Sham 13/832 L

Obsessive-compulsive disorder

Pharmacological interventions

Efficacy (clinician-rated) Sertraline SMD=–0.24 (–0.46 to –0.03) PBO/Sham 17/991 L

Fluoxetine SMD=–0.24 (–0.47 to –0.01) PBO/Sham 17/991 L

Clomipramine SMD=–0.31 (–0.64 to 0.02) PBO/Sham 17/991 L

Fluvoxamine SMD=–0.21 (–0.49 to 0.06) PBO/Sham 17/991 L

Response Fluoxetine RR=1.49 (1.15-1.96) PBO/Sham 2/146 L

SSRI/TCAs RR=1.80 (1.43-2.26) PBO/Sham 7/692 L

Acceptability Fluoxetine MOR=0.74 (0.25-1.68) PBO/Sham 18/1,143 L

Fluvoxamine MOR=0.79 (0.24-2.07) PBO/Sham 18/1,143 L

Sertraline MOR=0.89 (0.32-2.07) PBO/Sham 18/1,143 L

Paroxetine MOR=1.12 (0.37-3.42) PBO/Sham 18/1,143 L

Clomipramine MOR=3.06 (0.54-21.69) PBO/Sham 18/1,143 L

Tolerability SSRIs RR=3.59 (1.89-6.84) PBO/Sham 7/807 L

Global illness severity Fluoxetine SMD=–0.52 (–0.86 to –0.18) PBO/Sham 2/146 L

SSRIs SMD=–0.42 (–0.61 to –0.23) PBO/Sham 5/556 M

Remission SSRIs RR=2.06 (1.03-4.13) PBO/Sham 3/302 L

Pharmacological augmentation (in SSRI-refractory cases)

Response Risperidone OR=6.35 (1.48-27.3) PBO/Sham 3/72 M

Quetiapine OR=2.33 (0.88-6.20) PBO/Sham 3/102 M

Olanzapine OR=2.74 (0.34-21.9) PBO/Sham 2/70 L

Psychosocial interventions

Efficacy (clinician-rated) CBT SMD=–0.78 (–1.05 to –0.51) WL/NT 17/991 L

BT SMD=–0.72 (–1.20 to –0.24) WL/NT 17/991 L

CBT SMD=–0.23 (–0.56 to 0.11) PBO/Sham 17/991 L

Response CBT/BT-ERP RR=3.93 (2.52-6.14) WL/NT/PBO/Sham 6/236 L

Table 4  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with anxiety, obsessive-compulsive, stress-related, and mixed disorders (continued)
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Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Acceptability CBT MOR=0.49 (0.09-2.40) PBO/Sham 18/1,143 L

BT-ERP RR=0.80 (0.35-1.84) PBO/WL 6/301 L

CBT MOR=0.86 (0.23-3.24) PBO/Sham 18/1,143 L

CBT MOR=0.94 (0.21-4.79) WL/NT 18/1,143 L

BT MOR=14.28 (0.87-785.20) WL/NT 18/1,143 L

Functioning (subject-rated) CBT SMD=–1.15 (–2.11 to –0.19) WL/NT 3/194 L

Functioning (parent-
rated)

CBT SMD=–0.95 (–1.61 to –0.28) WL/NT 3/194 L

CBT SMD=–0.31 (–0.63 to 0.01) PBO/Sham 2/183 L

Remission CBT RR=2.33 (1.33-4.00) WL/NT 4/271 L

CBT RR=1.59 (1.28-1.96) PBO/Sham 3/153 L

Quality of  life CBT SMD=–0.39 (–0.77 to –0.02) WL/PBO/Sham 2/223 L

Combined interventions

Efficacy CBT+sertraline SMD=–0.58 (–0.91 to –0.25) PBO/Sham 17/991 L

Acceptability CBT+sertraline MOR=0.54 (0.08-3.15) PBO/Sham 18/1,143 L

Post-traumatic stress disorder

Efficacy CBT SMD=–1.34 (–1.79 to –0.89) WL/NT 3/98 L

EMDR SMD=–0.61 (–1.96 to 0.74) WL/NT 2/65 L

NET SMD=–0.57 (–1.23 to 0.09) WL/NT 2/79 L

Response CBT OR=8.64 (2.01-37.14) WL/NT 2/49 L

NET OR=3.82 (0.67-21.8) WL/NT 2/78 L

Acceptability NET OR=5.13 (0.56-47.28) WL/NT 2/83 L

Anxiety symptoms NET SMD=–0.66 (–1.33 to 0.01) WL/NT 2/59 L

Depressive symptoms CBT SMD=–0.8 (–1.47 to –0.131) WL/NT 3/98 L

Enuresis

Pharmacological interventions

Efficacy Imipramine SMD=–0.46 (–0.67 to –0.24) PBO/Sham 4/347 M

Response Amitriptyline RR=1.22 (1.02-1.45) PBO/Sham 2/98 L

Imipramine RR=1.35 (1.11-1.64) PBO/Sham 12/831 L

Psychosocial interventions

Efficacy BT-Alarm SMD=–1.30 (–2.16 to –0.44) WL/NT 4/127 L

Response BT-Alarm RR=7.23 (1.40-37.77) WL/NT 18/827 L

BT-Alarm RR=1.59 (1.16-2.17) PBO/Sham 2/181 L

BT-Reward RR=1.22 (1.03-1.45) WL/NT 2/325 L

RCTs – randomized controlled trials, SMD – standardized mean difference, OR – odds ratio, MOR – median odds ratio, RR – risk ratio, PBO – placebo, WL – 
waiting list, NT – no treatment, Q – quality (H – high, M – medium, L – low), BT – behavioral therapy, BT-ERP – behavioral therapy with exposure and response 
prevention, CBT – cognitive behavioral therapy, EMDR – eye movement desensitization and reprocessing, NET – narrative exposure therapy, P – parental involve-
ment, SSRIs – selective serotonin reuptake inhibitors, SNRIs – serotonin-norepinephrine reuptake inhibitors, TCAs – tricyclic antidepressants. Bold prints indicate 
significant values. SMDs<0 indicate that intervention is more effective than control. For discontinuation outcomes (acceptability, tolerability, inefficacy) and relapse, 
OR/RR<1 favors the intervention. For response and remission, OR/RR>1 favors the intervention.

Table 4  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. inactive control in children/adoles-
cents with anxiety, obsessive-compulsive, stress-related, and mixed disorders (continued)
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Table 5  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. treatment as usual (TAU) or low 
intensity psychosocial intervention (LIP) in children/adolescents (only significant differences are reported)

Outcome Intervention Effect size (95% CI) Control
Number of RCTs/

patients Q

Anxiety disorders

Efficacy (mixed-
rated)

CBT-Group SMD=–0.84 (–1.47 to –0.21) TAU 101/6,625 L

Functioning CBT SMD=–1.06 (–1.57 to –0.55) TAU/LIP/PBO/Sham 5/467 L

Remission CBT-Individual+P OR=8.56 (3.10-23.66) TAU 5/172 L

Autism spectrum disorder

Efficacy: overall (mixed-rated) PCIT SMD=–0.22 (–0.41 to –0.03) TAU/LIP 6/420 L

Efficacy: reciprocity (clinician-rated) Mixed psychosocial 
interventions

SMD=–0.53 (–0.78 to –0.29) TAU 8/380 L

Cognition: developmental quotient Mixed psychosocial 
interventions

SMD=–0.36 (–0.66 to –0.05) TAU 5/232 L

Cognition PCIT SMD=–0.24 (–0.46 to –0.03) TAU/LIP 6/334 L

Anxiety disorder remission CBT OR=11.25 (3.11-40.79) TAU 4/142 L

Depressive disorders

Efficacy (clinician-rated) IPT SMD=–0.66 (–1.22 to –0.09) TAU 70/8,906 L

Encopresis

Efficacy: soiling BT+TAU SMD=–0.35 (–0.63 to –0.07) TAU 4/209 L

Response BT+TAU RR=1.78 (1.25-2.55) TAU 4/216 L

Obsessive-compulsive disorder

Response BT-ERP RR=1.71 (1.29-2.25) TAU/LIP 4/271 L

Acceptability BT-ERP RR=0.60 (0.39-0.93) TAU/LIP 4/251 L

RCTs – randomized controlled trials, SMD – standardized mean difference, OR – odds ratio, RR – risk ratio, PBO – placebo, Q – quality (H – high, M – medium, 
L – low), BT – behavioral therapy, BT-ERP – behavioral therapy with exposure and response prevention, CBT – cognitive behavioral therapy, IPT – interpersonal 
therapy, PCIT – parent-child interaction therapy, P – parental involvement. SMDs<0 indicate that intervention is more effective than control. For discontinuation 
outcomes (acceptability, tolerability, inefficacy) and relapse, OR/RR<1 favors the intervention. For response and remission, OR/RR>1 favors the intervention.

DISCUSSION

Pooling top-tier evidence from 104 MAs/NMAs of RCTs re­
porting on the effects of pharmacological, psychosocial and 
brain stimulation interventions, targeting 20 different outcomes 
in 15 mental disorders or groups of mental disorders, this um­
brella review provides a comprehensive meta-analytic view of 
the evidence base regarding the efficacy, acceptability and other 
relevant outcomes of psychiatric treatments in children and ado­
lescents (see supplementary information for further details).

Considered together with a complementary umbrella review 
published in this journal14, focusing on the detailed evaluation 
of tolerability and safety of pharmacological interventions, the 
current review can inform clinicians, youth and their families, as 
well as other stakeholders, in making evidence-based decisions 
regarding the choice and use of pharmacological, psychosocial 
and brain stimulation interventions in children/adolescents, in 
monotherapy and in combination. On the basis of these reviews, 
some evidence-based recommendation can be made.

For ADHD, amphetamines and methylphenidate are the most  
effective interventions on a broad set of outcomes. Whilst am­
phetamines outperform methylphenidate on the primary efficacy 
outcome, methylphenidate is the medication least different from 
placebo concerning safety14. Some evidence is available regarding 
behavioral therapy, covering a narrow set of efficacy outcomes, 
and with small effect sizes compared with those for medications. 
Importantly, whilst social skills training shows promising results 
against waiting list, no evidence is available comparing this in­
tervention with placebo. Hence, amphetamines or methylphe­
nidate can be considered the first-line treatment, augmented 
with alpha-2 agonists if needed, and ideally in combination with 
behavioral therapy as an optimal treatment regimen. Behavioral 
therapy could be considered if medications are contraindicated.

For autism, aripiprazole and risperidone are the pharma­
cological treatment options of choice. However, various psy­
chosocial interventions have proven efficacy on a broad set of 
outcomes, ranging from anxiety (CBT), to irritability, aggressive 
behavior and functioning (parent-child interaction therapy), to 



World Psychiatry 20:2 - June 2021� 269

Table 6  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. active psychological intervention or 
drug condition in children/adolescents (only significant differences are reported)

Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Anorexia nervosa

Efficacy: weight gain FT SMD=–0.44 (–0.74 to –0.14) Other than FT 4/178 L

Anxiety disorders

Efficacy (mixed-rated) CBT-Group SMD=–0.44 (–0.82 to –0.06) CBT-Individual 101/6,625 L

Attention-deficit/hyperactivity disorder (ADHD)

Efficacy (clinician-rated) Amphetamines SMD=–0.24 (–0.44 to –0.05) Methylphenidate 46/NR H

Methylphenidate SMD=–0.22 (–0.39 to –0.05) Atomoxetine 46/NR H

Efficacy (parent-rated) Methylphenidate SMD=–1.07 (–1.74 to –0.40) Bupropion 23/NR H

Methylphenidate SMD=–0.23 (–0.37 to –0.10) Atomoxetine 23/NR H

Response Methylphenidate OR=1.44 (1.08-1.92) Atomoxetine 113/19,398 M

Aggressive behavior Amphetamines SMD=–0.35 (–0.56 to –0.13) Methylphenidate 2/132 L

Acceptability Methylphenidate OR=0.68 (0.52-0.91) Atomoxetine 171/22,961 M

Tolerability Methylphenidate OR=0.39 (0.18-0.83) Guanfacine 60/12,188 M

Discontinuation due to inefficacy Amphetamines OR=0.23 (0.10-0.44) Atomoxetine 45/9,087 M

Global illness severity Amphetamines OR=3.39 (1.95-5.88) Atomoxetine 40/NR H

Efficacy: inattention (mixed-rated) Neurofeedback SMD=0.44 (0.02 to 0.86) Stimulants 4/161 L

Acceptability Neurofeedback OR=0.45 (0.21-0.95) COG TR 171/22,961 M

Response BT+stimulants OR=4.76 (2.50-9.09) BT 113/19,398 M

BT+stimulants OR=4.58 (2.49-8.75) Stimulants 113/19,398 M

Autism spectrum disorder

Efficacy: stereotypic (clinician-rated) BT-IT SMD=–0.78 (–1.42 to –0.13) BT-CI 2/40 L

Efficacy: distal social behavior  
(clinician-rated)

BT-IT SMD=–0.98 (–1.64 to –0.32) BT-CI 2/40 L

Bipolar disorder, manic episode

Efficacy (clinician-rated) Risperidone SMD=–1.01 (–1.29 to –0.74) Valproate 2/228 M

Enuresis

Acceptability Desmopressin OR=0.45 (0.29-0.71) BT-Alarm 15/1,502 M

Efficacy BT-Alarm SMD= –0.43 (–0.77 to –0.08) Desmopressin 4/285 L

Relapse BT-Alarm OR=0.15 (0.03-0.53) Desmopressin 12/1,381 M

Efficacy Desmopressin+
BT-Alarm

SMD= –0.58 (–0.89 to –0.26) Desmopressin 2/156 L

Response Desmopressin+anticholinergics OR=2.80 (1.50-5.40) Desmopressin 15/1,350 M

Imipramine+oxybutynin RR=1.47 (1.09-2.00) Imipramine 2/101 L

Imipramine+oxybutynin RR=1.46 (1.06-2.01) Oxybutynin 2/100 L

Desmopressin+BT-Alarm RR=1.32 (1.08-1.62) Desmopressin 5/359 L

Relapse Oxybutynin+ imipramine RR=0.50 (0.30-0.81) Oxybutynin 2/81 L

Oxybutynin+ imipramine RR=0.48 (0.31-0.74) Imipramine 2/85 L

Depressive disorders

Efficacy (clinician-rated) Fluoxetine SMD=–1.65 (–2.34 to –0.95) Nortriptyline 70/8,906 M

Response Fluoxetine OR=3.02 (1.04-7.22) Nortriptyline 34/5,260 M
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Outcome Intervention Effect size (95% CI) Control
Number of 

RCTs/patients Q

Tolerability Paroxetine OR=0.22 (0.08-0.87) Imipramine 34/5,260 M

Fluoxetine OR=0.31 (0.13-0.95) Duloxetine 34/5,260 M

Suicidal ideation CBT SMD=–0.27 (–0.51 to –0.03) SSRIs 2/268 L

Remission CBT+SSRI OR=2.15 (1.15-4.02) CBT+PBO 2/173 M

Functioning CBT+SSRI SMD=–0.20 (–0.33 to –0.08) Standalone AD 4/850 L

Schizophrenia spectrum disorders

Efficacy (clinician-rated) Haloperidol SMD=–1.35 (–2.16 to –0.55) Fluphenazine 28/3,003 L

Clozapine SMD=–0.86 (–1.54 to –0.17) Olanzapine 28/3,003 L

SGAs SMD=–0.36 (–0.56 to –0.16) FGAs 4/243 L

Response Risperidone OR=5.53 (2.01-15.18) Haloperidol 28/3,003 L

Tic disorder

Response Topiramate RR=1.10 (1.02-1.18) Haloperidol/
tiapride

14/1,017 M

Topiramate RR=1.09 (1.01-1.19) Haloperidol 10/727 L

RCTs – randomized controlled trials, SMD – standardized mean difference, OR – odds ratio, RR – risk ratio, PBO – placebo, Q – quality (H – high, M – medium, 
L – low), BT – behavioral therapy, BT-IT– behavioral therapy imitative interaction, BT-CI – behavioral therapy contingency interaction, CBT – cognitive behav-
ioral therapy, FT – family therapy, COG TR - cognitive training, AD – antidepressant, SSRI – selective serotonin reuptake inhibitor, SGAs – second-generation 
antipsychotics, FGAs – first-generation antipsychotics, NR – not reported. SMDs<0 indicate that intervention is more effective than control. For discontinuation 
outcomes (acceptability, tolerability, inefficacy) and relapse, OR/RR<1 favors the intervention. For response and remission, OR/RR>1 favors the intervention.

Table 6  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. active psychological intervention or 
drug condition in children/adolescents (only significant differences are reported) (continued)

the primary efficacy outcome and functioning (social skills train­
ing, and behavioral therapy with imitative component). These 
benefits are not only observed vs. waiting list, but also against 
other active interventions. Given the different outcomes that 
these treatment modalities target, a variety of therapeutic tools 
can be considered, according to the patient’s and family’s re­
sources, needs and choice, as well as the disease course and the 
presence of environmental stressors.

For depressive disorders in youth, fluoxetine is the only evi­
dence-based pharmacological option. All other medications do 
not improve depression vs. placebo, but placebo effects are con­
siderable. Imipramine, nortriptyline, and likely also venlafaxine 
should be avoided, given poor acceptability, tolerability and safety. 
As an alternative to medications, interpersonal therapy is the only 
psychosocial intervention outperforming placebo. The combina­
tion of CBT with fluoxetine also outperformed placebo on the pri­
mary efficacy outcome, and was superior to either monotherapy.

For enuresis, imipramine is the most effective pharmaco­
logical intervention. It can be combined with oxybutynin to 
maximize efficacy. However, due to the potential problems with 
tolerability of this medication in youth, psychosocial interven­
tions should be tried first, including especially alarm behavioral 
therapy, that is supported by the largest body of evidence. No 
difference emerges among different types of alarms, and alarm 
maintains its efficacy after stopping the intervention86.

For obsessive-compulsive disorder, fluoxetine and SSRIs as a 

class should be considered the first-line pharmacological treat­
ment. Among psychosocial interventions, CBT and behavioral 
therapy with exposure and response prevention are effective op­
tions. If fluoxetine/SSRIs are ineffective, a switch to psychosocial 
interventions should be performed, and vice versa71.

For anxiety disorders, fluoxetine and fluvoxamine are ev­
idence-based pharmacological treatment strategies. Among 
psychosocial interventions, CBT – and in particular group CBT 
– should be offered as first-line treatment, likely before medica­
tions, given the large effect size and broad beneficial effect even 
vs. placebo in children and adolescents.

For disruptive behavior/dissocial/conduct disorders, risperi­
done emerges as the most effective pharmacological agent, but 
different types of behavioral treatment (including parent train­
ing) should be regarded as the first-line treatment options118,119.

For anorexia nervosa in children and adolescents, family thera­
py is the intervention supported by the most significant evidence.

For schizophrenia spectrum disorders, antipsychotic treatment 
is the cornerstone of treatment. All tested antipsychotics, except 
for ziprasidone, have broadly similar superior efficacy vs. placebo, 
with olanzapine and risperidone being the most effective, and lu­
rasidone/aripiprazole a more tolerable treatment option102. Ide­
ally, starting with safer medications minimizing the risk of adverse 
events and maximizing adherence is a recommended strategy14.

For bipolar disorder, little meta-analytic evidence is available 
overall. For mania, the only positive data are available for aripipra­
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Table 7  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. mixed control conditions in 
children/adolescents (only significant differences are reported)

Outcome Intervention Effect size (95% CI) Control
Number of RCTs/

patients Q

Attention-deficit/hyperactivity disorder (ADHD)

Efficacy (mixed-rated) BI SMD=–0.55 (–0.77 to –0.32) WL/AC/LIP 6/333 L

Efficacy (probably blinded rater) COG TR SMD=–0.20 (–0.40 to –0.01) Mixed 11/566 L

Efficacy (most proximal rater) COG TR SMD=–0.37 (–0.66 to –0.09) Mixed 14/727 L

BT SMD=–0.35 (–0.50 to –0.19) Mixed 19/1,430 L

Efficacy (teacher-rated) ST SMD=–0.26 (–0.52 to –0.01) Mixed 6/615 L

Efficacy (parent-rated) BT-Parental SMD=–0.65 (–1.05 to –0.25) TAU/WL/LIP 8/399 L

ST SMD=–0.56 (–0.74 to –0.38) Mixed 10/934 L

Aggressive behavior BI SMD=–0.40 (–0.71 to –0.10) Mixed 5/350 L

Functioning: academic ST SMD=–0.33 (–0.51 to –0.14) Mixed 7/695 L

BT SMD=–0.28 (–0.59 to –0.06) Mixed 9/817 L

Efficacy (most proximal rater) Neurofeedback SMD=–0.35 (–0.59 to –0.11) Mixed 13/540 M

Efficacy (parent-rated) Neurofeedback SMD=–0.32 (p=0.013) Mixed 16/706 L

Autism spectrum disorder

Efficacy: socialization (mixed-rated) PCIT SMD=–0.22 (–0.36 to –0.09) Mixed 13/846 L

Efficacy: language (mixed-rated) PCIT SMD=–0.16 (–0.31 to –0.02) Mixed 13/785 L

Efficacy: language comprehension  
(parent-rated)

PCIT SMD=–0.29 (–0.56 to –0.01) Mixed 3/204 L

Anxiety (clinician-rated) CBT SMD=–1.05 (–1.65 to –0.45) TAU/WL 6/208 L

Anxiety (parent-rated) CBT SMD=–1.00 (–1.80 to –0.21) TAU/WL 7/283 L

Aggressive behavior PCIT SMD = –0.67 (–0.85 to –0.49) Mixed 9/521 L

Functioning: shared/joint attention ST-ToM SMD=–0.55 (–0.99 to –0.11) TAU/WL 2/88 L

PCIT SMD=–0.41 (–0.68 to –0.14) Mixed 3/215 L

Functioning: social skills SST-Computer SMD=–0.93 (–1.29 to –0.57) TAU/WL 5/138 L

SST SMD=–0.83 (–1.07 to –0.60) TAU/WL 18/1,266 L

SST-Face to face SMD=–0.81 (–1.08 to –0.53) TAU/WL 14/1,128 L

Functioning: parent synchrony PCIT SMD=–0.90 (–1.23 to –0.56) Mixed 3/244 L

Global illness severity PCIT SMD=–0.30 (–0.52 to –0.08) Mixed 6/316 L

Irritability PCIT SMD=–0.59 (–0.88 to –0.30) Mixed 8/653 L

Depressive disorders

Efficacy (mixed- rated) CBT SMD=–0.53 (–0.82 to –0.24) Mixed 11/809 M

Oppositional defiant disorder (ODD)

Efficacy (mixed-rated) BI SMD=–0.79 (–0.93 to –0.64) WL/AC 17/NR L

Tourette’s disorder

Efficacy (clinician-rated) BT SMD=–0.64 (–0.99 to –0.29) WL/LIP 2/133 L

Disruptive behavior/dissocial/conduct disorders (with or without ADHD)

Efficacy: ADHD
symptoms (mixed- rated)

BI SMD=–0.34 (–0.64 to –0.05) WL/AC 11/518 L

Efficacy: ADHD symptoms (parent-rated) BI SMD=–0.68 (–0.91 to –0.44) WL/AC 5/322 L

Efficacy: externalizing (mixed-rated) BI SMD=–0.52 (–0.68 to –0.36) WL/AC 10/881 L
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Outcome Intervention Effect size (95% CI) Control
Number of RCTs/

patients Q

Efficacy: ODD
symptoms (mixed- rated)

BI SMD=–0.88 (–1.24 to –0.51) WL/AC 10/335 L

Efficacy: ODD symptoms (parent-rated) BI SMD=–0.81 (–1.20 to –0.42) WL/AC 4/199 L

Aggressive behavior BI SMD=–0.28 (–0.46 to –0.10) WL/AC 18/794 L

Cognition: attention BI SMD=–0.38 (–0.52 to –0.23) WL/AC 15/588 L

Functioning BI SMD=–0.39 (–0.52 to –0.26) WL/AC 22/1,027 L

RCTs – randomized controlled trials, SMD – standardized mean difference, WL – waiting list, AC – active control, TAU – treatment as usual, LIP – low intensity 
psychosocial intervention, Q – quality (H – high, M – medium, L – low), BT – behavioral therapy, CBT – cognitive behavioral therapy, COG TR – cognitive 
training, BI – combination of  parental and child behavioral interventions, ST – skills training, PCIT – parent-child interaction therapy, SST – social skills training, 
ST-ToM – skills training: precursors of  Theory of  Mind, NR – not reported. SMDs<0 indicate that intervention is more effective than control.

Table 7  Efficacy and effectiveness of  pharmacological, psychosocial and brain stimulation interventions vs. mixed control conditions in chil-
dren/adolescents (only significant differences are reported) (continued)

zole, yet lithium is also an evidence-based treatment based on 
RCT evidence120. For bipolar depression, only quetiapine is superi­
or to placebo, and only on a single outcome, namely global illness 
severity, but not on the primary symptom outcome. This finding 
is different from adults121, and at least partially due to the larger 
placebo effects in youth. Our umbrella review did not include 
lurasidone and olanzapine/fluoxetine combination, as no meta-
analysis has been conducted on them, but these are evidence-
based options to treat bipolar depression in youth based on single 
RCTs122,123, which led to their approval by the US Food and Drug 
Administration for bipolar depression in children and adolescents.

The available evidence presented in this umbrella review is 
not equally large across individual disorders, and also across 
monotherapies with pharmacological or psychosocial interven­
tions. Even less meta-analytic data are available for head-to-head 
studies, within and across treatment modalities, and regarding 
combination treatments. Furthermore, little meta-analytic evi­
dence exists on treatment-resistant youth with a given mental 
disorder. This is concerning, as early illness onset and disrup­
tion of healthy development may portend poorer response and 
outcomes, requiring information on non-responding conditions 
after first- and second-line treatments have been tried.

Among the 104 included meta-analyses, virtually none re­
ported data on long-term treatment or relapse prevention. This is 
problematic, as most of these disorders are chronic and require 
long-term treatment.

This umbrella review clearly shows that large effect sizes 
emerge for psychosocial interventions when they are compared 
with waiting list or no treatment, where no placebo or expecta­
tion of study effect diminishes the treatment effect size. However, 
when those treatments are compared against psychological pla­
cebo or minimally active controls, significant effects either dimin­
ish in magnitude or disappear. This finding is relevant for indirect 
comparisons with pharmacological trials, in which the use of pla­
cebo makes the effect size appear smaller. The much greater dif­
ficulty of blinding treatment assignment in psychosocial trials is 
also to be taken into account. The risk of inflated effect sizes due 
to weak and methodologically flawed comparators (e.g., waiting 

list, no intervention) is that such interventions might be preferred 
to other superior treatments, delaying response and remission121.

The results from this umbrella review should be considered 
within its limitations. First, we only considered evidence that was 
evaluated quantitatively via MAs/NMAs. This approach has ex­
cluded data from RCTs that have not (yet) been meta-analyzed. 
In particular, Internet-based psychosocial interventions, whose 
development has been recent and which may be particularly fa­
vored by youth125,126, have not been sufficiently covered.

Second, we focused mainly on efficacy outcomes, while choic­
es need to be made considering both efficacy and tolerability/
safety. However, we included all-cause discontinuation as a glob­
al acceptability measure, as well as discontinuation due to intol­
erability as a core tolerability outcome, because these two events 
are typically measured and reported across both pharmacological 
and non-pharmacological treatment modalities. Detailed toler­
ability outcomes of pharmacological interventions in youth with 
mental disorders, that can be used to complement the present 
work on efficacy, have been recently published in this journal14. 
Such detailed data are not generally reported for psychosocial in­
terventions, which is currently a major unmet need127.

Third, as mentioned above, most meta-analytic evidence 
concerns the acute and short-term treatment effects, and much 
more data are required regarding the efficacy and safety of long-
term and relapse prevention interventions for mental disorders 
in youth. Fourth, most evidence is available for monotherapy 
and vs. placebo/no treatment, although combination and aug­
mentation treatments across and within pharmacological and 
psychosocial treatment modalities are commonly used in clinical 
practice, in youth as well as in adults128. Fifth, although 14 of the 
104 included meta-analyses were NMAs that allow for direct and 
indirect head-to-head comparisons, most data were not derived 
from direct comparisons of active treatments, limiting the confi­
dence with which comparative treatment choices can be made.

Sixth, since design, population and illness characteristics, as 
well as choice of control groups and blinding methods influence 
effect sizes, and these characteristics often differ substantially be­
tween pharmacological and non-pharmacological trials, indirect 
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comparisons of effect sizes across these treatment modalities 
need to be interpreted with caution. To overcome this limitation, 
more head-to-head comparisons and combination trials need to 
be conducted both within and across treatment modalities. Fi­
nally, we focused on those disorders that are most common and 
studied in youth, maximizing the chance of finding meta-analyt­
ic evidence, but other mental conditions could also be of interest.

Despite these limitations, inherent in the umbrella review 
methodology and available RCT data, this study provides the 
most comprehensive account of the available RCT evidence con­
cerning pharmacological, psychosocial and brain stimulation 
interventions for the main psychiatric disorders in childhood 
and adolescents. The large body of literature reviewed here can 
inform future research aimed at addressing identified gaps, as 
well as current clinical care and guidelines regarding the choice 
of interventions for mental health conditions in youth, merging 
state-of-the-art efficacy and acceptability data with information 
on tolerability and safety.
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Internalizing psychopathology and all-cause mortality: a comparison 
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Previous studies have documented the utility of a transdiagnostic internalizing factor in predicting important future outcomes (e.g., subsequent  
mental disorder diagnoses). To date, however, no study has investigated whether an internalizing factor predicts mortality risk. Also, while pre­
vious studies of mortality risk have emphasized its associations with particular internalizing disorders, no study has assessed how the transdiag­
nostic internalizing factor vs. disorder-specific variance differently predict that risk. The primary aims of this study were to explore: a) whether 
the internalizing factor predicts mortality risk, b) whether particular internalizing psychopathologies uniquely predict mortality risk over and 
beyond the transdiagnostic internalizing factor, and c) whether there is a significant interaction of internalizing with self-reported health in 
the prediction of mortality risk. We utilized a large national sample of American adults from the Midlife in the United States (MIDUS), a lon­
gitudinal study that examined midlife development of individuals across multiple waves between 1995 and 2015. Data were analyzed for the 
6,329 participants who completed the phone interview and self-administered questionnaire in MIDUS 1 (1995-1996) and were then followed 
up until October 31, 2015 or until death. To investigate the association between internalizing and mortality risk, we used the semi-parametric 
proportional hazards Cox model, where survival time was regressed on a latent internalizing factor. Overall findings indicate that a transdi­
agnostic internalizing factor significantly predicts mortality risk over a 20-year period (hazard ratio, HR=1.12, 95% CI: 1.05-1.16, p<0.01) and 
that internalizing outperforms disorder-specific variance (e.g., depression-specific variance) in the prediction of that risk. Further, there was a 
significant interaction between transdiagnostic internalizing and self-reported health, whereby internalizing psychopathology had a specific 
association with early death for individuals with excellent self-reported health condition (HR=1.50, 95% CI: 1.17-1.84, p<0.05). This highlights 
the clinical utility of using the transdiagnostic internalizing factor for prediction of an important future outcome, and supports the argument 
that internalizing psychopathology can be a meaningful liability to explore in public health practice.

Key words: Internalizing factor, mortality, transdiagnostic prediction, diagnosis-based prediction, major depressive disorder, generalized anx
iety disorder, panic disorder, neuroticism

(World Psychiatry 2021;20:276–282)

Numerous studies have reported that individuals with depres-
sive or anxiety symptoms are at higher risk of experiencing vari-
ous negative physical health conditions subsequently, compared 
with individuals without those symptoms. For example, depres-
sive symptoms are associated with greater decline in physical 
performance in the later stages of life1, increased risk of develop-
ing various forms of cardiovascular disease2,3, and excessive risk 
of developing some forms of cancer4. Furthermore, childhood 
separation anxiety symptoms predict poor physical health in lat-
er stages of development5; generalized anxiety disorder (GAD) 
symptoms are associated with risk for coronary heart disease6; 
and GAD and post-traumatic stress disorder symptoms longitu-
dinally predict shorter leukocyte telomere length (a biomarker 
for age-related diseases)7.

Not surprisingly, a number of studies have reported the as-
sociation of depression and/or anxiety with a higher risk of 
mortality8-10. For example, using survival analysis, a study inves-
tigated mortality rate in a large Danish population-based cohort 
(N=5,103,699), reporting that individuals with unipolar depres-
sion had a higher risk of early death11. Several studies also found 
that individuals with anxiety symptoms were exposed to a higher 
risk of premature death12,13. Additionally, some studies have 
indicated that individuals with a higher level of neuroticism, a 
personality trait with a close relation to mood and anxiety disor-
ders14, also have a higher mortality risk15,16.

Although informative, a major limitation of prior research is 
that it mainly focused on how particular categorical diagnostic 
constructs were associated with mortality risk, while there has 
been growing evidence supporting the value of a dimensional 
conceptualization of psychopathology17-21. According to this latter 
approach, each mental disorder can be conceptualized as a mani-
festation of relatively few underlying transdiagnostic dimensions, 
which account for the co-occurrence among various disorders 
(i.e., comorbidity). For example, major depressive disorder (MDD) 
and GAD tend to co-occur more frequently than it is expected by 
chance22. This may indicate that they are highly correlated through 
the transdiagnostic internalizing factor. Indeed, numerous studies 
have reported that the internalizing factor accounts for the com-
monalities among various mood and anxiety disorders22-25.

This framework provides the opportunity to investigate how 
the transdiagnostic internalizing factor, compared to particular 
forms of internalizing pathology (e.g., diagnostic categories), is 
associated with mortality risk26. A few prior studies have sug-
gested a possible association of the common variance among 
various internalizing disorders with that risk15,27,28. For exam-
ple, Mirza et al27 reported that the relationship between anxiety 
symptoms and mortality risk was no longer significant after ad-
justing for comorbid depressive symptoms. This finding seems 
to suggest that it is the common variance that anxiety shares with 
depression which leads to higher mortality, and that the anxiety 
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disorder-specific variance may not predict mortality risk mean-
ingfully once comorbid depression is controlled for.

There are several advantages of using the transdiagnostic in-
ternalizing factor as a predictor. Previous research has shown 
notable structural invariance of internalizing across different 
samples29, high long-term stability of internalizing over time30, 
and notable predictive validity for important future outcomes 
(e.g., subsequent mental disorder diagnoses)30-32. Given these 
findings, transdiagnostic internalizing could be a reliable and 
strong predictor of mortality risk.

It is also probable that the anticipated relationship between 
transdiagnostic internalizing and mortality risk is moderated by 
other factors. A possible moderator is one’s self-reported health, 
given some prior studies suggesting that the association of de-
pression and neuroticism with mortality risk varied depending 
on one’s self-reported health condition11,15.

Taking all the research discussed above into consideration, 
major limitations of the prior literature are that: a) no study has 
investigated whether or not a transdiagnostic internalizing di-
mension meaningfully predicts mortality risk, and b) previous 
studies have focused on the associations of individual diagnostic 
constructs with that risk, leaving it unclear whether these con-
structs have a general or a specific and unique association with 
early mortality8,9,11,28,33. This underscores the necessity to com-
pare the prediction of mortality risk from various internalizing 
disorders’ shared variance (i.e., transdiagnostic internalizing) 
versus the specific (unique) variance of each disorder, to ascer-
tain which is a more robust predictor.

The primary aims of the current study were: a) to investigate 
whether the transdiagnostic internalizing factor predicts mortal-
ity risk in a longitudinal probability sample of American adults, 
b) to compare the utility of the transdiagnostic internalizing fac-
tor versus disorder-specific variance in the prediction of that risk, 
and c) to examine whether self-rated physical health moderates 
the association between internalizing and early mortality.

METHODS

Participants

This study utilized a large national sample of American adults 
from the Midlife in the United States (MIDUS)34, which is a lon-
gitudinal study examining midlife development of individuals 
across multiple waves. Our study initially utilized information 
on the 7,108 participants who were recruited in the initial sur-
vey at MIDUS 1 (1995-1996). In order to be included in the final 
sample, participants needed to complete the MIDUS 1 phone in-
terview and self-administered questionnaire, which yielded the 
final analytic sample of 6,329 individuals (mean age: 46.77±12.92 
years; 52.64% females; 88.04% White, 4.90% African American).

These individuals were followed up until October 31, 2015 
or until death. A total of 1,234 people were deceased during the 
study period (i.e., from 1995 to 2015). The mean survival time for 
all participants was 19.23±4.16 years. The mean survival time for 
decedents was 11.50±5.28 years.

Measures

To model a transdiagnostic internalizing factor, we included 
continuous symptom scores for MDD, GAD, panic disorder and 
neuroticism. Past 12-month MDD, GAD and panic disorder 
symptoms were measured using the Composite International 
Diagnostic Interview - Short Form (CIDI-SF) version 10, whose 
good diagnostic reliability and validity have been reported by 
numerous studies35-37. Neuroticism was assessed using the rel-
evant subscale of the Midlife Development Inventory Personal-
ity Scales, whose internal consistency has been found to be good 
(Cronbach’s alpha = .74)38.

We chose six covariates based on the following criteria: a) 
whether a given covariate had been previously identified to likely 
influence mortality risk, and b) whether there was a large enough 
response rate for a given covariate (more than 6,000 responses). 
Based on these criteria, the six covariates chosen were: age (a 
standardized variable), age squared, sex (a binary variable), edu-
cation level (ranged from 1 to 12, with larger numbers indicating 
higher educational levels), experienced severe health condition 
(a continuous variable ranged from 0 to 3, where higher scores 
indicate more severe physical health condition), and heart dis-
ease family risk (a binary variable).

Analyses

To investigate the association between the transdiagnostic 
internalizing factor and mortality risk, we used the semi-para-
metric proportional hazards Cox model. This model makes few-
er assumptions about the distribution of survival time than do 
parametric models (e.g., Weibull, exponential models), enabling 
one to estimate regression coefficients and hazard ratios (HRs) 
even though the baseline hazard is not specified. This advantage 
makes it a practical and reasonable choice.

To model the transdiagnostic internalizing factor, we used 
confirmatory factor analysis (CFA), including four indicators 
(MDD, GAD, panic disorder, and neuroticism) assessed at MI-
DUS 1. This internalizing model (estimated from these same 
data and indicator variables) was previously identified as invari-
ant across the different age cohorts and stable over time39. After 
modeling internalizing, we saved the factor scores to include 
them in the main Cox regression model.

The factor score approach may raise an issue of factor indeter-
minacy. In order to mitigate this concern, we further checked the 
factor determinacy index, which was calculated by the correla-
tion between the estimated and true factor scores (ranging from 0 
to 1; the higher the better representation of the true factor scores).

We performed survival analyses using maximum likelihood 
estimation with robust standard errors (MLR), with the latent 
internalizing variable standardized to have a variance of 1 and 
a mean of 0. All analyses were performed in Mplus version 8.0.

In order to compare the predictive validity of internalizing 
versus disorder-unique variance, we parameterized an explicit 
residual variance factor for each of the three internalizing dis-
orders and neuroticism (i.e., the unique variance remaining in 
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each indicator after the common variance is accounted for by 
the latent internalizing variable). We then saved the factor scores 
from transdiagnostic internalizing and the four construct residu-
al factors, and regressed survival time on both internalizing and 
the residual factor scores simultaneously.

RESULTS

The key assumption that Cox regression poses is that each 
predictor’s multiplicative effect on the hazards function remains 
constant over time (proportional hazards assumption)40,41. We 
tested this assumption by assessing time-by-covariates interac-
tion, which has been proven to be powerful for detecting non-
proportionality42. This method involved creating the interaction 
term of internalizing x survival function time, including it in a 
Cox model with internalizing, and testing the significance of the 
interaction term. The result showed that the interaction term 
was not significant (HR=1.01, 95% CI: 0.99-1.01), indicating that 
the proportional hazards assumption was met.

We first examined how each of the four indicators assessed at 
MIDUS 1 (MDD, GAD, panic disorder, and neuroticism) was as-
sociated with mortality risk by use of hierarchical regression. A set 
of four two-stage hierarchical regression models were conducted 
where all covariates were entered at stage 1 and each of the indi-
cators was entered one at a time at stage 2. Results showed that 
MDD, GAD and neuroticism significantly predicted mortality risk 
in this framework, while panic disorder did not (see Table 1).

We then explored whether the transdiagnostic internalizing 
factor predicted mortality risk. Our CFA model of internalizing 
showed an excellent fit to the data: root mean square error of ap-
proximation (RMSEA) = .008; comparative fit index (CFI) = .999; 
Tucker-Lewis index (TLI) = .998. The factor determinacy index 
for our CFA model was .78, which mirrored the recommended 
threshold of 0.80 to indicate that a model is “adequate for most 
scientific purposes”43. The Cox regression analysis showed that 

internalizing significantly and positively predicted mortality risk 
(HR=1.12, 95% CI: 1.05-1.16, p<0.01), after adjusting for age, age 
squared, sex, education level, experienced severe health condi-
tion, and heart disease family risk (see Table 2).

In order to compare the prediction of mortality risk from in-
ternalizing disorders’ shared variance (i.e., transdiagnostic inter-
nalizing) and disorder-specific variance, we regressed mortality 
on internalizing and the residual variance of MDD, GAD, panic 
disorder and neuroticism simultaneously in the Cox regression 
framework (see Figure 1). The results showed that internaliz-
ing significantly predicted mortality risk across all analyses (HR 
ranged from 1.11 to 1.14), while MDD (HR=1.02, 95% CI: 0.98-
1.06), GAD (HR=1.01, 95% CI: 0.94-1.09), panic (HR=0.94, 95% 
CI: 0.88-1.00), and neuroticism (HR=1.02, 95% CI: 0.92-1.12) re-
siduals did not (see Table 3).

We then examined how the initial associations of MDD, GAD 
and neuroticism with mortality risk (panic disorder did not sig-
nificantly predict that risk) were attenuated when adjusting for 
internalizing. Compared with the hierarchical regression analy-
sis results, the comparative predictive validity analysis showed 
that the degrees to which MDD, GAD and neuroticism predicted 
mortality risk were attenuated, respectively, by 67.2%, 86.9% and 
87.1%, when their shared variance captured in internalizing was 
accounted for.

To explore whether the association between internalizing and 
mortality risk was moderated by individuals’ self-reported health 
condition, we created an interaction term and included it in our Cox 
regression model following the method use by Gale et al15. We then 
compared the models with and without the interaction term. Re-
sults showed that the Bayesian information criterion (BIC) was low-
er for the model with the interaction term included (BIC=10622.6) 
than for the model without the interaction term (BIC=10635.3). BIC 
differences of 10 between two models indicate 150:1 posterior odds 
in favor of the model with superior (lower) BIC.

Given the statistical significance of the interaction term, we 
further analyzed the association of internalizing with mortal-

Table 1  Hierarchical regression analysis of  individual internalizing pathologies predicting mortality risk (regression coefficients with 95% CI)

Stage 1 Stage 2

MDD GAD PAN NEURO

Age 8.39 (8.19-8.59)*** 8.69 (8.49-8.89)*** 8.52 (8.32-8.73)*** 8.47 (8.27-8.67)*** 8.66 (8.45-8.86)***

Age squared 0.94 (0.66-1.21) 0.94 (0.66-1.21) 0.94 (0.66-1.21) 0.94 (0.66-1.21) 0.94 (0.66-1.20)

Sex 0.75 (0.63-0.88)*** 0.74 (0.62-0.86)*** 0.75 (0.63-0.87)*** 0.75 (0.63-0.87)*** 0.75 (0.63-0.87)***

Education level 0.82 (0.76-0.88)*** 0.82 (0.76-0.88)*** 0.82 (0.76-0.88)*** 0.82 (0.76-0.88)*** 0.82 (0.76-0.88)***

Experienced physical illness 1.52 (1.45-1.60)*** 1.51 (1.43-1.58)*** 1.52 (1.44-1.59)*** 1.52 (1.44-1.59)*** 1.50 (1.43-1.58)***

Heart disease family risk 1.23 (1.12-1.35)** 1.23 (1.12-1.35)** 1.23 (1.12-1.35)** 1.23 (1.12-1.35)** 1.23 (1.12-1.35)**

MDD 1.06 (1.02-1.09)**

GAD 1.08 (1.02-1.15)*

PAN 1.03 (0.96-1.09)

NEURO 1.12 (1.02-1.21)*

MDD – major depressive disorder, GAD – generalized anxiety disorder, PAN – panic disorder, NEURO – neuroticism
*p<0.05, **p<0.01, ***p<0.001
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ity risk stratified by self-rated physical health level (5-point scale 
ranged from poor to excellent, with 5 being excellent). Results 
showed that internalizing significantly predicted mortality risk 
specifically among individuals whose self-reported physical 
health was excellent (HR=1.50, 95% CI: 1.17-1.84, p<0.05), but not 
in individuals with poorer self-rated physical health (see Table 4).

DISCUSSION

Internalizing and mortality risk

The primary aim of our study was to investigate the associa-
tion between a transdiagnostic internalizing factor and mor-
tality risk. Our findings show that higher levels of internalizing 
pathology are associated with a significantly increased mortal-
ity risk, even after adjusting for covariates known to affect that 
risk (e.g., age, sex, education level, heart disease family risk, ex-
perienced severe health condition). There was a 12.3% increase 
in mortality rate for every 1-standard deviation unit increment 

in the internalizing factor level. These findings are consistent 
with the previously reported close link between individual 
internalizing disorders and high mortality rates8-11,28,33,44, but 
our study is the first to demonstrate that it is a transdiagnostic 
internalizing factor that predicts mortality risk, rather than the 
variance that is unique to MDD, GAD, panic, or neuroticism.

There are several possible explanations for why mortality 
rates are greater in individuals with higher levels of internaliz-
ing. One pathway is via maladaptive coping. Given that individ-
uals with high internalizing experience frequent negative affect, 
they may attempt to manage their negative emotions via un-
healthy coping, such as heavy drinking or drug abuse. Indeed, 
an internalizing pathway model has been proposed45, in which 
early and persistent internalizing symptoms lead individuals to 
use substances as a means of coping. Issues with substance and 
alcohol abuse tend to emerge after trauma exposure46, which 
also has additive negative effects on mental and physical health.

It is also possible that internalizing predicts mortality risk 
through physical inactivity. People with internalizing psycho-
pathology tend to be physically inactive47,48, which can lead to 
adverse physical health outcomes, eventually resulting in high 
mortality rates. Indeed, a number of prior studies indicated that 
physical inactivity is one of the main risk factors for cardiovascu-
lar disease49-51, and that engaging in regular activity can mean-
ingfully reduce the risk of premature death52,53.

In addition, people with high levels of internalizing are more 
likely to experience various adverse life outcomes, such as unem-
ployment54, marital discord55,56, poor social functioning57,58, and 
poor quality of life57,59, which may play a role as mediating factors 
in the relationship between internalizing and high mortality risk.

The superior predictive validity of the transdiagnostic 
internalizing factor

Contrary to the underlying assumption of traditional diagnos-
tic systems that each mental disorder is a discrete entity, many 
internalizing disorders co-occur more frequently than expected 

Figure 1  Comparative predictive validity analysis. Arrows flowing from the latent internalizing factor to its indicators represent factor loadings, 
which were all statistically significant at p<0.001. The arrow leading from internalizing to survival time represents the hazard ratio of the Cox re-
gression model, which was significant at p<0.01. Arrows leading from each of the residual variance to survival time represent the hazard ratios of 
each Cox regression model, which were all non-significant. MDD – major depressive disorder, GAD – generalized anxiety disorder, PAN – panic 
disorder, NEURO – neuroticism, R = residual variance.

Table 2  Results for Cox regression models of  the effect of  change in 
internalizing on mortality risk

Predictor Hazard ratio (95% CI)

Age 5.50 (5.29-5.71)***

Age squared 0.95 (0.75-1.16)

Sex 1.28 (1.18-1.37)***

Education level 0.86 (0.81-0.91)***

Experienced physical illness 1.37 (1.31-1.44)***

Heart disease family risk 1.18 (1.09-1.28)***

Internalizing 1.12 (1.05-1.16)**

AIC 10588.07

BIC 10635.26

AIC – Akaike information criterion, BIC – Bayesian information criterion
**p<0.01, ***p<0.001
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by chance. A significant relationship between a particular in-
ternalizing disorder and high mortality risk can be attributed 
to that disorder’s unique variance or to the common variance 
that the disorder shares with other internalizing disorders (i.e., 
the transdiagnostic internalizing factor). To our knowledge, our 
study is the first to explore which of these two sources more sig-
nificantly predicts mortality risk. Our findings show that, once 
the commonalities among the individual diagnostic constructs 
are accounted for by the internalizing factor, the unique variance 
that is specific to each construct no longer predicts mortality risk 
meaningfully. The significant associations between particular 
internalizing pathologies and mortality risk reported in prior 
studies may be therefore largely attributed to an underlying in-
ternalizing factor.

Of note, internalizing accounted for 34.93% of the variance in 
MDD (i.e., 65.07% of the variance was MDD-specific), 24.21% in 
GAD (i.e., 75.79% of the variance was GAD-specific), 25.81% in 
panic disorder (i.e., 74.19% of the variance was panic disorder-

specific), and 23.91% in neuroticism (i.e., 76.09% of the variance 
was neuroticism-specific). Nevertheless, none of those disorder-
specific variances significantly predicted mortality risk.

It is worth further speculating about why mortality risk was 
mainly predicted by the commonalities among the internalizing 
pathologies rather than by the residual variance of each internal-
izing construct. Previous studies that looked at the stability of 
various diagnostic constructs reported a long-term instability of 
mood and anxiety disorders60-62. Given the transitory nature of 
these pathologies, one’s particular internalizing disorder symp-
toms may not be a strong predictor of long-term outcomes. By 
contrast, a transdiagnostic internalizing dimension has high 
temporal stability and structural invariance over time29,30, thus 
being a more reliable prospective predictor of long-term out-
comes such as death.

It was especially notable to find the insignificant association 
between neuroticism residual variance and mortality risk, after 
the common variance was saturated by the internalizing fac-

Table 3  Results of  the comparative predictive validity analysis (hazard ratios with 95% CI)

Models

Internalizing vs. MDD Internalizing vs. GAD Internalizing vs. PAN Internalizing vs. NEURO

Age 5.48 (5.28-5.69)*** 5.49 (5.28-5.71)*** 5.47 (5.26-5.69)*** 5.50 (5.29-5.72)***

Age squared 0.95 (0.74-1.17) 0.95 (0.75-1.17) 0.95 (0.74-1.17) 0.95 (0.75-1.17)

Sex 1.27 (1.18-1.37)*** 1.27 (1.18-1.37)*** 1.27 (1.17-1.37)*** 1.28 (1.18-1.38)***

Education level 0.86 (0.81-0.92)*** 0.86 (0.81-0.92)*** 0.86 (0.81-0.92)*** 0.86 (0.81-0.92)***

Experienced physical illness 1.37 (1.31-1.44)*** 1.38 (1.31-1.44)*** 1.37 (1.31-1.43)*** 1.37 (1.31-1.43)***

Heart disease family risk 1.18 (1.09-1.28)*** 1.18 (1.09-1.28)*** 1.18 (1.09-1.28)*** 1.18 (1.09-1.28)***

Internalizing 1.11 (1.03-1.18)** 1.12 (1.04-1.20)** 1.14 (1.07-1.22)*** 1.12 (1.05-1.20)**

MDD residual 1.02 (0.98-1.06)

GAD residual 1.01 (0.94-1.09)

PAN residual 0.94 (0.88-1.00)

NEURO residual 1.02 (0.92-1.12)

MDD – major depressive disorder, GAD – generalized anxiety disorder, PAN – panic disorder, NEURO – neuroticism
**p<0.01, ***p<0.001

Table 4  Results for Cox regression models of  the effect of  change in internalizing on mortality risk stratified by self-rated physical health 
(hazard ratios with 95% CI)

Excellent health 
(N=1,217)

Very good health 
(N=2,506)

Good health  
(N=2,386)

Fair health  
(N=796)

Poor health 
(N=192)

Age 7.86 (7.21-8.51)*** 2.59 (2.36-2.83)*** 2.69 (2.50-2.87)*** 2.28 (2.04-2.53)*** 1.86 (1.57-2.15)***

Age squared 1.16 (0.54-1.78) 0.98 (0.72-1.23) 1.09 (0.87-1.32) 0.91 (0.63-1.20) 0.77 (0.43-1.12)

Sex 1.11 (0.81-1.4) 1.14 (1.04-1.24)** 1.14 (1.05-1.22)** 1.22 (1.10-1.34)** 1.07 (0.88-1.26)

Education level 0.88 (0.75-1.02) 0.92 (0.82-1.02) 0.86 (0.77-0.95)** 0.97 (0.85-1.09) 1.02 (0.84-1.19)

Experienced physical illness 1.54 (1.33-1.75)*** 1.06 (1.00-1.13)* 1.19 (1.11-1.26)*** 1.19 (1.07-1.31)** 1.23 (1.03-1.44)*

Heart disease family risk 1.54 (1.26-1.82)** 1.03 (0.93-1.13) 1.12 (1.03-1.20)** 1.05 (0.94-1.16) 1.01 (0.83-1.18)

Internalizing 1.50 (1.17-1.84)* 1.04 (0.93-1.14) 1.04 (0.93-1.16) 1.04 (0.89-1.19) 0.82 (0.59-1.06)

*p<0.05, **p<0.01, ***p<0.001
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tor. While a number of prior studies have reported a significant 
connection between neuroticism and mortality risk15,16,28, our 
findings indicate that such significant effects may be largely ac-
counted for by the common variance that neuroticism shares 
with other internalizing pathologies, and that neuroticism itself 
may not be a consistent predictor of mortality risk63.

The significant interaction between internalizing and 
self-rated health condition

Of note, the meaningful association between internalizing 
and mortality risk was moderated by one’s self-reported health 
condition. That is, internalizing predicted mortality risk in indi-
viduals whose self-reported physical health was excellent, but 
not in individuals with poorer self-reported health. Individuals 
with excellent self-rated physical health are exposed to a 50.2% 
increase in the risk of premature death for every 1-standard de-
viation unit increment in the internalizing level, after adjusting 
for other covariates.

This significant interaction between internalizing and self-
reported health indicates that internalizing psychopathology 
may not confer additional risk of early death to those with poor 
physical health. However, if individuals are currently physically 
healthy, then internalizing psychopathology is more likely to 
have an effect on mortality risk. This is in line with prior findings 
that the association between individual internalizing pathologies 
and mortality risk was moderated by one’s self-reported health 
condition11,15. It is likely that self-reported health is a strong pre-
dictor of mortality, closely covarying with internalizing in our 
study.

Limitations

The current study was not without limitations. First, we in-
cluded only four internalizing indicators (MDD, GAD, panic 
disorder, and neuroticism), since they were the only internaliz-
ing pathologies assessed in MIDUS 1. Future research needs to 
replicate our findings by including other internalizing disorder 
indicators. Second, the study was unable to test the association 
of a transdiagnostic externalizing factor with mortality risk, given 
that sufficient indicators were not available to model an external-
izing factor in MIDUS. Third, although our final Cox regression 
model adjusted for many covariates, we were unable to control 
for some other covariates also known to influence mortality 
risk (e.g., body mass index, smoking status), due to large miss-
ing values for those variables. Fourth, given that the information 
regarding causes of death was not available in MIDUS, the cur-
rent study was unable to further investigate the degree to which 
internalizing predicts mortality risk differently depending on the 
various causes of death. Last, our study included a binary sex 
variable as one of the covariates: future research could further 
explore how the association of internalizing with mortality risk 
differs in non-binary individuals.

CONCLUSIONS

Our study is the first to identify the role of the transdiagnos-
tic internalizing factor in predicting the risk of early death. Re-
sults show that one’s level of internalizing meaningfully predicts 
mortality risk over a 20-year period, and that internalizing out-
performs disorder-specific variance in the prediction of that risk. 
Moreover, the significant interaction between internalizing and 
physical health indicates that the former dimension is more like-
ly to have an effect on early death for currently physically healthy 
individuals.

These findings highlight the clinical utility of using the trans-
diagnostic internalizing factor for prediction of an important 
future outcome, and support the argument that internalizing 
psychopathology can be a meaningful liability to incorporate 
into intervention and prevention research, and to explore in 
public health practice.

APPENDIX

The members of the Hierarchical Taxonomy of Psychopathology (HiTOP) Util-
ity Workgroup include: Christopher C. Conway (Fordham University), Anna R. 
Docherty (University of Utah), Michael Dretsch (Walter Reed Army Institute of 
Research), Kelsie T. Forbush (University of Kansas), Vina M. Goghari (Univer-
sity of Toronto), Kristian E. Markon (University of Iowa), Stephanie N. Mullins-
Sweatt (Oklahoma State University), Brady Nelson (Stony Brook University), 
Thomas M. Olino (Temple University), and Tim Slade (University of Sydney).
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The effects of psychotherapies for depression have been examined in several hundreds of randomized trials, but no recent network meta-analysis 
(NMA) has integrated the results of these studies. We conducted an NMA of trials comparing cognitive behavioural, interpersonal, psychodynamic, 
problem-solving, behavioural activation, life-review and “third wave” therapies and non-directive supportive counseling with each other and 
with care-as-usual, waiting list and pill placebo control conditions. Response (50% reduction in symptoms) was the primary outcome, but we 
also assessed remission, standardized mean difference, and acceptability (all-cause dropout rate). Random-effects pairwise and network meta-
analyses were conducted on 331 randomized trials with 34,285 patients. All therapies were more efficacious than care-as-usual and waiting list 
control conditions, and all therapies – except non-directive supportive counseling and psychodynamic therapy – were more efficacious than pill 
placebo. Standardized mean differences compared with care-as-usual ranged from –0.81 for life-review therapy to –0.32 for non-directive sup-
portive counseling. Individual psychotherapies did not differ significantly from each other, with the only exception of non-directive supportive 
counseling, which was less efficacious than all other therapies. The results were similar when only studies with low risk of bias were included. 
Most therapies still had significant effects at 12-month follow-up compared to care-as-usual, and problem-solving therapy was found to have a 
somewhat higher long-term efficacy than some other therapies. No consistent differences in acceptability were found. Our conclusion is that the 
most important types of psychotherapy are efficacious and acceptable in the acute treatment of adult depression, with few significant differences 
between them. Patient preference and availability of each treatment type may play a larger role in the choice between types of psychotherapy, 
although it is possible that a more detailed characterization of patients with a diagnosis of depression may lead to a more precise matching 
between individual patients and individual psychotherapies.

Key words: Depression, psychotherapy, network meta-analysis, cognitive behavioural therapy, behavioural activation therapy, problem-
solving therapy, interpersonal psychotherapy, psychodynamic therapy, life-review therapy, “third wave” therapies
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Depressive disorders are common1, costly2,3, have a strong 
impact on quality of life of patients4, and are associated with con-
siderable morbidity and mortality5. Next to antidepressants, psy-
chotherapies are first-line treatments for depression, and both 
treatments are effective6,7.

Cognitive behavioural therapy (CBT) is the most examined 
type of psychotherapy for depression8, but several other types of 
psychotherapy have also been tested in multiple trials, including 
interpersonal, psychodynamic, life-review, problem-solving, be-
havioural activation and “third wave” therapies and non-directive 
supportive counseling. For all these therapies, there is evidence of 
efficacy in comparison with care-as-usual and waiting list9.

Head-to-head comparisons of different types of psychotherapy 
indicate no significant differences between them10. However, these 
findings should be considered with caution, because more than 
70% of trials in this field have considerable risk of bias9. Further-
more, almost all comparative outcome trials are heavily under-
powered11.

Only one network meta-analysis (NMA) has examined simul-
taneously the effects of different psychotherapies for depression7, 
confirming the comparable effects of these therapies versus con-
trol conditions. However, this previous NMA is outdated (only 
studies up to 2012 were included, and a considerable number 

of trials has been conducted since then) and did not examine 
acceptability of treatments. Also, the number of trials with low 
risk of bias was small and has substantially increased since then. 
Long-term outcomes of psychotherapies have also not yet been 
examined in an NMA. Furthermore, the methodology of NMAs 
has been developed considerably in the past few years, with more 
sophisticated techniques.

We decided, therefore, to conduct a new NMA examining the 
efficacy and acceptability of the main types of psychotherapy for 
adult depression compared to care-as-usual, waiting list and pill 
placebo.

METHODS

Identification and selection of studies

The protocol for the current NMA has been registered at the 
Open Science Foundation (https://osf.io/nxvye). We used a 
database of studies on psychotherapies for depression12 which 
is continuously updated and covered the period from 1966 to 
January 1, 2020. For this database, we searched four major bib-
liographic sources (PubMed, PsycINFO, EMBASE and Cochrane 



284� World Psychiatry 20:2 - June 2021

Library) by combining terms for depression and psychothera-
pies, with filters for randomized controlled trials (the full search 
string in PubMed is provided in the supplementary information). 
We also checked the references of earlier meta-analyses.

All records were screened by two independent researchers, 
and all papers potentially meeting inclusion criteria according to 
one of the researchers were retrieved as full text. The decision to 
include or exclude a study in the database was also done by the 
two independent researchers, and disagreements were solved 
through discussion.

We included randomized trials in which one of eight major 
types of psychotherapy for adult depression was compared with 
another major type of psychotherapy or one of three types of 
control conditions: waiting list, care-as-usual, and pill placebo. 
The definitions of the eight major types of psychotherapy were 
developed by experts in the field, based on the critical reading 
and analysis of therapies described in comparative outcomes tri-
als of psychotherapy for depression10.

The therapies that were examined were: CBT, behavioural 
activation therapy, problem-solving therapy, “third wave” ther-
apies, interpersonal psychotherapy, psychodynamic therapy, 
non-directive supportive counseling, and life-review therapy. 
The classification of psychotherapies was made by two inde-
pendent raters. Any disagreement was resolved through discus-
sion of the two and/or in consultation with the first author. Each 
of these major types of psychotherapy was examined in at least 
ten trials comparing the therapy with a control condition.

Depression could be established by a diagnostic interview 
or by a score above a cutoff on a validated self-report measure. 
Studies of comorbid mental or physical disorders were includ-
ed. Studies on inpatients were excluded13, as were maintenance 
treatment studies. Psychotherapies could be delivered individu-
ally, in groups, by telephone, or as guided Internet-based treat-
ment. Unguided interventions were excluded, because they have 
been found to be less effective than interventions with human 
contact between a patient and a therapist14.

Quality assessment

We evaluated the included studies using four criteria of the 
Risk of Bias assessment tool developed by the Cochrane Col-
laboration15: adequate generation of allocation sequence; con-
cealment of allocation to conditions; prevention of knowledge 
of the allocated intervention (masking of assessors); and dealing 
with incomplete outcome data. Assessment of risk of bias was 
conducted by two independent researchers, and disagreements 
were solved through discussion. A study was rated as low overall 
risk of bias when all four items were rated as low risk of bias.

Outcome measures

Treatment response, defined as a reduction of at least 50% in 
depressive symptomatology, was chosen as the primary outcome. 

When not reported, we imputed response rates using a validated 
method16. Patients randomized but not included in the analyses 
of responders in the original reports were assumed to be non-re-
sponders and included in the current analyses in order to abide 
the intention-to-treat principle.

The time point for the primary outcome was the end of the 
psychotherapy. When more than one depression measure was 
used in a study, we selected one outcome using an algorithm 
(see supplementary information). When a study included two 
or more arms of the same type of psychotherapy (e.g., individ-
ual and group CBT), the outcome data were pooled so that each 
study had only one outcome for one type of therapy.

We also calculated remission rates. For the selection of defini-
tions of remission, we used the following hierarchy: a) no diag-
nosis of major depressive disorder; b) scoring below a specific 
cutoff score; c) other (e.g., significant change). In addition, we 
calculated the standardized mean difference (SMD) between 
conditions for the studies that reported means, standard devia-
tions and number of patients at baseline and post-test, or the 
change score between baseline and post-test. Acceptability of 
the treatments was operationalized as all-cause dropout rate.

Pairwise meta-analyses

We conducted pairwise meta-analyses for all comparisons, 
using a random effects model. To quantify heterogeneity, we cal-
culated the I2-statistic with 95% confidence intervals (CIs)17. We 
tested for small study effects with Egger’s test18.

Network meta-analyses

The comparative effectiveness was evaluated using the NMA 
methodology via combining direct and indirect evidence for all 
relative treatment effects. First, we summarized the geometry of 
the network of evidence using network plots19. Second, the NMA 
for assessing the comparative efficacy or acceptability was con-
ducted using contrast-based methods. Comparative odds ratios 
(ORs) and SMDs were reported with their 95% CIs. The ranking 
of treatment formats was estimated according to the “surface un-
der the cumulative ranking” (SUCRA), based on the estimated 
multivariate random effects models19.

The statistical examination of the transitivity assumption was 
conducted using tests of local and global inconsistency20. We 
also implemented meta-regression analyses to evaluate the in-
fluence of small study effects involving the study-specific vari-
ances as a covariate21.

Further, we evaluated the heterogeneity in the network with 
tau-squared in comparison with empirically derived evidence22,23, 
and conducted a multivariate meta-regression analysis to exam-
ine possible sources of heterogeneity with core characteristics of 
the studies.

We performed several sensitivity analyses: a) analyses with 
only studies with low risk of bias; b) analyses excluding life-re-
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view therapy (this is only used in older adults, and may violate 
the transitivity assumption); and c) analyses in which studies 
with pill placebo were excluded (because in these studies pa-
tients could also be randomized to antidepressant medication, 
which may violate the transitivity assumption as well).

We assessed the certainty of evidence in network estimates 
of the main outcome in accordance with the Grading of Rec-
ommendations Assessment, Development, and Evaluation 
(GRADE) framework.

The main analyses were conducted in Stata/SE 14.2 for Mac, 
except the meta-regression analyses examining small sample 
bias, which were conducted in OpenBUGS 3.2.3. The GRADE 
ratings were performed in CINeMA24.

RESULTS

Selection and inclusion of studies

After examining 24,647 abstracts (18,217 after removal of du-
plicates), we retrieved 2,914 full-text papers, of which 2,583 were 
excluded. The PRISMA flow chart is presented in Figure 1. A total 

of 331 randomized controlled trials (with 34,285 patients) met 
inclusion criteria.

Characteristics and risk of bias of included studies

The aggregated characteristics of the 331 included studies are 
presented in Table 1. Most studies were aimed at adults in gen-
eral (145; 43.8%). In 179 studies (54.1%), participants met crite-
ria for a depressive disorder according to a diagnostic interview, 
while the other studies (152; 45.9%) included participants who 
scored above a cutoff on a self-rating depression scale.

CBT was examined in the majority of studies (211 trials; 
63.7%), while the other therapies were examined in 13 (3.9%; 
life-review) to 42 (12.7%; non-directive supportive counseling) 
studies. Care-as-usual control condition was used in 158 studies 
(47.7%), waiting list in 112 studies (33.8%), and pill placebo in 10 
studies (3.0%). Most interventions had an individual treatment 
format (145; 43.8%), 75 used a group format (22.7%), 58 used 
guided self-help (17.5%), and 53 used a mixed or another format 
(16.0%). Most studies were conducted in North America (134; 
40.5%) and Europe (124; 37.5%).

Figure 1  PRISMA flow chart for inclusion of studies
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A total of 184 studies reported adequate sequence generation 
(55.6%), 157 reported allocation to conditions by an independ-
ent party (47.4%), 105 reported using blinded outcome assessors 
(31.7%), and 195 used only self-report outcomes (58.9%). Intent-
to-treat analyses were conducted in 209 studies (63.1%). The risk of 
bias was low (total score: 4) in 102 studies (30.8%), moderate (total 
score: 2 or 3) in 148 studies (44.7%), and high (total score: 0 or 1) in 
81 studies (24.4%).

Network plot

The network plot for response (Figure 2) indicated a well-
connected network, with no stand-alone node. CBT was the best 
examined therapy and was connected to all other nodes (except 
life-review therapy). Non-directive supportive counseling was 
also connected to most other nodes. The other therapies were 
not connected well with each other. All therapies were connect-
ed to care-as-usual and waiting list, but not to pill placebo.

Table 1  Aggregated characteristics of  the included studies (N=331)

N %

Recruitment Community 148 44.7

Clinical 86 26.0

Other 97 29.3

Target group Adults in general 145 43.8

Older adults 14 4.2

Students 32 9.7

Perinatal depression 30 9.1

General medical disorder 67 20.2

Other specific group 43 13.0

Diagnosis Depressive disorder 179 54.1

Scoring above cutoff 152 45.9

Conditions Cognitive behavioural therapy 211 63.7

Behavioural activation therapy 36 10.9

Problem-solving therapy 33 10.0

“Third wave” therapies 29 8.8

Interpersonal psychotherapy 35 10.6

Psychodynamic therapy 21 6.3

Non-directive supportive counseling 42 12.7

Life-review therapy 13 3.9

Care-as-usual 158 47.7

Waiting list 112 33.8

Pill placebo 10 3.0

Number of  conditions 
per study

Two 296 89.4

Three 32 9.7

Four 3 0.9

Format Individual 145 43.8

Group 75 22.7

Guided self-help 58 17.5

Mixed/other 53 16.0

Number of  sessions <8 114 34.4

8-12 154 46.5

>12 63 19.0

Country North America 134 40.5

Europe 124 37.5

Australia 23 6.9

Other 50 15.1

Risk of  bias Adequate sequence generation 184 55.6

Concealment of  allocation to 
conditions

157 47.4

Masking of  assessors 105 31.7

N %

Intention-to-treat analysis 209 63.1

Risk of bias total score Low (4) 102 30.8

Moderate (2 or 3) 148 44.7

High (0 or 1) 81 24.4

Table 1  Aggregated characteristics of  the included studies (N=331) 
(continued)

Figure 2  Network plot for response. 3WV – third wave therapies, BAT –  
behavioural activation therapy, CAU – care-as-usual, CBT – cognitive 
behavioural therapy, DYN – psychodynamic therapy, IPT – interper-
sonal psychotherapy, LRT – life-review therapy, PLA – pill placebo, 
PST – problem-solving therapy, SUP – non-directive supportive coun-
seling, WL – waiting list
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Pairwise meta-analyses

In pairwise meta-analyses (see Table 2), all therapies were 
more efficacious than care-as-usual (except psychodynamic 
therapy) and waiting list (except non-directive supportive coun-
seling and psychodynamic therapy). There were no significant 
differences between therapies, except that non-directive sup-
portive counseling was less efficacious than CBT, problem-solv-
ing therapy, and psychodynamic therapy.

Although heterogeneity was low in most comparisons, several 
comparisons (especially involving care-as-usual or non-direc-
tive supportive counseling) had an I2 above 50%.

Network meta-analyses

The main results of the NMA are presented in Tables 3 to 6. 
The results for response indicate that all therapies are more effi-
cacious than care-as-usual and waiting list, with few significant 
differences between therapies. Only non-directive supportive 
counseling was less efficacious than all other therapies, with ORs 
ranging between 0.49 to 0.65. All therapies, except non-directive 
supportive counseling and psychodynamic therapy, were also 
more efficacious than pill placebo. The results for remission and 
SMD are very similar to those for response. Only the results for pill 
placebo differ considerably, potentially related to the small num-
ber of studies.

The acceptability of all therapies (except interpersonal psy-
chotherapy and life-review therapy) was significantly lower than 
waiting list, with ORs ranging between 0.49 to 0.67. Psychody-
namic therapy was significantly less acceptable than care-as-
usual (OR=0.64). No significant differences for acceptability were 
found between any of the therapies.

The global tau-squared was 0.19 for response. The design-by-
treatment interaction model indicated global inconsistency in 
the network (p for the null hypothesis of consistency in the net-
work <0.01). Consistency factors were examined using the loop 
specific approach. Considerable inconsistency was found: out of 
60 loops, four showed significant inconsistency.

Because of the global inconsistency in the network, we searched 
for the sources of trial-level influential factors by a bootstrapping 
method25. Through the bootstrap-based evaluation, 37 trials were 
detected as influential outliers. After excluding these outliers, 
global inconsistency was no longer significant (p for the null hy-
pothesis of consistency in the network = 0.11; global tau-squared: 
0.03). The results of the NMA after excluding these outliers were 
similar to the main analyses (see supplementary information).

Except for some comparisons mainly involving active inter-
ventions versus waiting list (CBT, behavioural activation therapy, 
“third wave” therapies, interpersonal psychotherapy, psychody-
namic therapy, and life-review therapy vs. waiting list, and behav-
ioural activation therapy vs. care-as-usual) which had moderate 
certainty, all the estimates were rated as low to very low certainty 
of evidence (see supplementary information).

Table 2  Pairwise meta-analyses: efficacy of  psychotherapies compar
ed with each other and with control conditions

N OR 95% CI I2

CBT BAT 12 0.97 0.74-1.26 0

PST 4 1.00 0.61-1.61 23

3WV 8 0.96 0.67-1.36 0

IPT 8 0.98 0.62-1.54 57

DYN 7 0.92 0.68-1.23 0

SUP 20 0.74 0.58-0.95 15

CAU 75 0.47 0.39-0.56 60

WL 77 0.25 0.20-0.30 43

PLA 4 0.48 0.30-0.76 20

BAT PST 2 0.71 0.18-2.87 43

3WV 3 0.85 0.43-1.68 0

DYN 1 0.74 0.25-2.18

SUP 2 0.31 0.06-1.75 29

CAU 13 0.33 0.20-0.56 46

WL 9 0.18 0.11-0.32 2

PLA 1 0.34 0.15-0.81

PST IPT 1 0.37 0.13-1.03

SUP 5 0.38 0.25-0.57 0

LRT 1 0.51 0.18-1.50

CAU 10 0.37 0.19-0.73 77

WL 13 0.47 0.29-0.76 51

PLA 3 0.65 0.36-1.19 57

3WV CAU 7 0.23 0.09-0.60 63

WL 15 0.30 0.20-0.45 39

IPT SUP 5 0.64 0.32-1.29 20

CAU 17 0.42 0.26-0.68 69

WL 3 0.20 0.10-0.40 0

PLA 2 0.46 0.23-0.91 0

DYN SUP 3 0.34 0.12-0.97 58

CAU 5 0.77 0.52-1.12 0

WL 1 0.16 0.01-3.85

SUP LRT 1 3.60 0.34-38.30

CAU 8 0.56 0.41-0.77 0

WL 3 0.43 0.09-2.12 0

LRT CAU 6 0.06 0.03-0.13 0

WL 6 0.35 0.22-0.56 1

CAU WL 3 0.54 1.09-2.71 46

Bold prints highlight significant differences. OR – odds ratio, CBT – cognitive  
behavioural therapy, BAT – behavioural activation therapy, PST – problem- 
solving therapy, 3WV – “third wave” therapies, IPT – interpersonal 
psychotherapy, DYN – psychodynamic therapy, SUP – non-directive support 
counseling, LRT – life-review therapy, CAU – care-as-usual, WL – waiting list, 
PLA – pill placebo
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Table 3  Network meta-analyses: response in psychotherapies compared with each other and with control conditions

CBT

1.20
(0.90-1.61)

BAT

0.99
(0.75-1.31)

0.83
(0.57-1.20)

PST

1.02
(0.76-1.38)

0.85
(0.58-1.25)

1.03
(0.70-1.51)

3WV

1.00
(0.76-1.31)

0.83
(0.57-1.22)

1.00
(0.70-1.44)

0.98
(0.66-1.45)

IPT

0.89
(0.62-1.29)

0.74
(0.47-1.17)

0.90
(0.58-1.40)

0.88
(0.55-1.40)

0.90
(0.58-1.39)

DYN

0.58
(0.45-0.75)

0.49
(0.34-0.70)

0.59
(0.42-0.82)

0.57
(0.39-0.84)

0.59
(0.42-0.83)

0.65
(0.43-0.99)

SUP

1.47
(0.87-2.49)

1.23
(0.68-2.20)

1.48
(0.85-2.60)

1.45
(0.81-2.60)

1.48
(0.83-2.63)

1.65
(0.88-3.10)

2.52
(1.43-4.45)

LRT

0.43
(0.37-0.50)

0.36
(0.26-0.48)

0.43
(0.33-0.57)

0.42
(0.31-0.58)

0.43
(0.33-0.56)

0.48
(0.33-0.69)

0.73
(0.56-0.96)

0.29
(0.17-0.49)

CAU

0.28
(0.24-0.34)

0.24
(0.17-0.32)

0.29
(0.21-0.38)

0.28
(0.21-0.38)

0.28
(0.21-0.39)

0.32
(0.21-0.47)

0.48
(0.36-0.65)

0.19
(0.11-0.32)

0.66
(0.54-0.81)

WL

0.53
(0.34-0.83)

0.44
(0.26-0.74)

0.53
(0.34-0.85)

0.52
(0.30-0.89)

0.53
(0.32-0.88)

0.59
(0.33-1.05)

0.91
(0.55-1.50)

0.36
(0.18-0.71)

1.24
(0.78-1.97)

1.87
(1.17-3.00)

PLA

Values are odds ratios (OR) with 95% confidence intervals. OR<1 means that the row-defining intervention is less efficacious than the column-defining 
intervention. Bold prints highlight significant differences. CBT – cognitive behavioural therapy, BAT – behavioural activation therapy, PST – problem-solving 
therapy, 3WV – “third wave” therapies, IPT – interpersonal psychotherapy, DYN – psychodynamic therapy, SUP – non-directive supportive counseling,  
LRT – life-review therapy, CAU – care-as-usual, WL – waiting list, PLA – pill placebo

Table 4  Network meta-analyses: acceptability of  psychotherapies compared with each other and with control conditions

CBT

1.07
(0.78-1.46)

BAT

1.05
(0.79-1.40)

0.99
(0.66-1.47)

PST

0.99
(0.69-1.42)

0.93
(0.59-1.46)

0.94
(0.61-1.46)

3WV

0.92
(0.68-1.24)

0.86
(0.57-1.30)

0.87
(0.59-1.28)

0.93
(0.59-1.46)

IPT

1.38
(0.99-1.92)

1.29
(0.84-1.99)

1.31
(0.85-2.00)

1.39
(0.86-2.25)

1.50
(0.98-2.29)

DYN

1.04
(0.76-1.42)

0.98
(0.65-1.47)

0.99
(0.68-1.44)

1.05
(0.66-1.67)

1.13
(0.77-1.68)

0.76
(0.49-1.17)

SUP

0.82
(0.49-1.39)

0.77
(0.43-1.40)

0.78
(0.45-1.36)

0.83
(0.45-1.53)

0.90
(0.50-1.61)

0.60
(0.33-1.10)

0.79
(0.44-1.41)

LRT

0.89
(0.77-1.03)

0.83
(0.61-1.13)

0.84
(0.63-1.13)

0.89
(0.62-1.30)

0.97
(0.73-1.28)

0.64
(0.46-0.90)

0.85
(0.62-1.17)

1.08
(0.64-1.83)

CAU

0.67
(0.56-0.80)

0.63
(0.44-0.88)

0.63
(0.47-0.85)

0.67
(0.47-0.96)

0.73
(0.52-1.02)

0.49
(0.33-0.70)

0.64
(0.45-0.90)

0.81
(0.49-1.35)

0.75
(0.60-0.94)

WL

1.38
(0.84-2.27)

1.30
(0.73-2.29)

1.31
(0.75-2.30)

1.39
(0.76-2.56)

1.50
(0.86-2.62)

1.00
(0.57-1.76)

1.33
(0.75-2.36)

1.68
(0.82-3.43)

1.56
(0.94-2.59)

2.07
(1.23-3.49)

PLA

Values are odds ratios (OR) with 95% confidence intervals. OR<1 means that the row-defining intervention is more acceptable than the column-defining 
intervention. Bold prints highlight significant differences. CBT – cognitive behavioural therapy, BAT – behavioural activation therapy, PST – problem-solving 
therapy, 3WV – “third wave” therapies, IPT – interpersonal psychotherapy, DYN – psychodynamic therapy, SUP – non-directive supportive counseling,  
LRT – life-review therapy, CAU – care-as-usual, WL – waiting list, PLA – pill placebo



World Psychiatry 20:2 - June 2021� 289

The results of the SUCRA are shown in Table 7, separately for 
response, remission, SMD and acceptability. Life-review and be
havioural activation therapy ranked highest for response and 
SMD; behavioural activation and problem-solving therapy ranked 
highest for remission; while non-directive supportive counseling 
and psychodynamic therapy ranked lowest for response, remis-
sion and SMD. Psychodynamic therapy ranked lowest for accept-
ability, while life-review and interpersonal psychotherapy ranked 
highest.

Sensitivity and meta-regression analyses

In the sensitivity analyses in which we only included stud-
ies with low risk of bias, we found outcomes comparable to the 
main analyses. Only the differences between non-directive sup-
portive counseling and most other therapies were no longer sig-
nificant, and non-directive supportive counseling was no longer 
significantly better than care-as-usual and waiting list. The other 
sensitivity analyses resulted in no materially different outcomes 
from the main analyses.

In meta-regression analyses, only five predictors were found 
to be statistically significant (diagnosed depressive disorder for 
CBT vs. interpersonal psychotherapy, and CBT vs. waiting list; 
number of sessions for CBT vs. behavioural activation therapy; 
Western vs. non-Western countries for CBT vs. care-as-usual; 

and risk of bias for CBT vs. behavioural activation therapy) (see 
supplementary information). Because of their correlational na-
ture and the large number of analyses conducted, these findings 
should be interpreted with caution.

In the meta-regression analysis to assess the influences of 
small study effects, the overall results were comparable with the 
main analysis.

Long-term effects

We conducted an NMA with the 90 studies that reported out-
comes for response at 12 (±6) months after randomization (see 
Table 7). The results indicated that CBT, behavioural activation 
therapy, problem-solving therapy, interpersonal psychotherapy, 
and psychodynamic therapy had significant effects compared 
with care-as-usual at follow-up. The same therapies, except be-
havioural activation therapy, had also significant effects com-
pared to waiting list. Problem-solving therapy was significantly 
more effective than CBT, “third wave” therapies and non-directive 
supportive counseling at follow-up. Interpersonal psychotherapy 
was also significantly more effective than non-directive support-
ive counseling at follow-up.

Only nine studies reported outcomes at more than 18 months af-
ter randomization. Because of the small number of studies and dif-
ferent periods, we did not conduct any analyses with these studies.

Table 5  Network meta-analyses: remission in psychotherapies compared with each other and with control conditions

CBT

1.14
(0.79-1.63)

BAT

1.10
(0.78-1.56)

0.97
(0.61-1.54)

PST

1.03
(0.69-1.54)

0.90
(0.55-1.49)

0.93
(0.56-1.55)

3WV

0.88
(0.63-1.23)

0.78
(0.49-1.24)

0.80
(0.51-1.27)

0.86
(0.52-1.44)

IPT

0.74
(0.52-1.06)

0.65
(0.41-1.05)

0.67
(0.42-1.08)

0.72
(0.43-1.22)

0.84
(0.53-1.33)

DYN

0.59
(0.42-0.83)

0.52
(0.33-0.82)

0.54
(0.35-0.83)

0.58
(0.35-0.96)

0.67
(0.44-1.02)

0.80
(0.52-1.23)

SUP

0.71
(0.33-1.52)

0.63
(0.27-1.43)

0.65
(0.29-1.42)

0.69
(0.30-1.59)

0.81
(0.36-1.82)

0.96
(0.42-2.19)

1.20
(0.53-2.73)

LRT

0.35
(0.29-0.43)

0.31
(0.21-0.45)

0.32
(0.22-0.46)

0.34
(0.22-0.53)

0.40
(0.29-0.55)

0.47
(0.33-0.68)

0.60
(0.42-0.82)

0.49
(0.23-1.07)

CAU

0.25
(0.20-0.32)

0.22
(0.15-0.33)

0.23
(0.16-0.33)

0.25
(0.16-0.37)

0.29
(0.15-0.42)

0.34
(0.22-0.52)

0.43
(0.29-0.63)

0.36
(0.17-0.74)

0.72
(0.54-0.96)

WL

0.58
(0.33-1.52)

0.51
(0.27-0.99)

0.53
(0.30-0.93)

0.57
(0.28-1.13)

0.66
(0.35-1.24)

0.78
(0.42-1.48)

0.98
(0.52-1.86)

0.82
(0.32-2.07)

1.65
(0.92-2.96)

2.30
(1.26-4.19)

PLA

Values are odds ratios (OR) with 95% confidence intervals. OR<1 means that the row-defining intervention is less efficacious than the column-defining 
intervention. Bold prints highlight significant differences. CBT – cognitive behavioural therapy, BAT – behavioural activation therapy, PST – problem-solving 
therapy, 3WV – “third wave” therapies, IPT – interpersonal psychotherapy, DYN – psychodynamic therapy, SUP – non-directive supportive counseling, LRT – 
life-review therapy, CAU – care-as-usual, WL – waiting list, PLA – pill placebo
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DISCUSSION

In this NMA, we compared the effects of the eight most com-
mon types of psychotherapy for depression with each other 
and with major control conditions in 331 controlled trials. We 

found that all therapies had significant effects compared to care-
as-usual and waiting list control condition. The effects of the 
therapies did not differ significantly from each other, except for 
non-directive supportive counseling, that was less effective than 
all the other types of therapy. These results were broadly con-
firmed in a series of sensitivity analyses.

These findings are in line with previous meta-analytic re-
search on psychotherapies for depression7,10. However, in con-
trast to previous meta-analyses, we could include a considerable 
number of studies with low risk of bias, which broadly confirmed 
the main results of this NMA.

Non-directive supportive counseling was less effective than 
the other therapies, but these findings were no longer significant 
when we only included studies with low risk of bias. This is in 
line with previous meta-analytic work26. However, these findings 
may be related to the fact that, in many studies, counseling was 
used as a control condition, and therapists may not have deliv-
ered optimal treatments.

Life-review therapy was not included in previous meta-
analyses, because the number of studies was too small. This 
psychotherapy is mostly used in older adults, but it has also been 
used successfully in cancer patients27,28, and it could very well 
be used in other populations without general medical disorders. 
Because of the small number of studies and the low quality of 
most of them, more research is clearly needed. However, life-re-
view therapy can be considered a promising intervention that is 
probably efficacious in depression.

Overall, the findings of this NMA suggest that all psychothera-
pies that were examined, except non-directive supportive coun-

Table 7  Ranking of  psychotherapies and control conditions according 
to the “surface under the cumulative ranking” (SUCRA) for response, 
standardized mean difference (SMD), remission and acceptability

Response SMD Remission Acceptability

Cognitive behavioural 
therapy

64.0 72.8 75.1 48.4

Behavioural activation 
therapy

85.2 82.1 86.3 39.1

Problem-solving therapy 62.9 67.2 83.5 40.8

“Third wave” therapies 66.5 75.7 76.3 51.1

Interpersonal  
psychotherapy

64.6 52.0 62.3 62.1

Psychodynamic therapy 52.8 49.2 46.3 10.0

Non-directive  
supportive counseling

26.6 30.8 30.5 42.3

Life-review therapy 93.1 87.1 46.5 72.5

Care-as-usual 12.0 14.5 10.7 71.8

Waiting list 0.0 1.10 0.2 97.2

Pill placebo 22.3 17.4 32.2 14.6

Table 8  Long-term response to psychotherapies compared with each other and control conditions

CBT

0.97
(0.62-1.52)

BAT

1.69
(1.08-2.66)

1.75
(0.97-3.14)

PST

0.77
(0.46-1.30)

0.80
(0.43-1.49)

0.46
(0.23-0.90)

3WV

1.35
(0.92-1.99)

1.40
(0.78-2.49)

0.80
(0.45-1.41)

1.75
(0.93-3.31)

IPT

1.02
(0.63-1.66)

1.05
(0.55-2.02)

0.60
(0.32-1.14)

1.32
(0.65-2.67)

0.75
(0.41-1.38)

DYN

0.78
(0.56-1.09)

0.81
(0.46-1.40)

0.46
(0.27-0.79)

1.01
(0.55-1.86)

0.58
(0.36-0.94)

0.76
(0.44-1.33)

SUP

0.90
(0.19-4.33)

0.93
(0.18-4.75)

0.53
(0.10-2.71)

1.16
(0.22-6.05)

0.67
(0.13-3.33)

0.88
(0.17-4.52)

1.15
(0.24-5.48)

LRT

0.59
(0.50-0.70)

0.61
(0.39-0.96)

0.35
(0.23-0.53)

0.76
(0.45-1.29)

0.43
(0.30-0.63)

0.58
(0.36-0.93)

0.75
(0.54-1.06)

0.65
(0.14-3.15)

CAU

0.49
(0.29-0.83)

0.51
(0.26-1.01)

0.29
(0.15-0.58)

0.63
(0.31-1.29)

0.36
(0.19-0.69)

0.48
(0.24-0.98)

0.63
(0.34-1.16)

0.55
(0.11-2.69)

0.84
(0.48-1.44)

WL

Values are odds ratios (OR) with 95% confidence intervals. OR<1 means that the row-defining intervention is less efficacious than the column-defining 
intervention. Bold prints highlight significant differences. CBT – cognitive behavioural therapy, BAT – behavioural activation therapy, PST – problem-solving 
therapy, 3WV – “third wave” therapies, IPT – interpersonal therapy, DYN – psychodynamic therapy, SUP – non-directive supportive counseling, LRT – life-
review therapy, CAU – care-as-usual, WL – waiting list, PLA – pill placebo
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seling, are efficacious and can be used in routine care. The fact 
that all psychotherapies can be efficacious means that, when 
choosing a therapy, patient’s preferences can have a prominent 
role. Mental health professionals need to facilitate access to evi-
dence-based updated information about the effects of treatment 
interventions and to involve patients more in their day-to-day 
care, with a focus on carefully acknowledging the risk and out-
lining potential effects while managing expectations29. It is pos-
sible that a more detailed characterization of each patient with 
a diagnosis of depression may lead to a more precise matching 
between individual patients and individual psychotherapies30.

One important finding of this study is that several psychother-
apies still have significant effects at one-year follow-up, including 
CBT, behavioural activation therapy, problem-solving therapy, 
interpersonal psychotherapy, and psychodynamic therapy. We 
also found that problem-solving therapy may be somewhat more 
efficacious than some other therapies at follow-up, although 
this should be considered with caution, because of the relatively 
small number of studies and the considerable risk of bias in most 
studies. It is important for clinicians and patients that therapies 
work considerably longer than the therapy lasts.

In a recent NMA published in this journal31, combined psy-
chotherapy and pharmacotherapy was more effective than ei-
ther of them alone in achieving response, also in chronic and 
treatment-resistant depression. Combined treatment and psy-
chotherapy alone were also more acceptable than pharmaco-
therapy. Combined treatments seem therefore to be the best 
choice for patients with moderate to severe depression.

This study has several important strengths, but also some limi
tations. One strength is the large number of trials (N=331) that 
could be included. This is the largest NMA ever conducted in 
psychotherapies for depression. Although most studies were fo-
cused on CBT, care-as-usual and waiting list, we have sufficient 
studies comparing most other therapies and control conditions 
with each other. One important limitation is that the proportion 
of studies with low risk of bias was still relatively small (30.8%), 
although this was enough to conduct sensitivity analyses. An-
other important limitation is that we found some discrepancies 
between direct and indirect evidence, and only after excluding 
outliers the direct and indirect evidence pointed in the same di-
rection. A final limitation is that only a relatively small number of 
trials reported longer-term outcomes, which makes these effects 
uncertain.

Despite these limitations, we can conclude that the most im-
portant types of psychotherapy, including CBT, behavioural acti-
vation therapy, problem-solving therapy, “third wave” therapies, 
interpersonal psychotherapy, psychodynamic therapy and life-
review therapy, can be effective and acceptable in the treatment 
of adult depression, with no significant differences between 
them.
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Explaining the missing heritability of psychiatric disorders

Evidence from family, twin and adoption studies indicates that 
psychiatric disorders are substantially heritable. Heritability is 
usually expressed as the proportion of trait variance attributable 
to additive genetic factors (narrow sense heritability: h2). The h2 
estimates for schizophrenia, attention-deficit/hyperactivity disor-
der, autism spectrum disorder and bipolar disorder are all >0.66, 
and are substantial for a range of other psychiatric conditions1.

This evidence has motivated the application of increasingly 
sophisticated genomic approaches, including genome-wide as-
sociation studies (GWAS) and next generation sequencing, that 
have identified a large number of genetic risk factors across a 
range of psychiatric conditions2. These studies revealed that 
psychiatric disorders are highly polygenic, with the major com-
ponent of the heritability captured so far coming from common 
alleles (population frequency >0.01) detected in GWAS.

While this is extremely encouraging, and has set up an empiri-
cal platform upon which future progress towards precision psy-
chiatry can be built2, estimates of h2 accounted for by the genetic 
variants identified in GWAS have always been substantially lower 
than the estimates of h2 from family, twin and adoption studies. 
This shortfall is not a peculiarity of psychiatric disorders; it is also 
seen in many polygenic diseases and traits, and has been termed 
the “missing heritability”.

Three main explanations for this missing heritability have 
been proposed3,4. First, it is possible that the estimates of h2 from 
family, twin and adoption studies were inflated due to confound-
ing factors such as shared environment. Second, estimates of h2 
from genomic studies may be deflated as they do not account for 
non-additive genetic effects such as dominance and gene-gene 
interactions. Finally, it may be the case that many risk alleles 
have simply not been identified by GWAS, either because their 
effects are too small or because they are too uncommon.

While all of these hypotheses remain plausible, the last one 
has received support from recent studies of polygenic traits and 
diseases, suggesting that many causal variants remain uniden-
tified. In order to understand this, a brief explanation of GWAS 
is required. These studies involve genotyping single nucleotide 
polymorphisms (SNPs) that are common in the population (typi-
cally 500,000 - 1 million SNPs with a population frequency >5%). 
Because common SNPs tend to be correlated with their neigh-
bours – a phenomenon known as linkage disequilibrium (LD) 
– the genotypes of additional SNPs can be inferred through a sta-
tistical process known as “imputation”. This greatly increases the 
number of SNPs available to GWAS (typically >10 million SNPs 
with a population frequency >1%). When researchers seek as-
sociations in GWAS, they need to correct for the large number 
of statistical tests by taking a stringent threshold for statistical 
significance (known as genome-wide significance). This greatly 
reduces the occurrence of false positives, but at the expense of 
causing many real associations to be missed.

Early studies that revealed the missing heritability focused only 
on SNPs that met genome-wide significance. Subsequent studies 

have shown that more accurate and larger estimates of h2 can be 
obtained by considering all available SNPs together, including im-
puted as well as directly genotyped SNPs, and by using data from 
reference samples that have undergone whole-genome sequenc-
ing (WGS) to allow better imputation of rare variants.

When these approaches are implemented, the proportion of 
h2 that is captured increases to around one- to two-thirds of that 
expected in polygenic traits and diseases4, with h2 estimates for 
schizophrenia, bipolar disorder and autism being 0.23, 0.25 and 
0.17, respectively5. This indicates that a proportion of the miss-
ing heritability was carried by SNPs that currently lie below the 
genome-wide significance threshold and also those that were in-
sufficiently correlated with common SNPs to allow accurate im-
putation. It is, therefore, anticipated that the increased power of 
GWAS obtained from a substantial increase in both the number 
of common SNPs and the sample size will result in many more 
risk variants of small effect meeting genome-wide significance, 
as well as improving estimates of heritability4.

However, the ability of common SNPs used in GWAS to cap-
ture the effects of variants with which they are in low LD is lim-
ited. The application of exome sequencing and WGS to complex 
disease cohorts has confirmed the presence in the human ge-
nome of a large number of rare genetic variants (defined as hav-
ing a population frequency <1%). Importantly, these are not well 
correlated through LD with common SNPs and are therefore not 
accurately imputed in GWAS.

Recent work applying WGS to a large population cohort6 has 
shown that estimates of heritability made using rare as well as 
common variants are much closer to those predicted from family 
studies for both height and body mass index, with much of the 
increase coming from SNPs that could not be accurately imputed 
from GWAS.

It is well recognized that, when compared to height and body 
mass index, many psychiatric disorders are under greater nega-
tive selection, and this is expected to result in a greater contri-
bution from rare risk alleles. It is, therefore, plausible that rare 
genetic variants could be particularly relevant to psychiatric dis-
orders, meaning that future WGS studies in large samples could 
prove to be particularly fruitful.

The prospect of large scale WGS studies in psychiatry is cer-
tainly exciting and will likely reveal much about genetic archi-
tecture and biology, as well as delivering better predictive tools. 
Short-read sequencing (SRS), based on compiling reads from 
<150bp segments, is currently the most widely used approach 
to WGS, because of its low cost and high throughput. It is par-
ticularly powerful in identifying rare single nucleotide variants 
and small insertion/deletions7. Robust approaches have been 
recently introduced to detect structural variants such as duplica-
tions, deletions, inversions, and other changes involving larger 
DNA segments (generally greater than 50-100 bases long) that 
are likely to be relevant to psychiatric disorders8.

While SRS will undoubtedly be increasingly and fruitfully ap-
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plied in psychiatric genomics in the coming years, it has limita-
tions imposed by the fact that it works by stitching together short 
reads in silico. This means that there are regions of the genome 
which are difficult or impossible to read, such as those containing 
large structural variants, repetitive sequences, extreme guanine-
cytosine content, or sequences with multiple homologous ele-
ments within the genome. This is sometimes known as the “dark 
genome”.

There are now a number of long-read sequencing (LRS) plat-
forms that allow the analysis of segments of the human genome 
up to 200kb, and these are capable of shining a light into the dark 
genome. Emerging studies using LRS are identifying larger, more 
harmful structural variants and long repetitive elements7,9, both 
of which are candidates for involvement in psychiatric disorders.

Psychiatric genomics is a work in progress. GWAS have been 
hugely successful in identifying the role of multiple common vari-
ants, but recent work on missing heritability suggests a need to fo-
cus now on rare variants, and in the next few years we can expect 
studies based upon both SRS and LRS technologies to do this.

Fully characterizing the genetic architecture of psychiatric 
disorders is likely to improve polygenic risk prediction for both 
screening and stratification, allow a better understanding of the 
underlying biological mechanisms of disease, and broaden the 
landscape of pharmaceutical targets2.

Michael J. Owen, Nigel M.  Williams
MRC Centre for Neuropsychiatric Genetics and Genomics, Division of Psychological 
Medicine and Clinical Neurosciences, Cardiff University, Cardiff, UK

1.	 Sullivan PF, Daly MJ, O’Donovan M. Nat Rev Genet 2012;13:537-51.
2.	 Rees E, Owen MJ. Genome Med 2020;12:43.
3.	 Manolio TA, Collins FS, Cox NJ et al. Nature 2009;461:747-53.
4.	 Visscher PM, Wray NR, Zhang Q et al. Am J Hum Genet 2017;101:5-22.
5.	 Cross-Disorder Group of the Psychiatric Genomics Consortium. Nat Genet 

2013;45:984-94.
6.	 Wainschtein P, Jain D, Yengo L et al. bioRxiv 2019;588020.
7.	 Chaisson MJP, Sanders AD, Zhao X et al. Nat Commun 2019;10:1784.
8.	 Collins R, Brand H, Karczewski K et al. bioRxiv 2019;578674.
9.	 Beyter D, Ingimundardottir H, Eggertsson H et al. Nature 2020;581:444-51.

DOI:10.1002/wps.20870

Toward a systems-based approach to understanding the role of the 
sympathetic nervous system in depression

The sympathetic nervous system (SNS) has an essential role 
in the prototypical stress response. Stress, stressors, and stress re-
sponses are central themes in most prominent theories of depres-
sion etiology and maintenance. Yet, the SNS is not a commonly 
targeted mechanism in depression research. Here we propose a 
dynamic, systems-level approach that contextualizes SNS-medi-
ated stress responsivity within a regulatory framework. We believe 
that this conceptualization hews closer to the role of the SNS as 
a time-varying, context-driven regulatory system, and provides 
clinicians and researchers with a model for understanding its rel-
evance to depression.

Interest in the SNS in depression is not new. A host of meth-
ods and markers have been used to try to delineate the role of 
the SNS in depression, including cardiac measures such as heart 
rate and pre-ejection period, skin conductance, salivary alpha-
amylase, and urinary and serum measures of catecholamines. 
However, evidence for tonically-elevated SNS arousal in depres-
sion has been inconsistent and equivocal1.

We propose three reasons for this equivocality. First, because 
the SNS is embedded in a larger set of regulatory systems, analy-
sis of absolute levels should be augmented with – if not eschewed 
altogether for – a systems perspective that incorporates dynamic 
interrelations between system components. Second, the tempo-
ral dynamics of the stress response have been well documented2, 
with SNS effects occurring relatively rapidly and ephemerally 
(compared to those of glucocorticoids), and attempts should be 
made to capture these time-dependent fluctuations. Third, there 
are likely to be individual differences in the dynamics and cali-
bration of cognitive, affective and physiological regulatory sys-

tems. Thus, attempts should be made to identify subgroups.
Cognitive theories of depression have long posited the impor-

tance of depressogenic schemas – internal working models of the 
self, others, and the world – that magnify and distort the percep-
tion of ambiguous stimuli3. The presence of these schemas can 
increase the likelihood of threat appraisals (e.g., perceptions of 
external stressors) and the elicitation of negative emotional re-
sponses. The aversive arousal from negative emotions has been 
proposed to amplify memory for negative events2 and provide 
experiential feedback that supports and reinforces the initial 
threat appraisal3. Thus, individuals with depression may be more 
likely to perceive environmental stressors, which elicit negative 
emotional reactions that reinforce the threatening nature of the 
stimulus and enhance memory encoding of the experience.

Inherent to this positive feedback loop between perceptions, 
appraisals and arousal is the physiological stress response to 
perceived stressors. This response serves an adaptive function to 
mobilize energy, stimulate immune activation, and increase car-
diovascular tone through vasoconstriction and increases in heart 
rate and contractility. The stress response is composed of coordi-
nated actions of the hypothalamic-pituitary-adrenal (HPA) axis, 
the SNS and the parasympathetic nervous system (PNS).

Compared to the SNS, there has been an abundant amount of 
research on the HPA axis and the PNS in depression, and stud-
ies have found evidence for HPA dysfunction4 and reduced heart 
rate variability1,5 in depressed patients. However, contradictory 
and null findings have also been common. We raise the possibil-
ity that inconsistent findings may stem from the isolation of sys-
tem components in lieu of the whole. For instance, the HPA axis 
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can play permissive or suppressive roles in determining the mag-
nitude of SNS stress reactivity2. Because HPA axis functionality 
can precede and inform the nature of the sympathetic stress re-
sponse, incorporating preceding levels of available cortisol in situ 
during moments of emotional strain may help to better calibrate 
measurements of SNS reactivity in dysphoric individuals.

Moreover, it has been demonstrated that the doctrine of re-
ciprocal antagonism between the PNS and SNS – the notion 
that more of one inherently means less of the other – does not 
universally hold6. This conclusion dictates that the two systems 
can exhibit concurrent and interactive behavior and should be 
measured and modeled as separate and distinct dimensions. A 
systems approach to stress responsiveness may help to better de-
fine and measure the individual components.

However, methodological challenges remain regarding the 
measurement and timing of different system components. The 
cascade of HPA axis hormonal actions has been well docu-
mented, with peak effects following roughly 20 min after stress 
exposure2. Meanwhile, PNS effects such as vagal withdrawal can 
operate on a scale of milliseconds to seconds, and SNS effects 
typically take place on a scale of seconds to minutes. We propose 
that research into autonomic functioning in human subjects 
should be pursued via time series analysis of electrophysiologi-
cal measurements.

Common inputs such as respiratory sinus arrhythmia, pre-
ejection period, and heart rate can be binned in epochs as small as 
30 sec. Thus, data collection periods as short as an hour can pro-
duce time series of 120 observations. Time series analyses such 
as vector-autoregression and network analysis can model the 
relationships between system components. Moreover, ambula-
tory technologies exist allowing researchers to capture autonomic 
functioning in emotionally salient scenarios during an individual’s 
day-to-day life.

Measures such as pre-ejection period require academic-re-
search-grade equipment and expertly placed electrodes. How-
ever, innovations in mobile assaying of salivary measures could 
yield ambulatory measurements of SNS markers such as salivary 
alpha-amylase. Additionally, one could foresee the development 
of a fingerstick system for capillary blood measurement of cat-
echolamines akin to blood glucose monitoring systems. It has 
been shown that reliable measurements of catecholamines can 
be derived from as little as 100 μL of capillary blood7.

Understanding the role of the SNS in the treatment of depres-
sion may be important for patients’ psychological and physical 

health. As noted above, depressed individuals have been shown 
to have significantly decreased parasympathetic cardiac regula-
tion, and depression has long been associated with an increased 
incidence of coronary heart disease1,5. Although the evidence 
for sympathetic predominance in depressed patients has been 
equivocal, there is some evidence that antidepressant medica-
tions may affect this predominance8. Of note, one study has found 
that cognitive behavioral treatment may increase heart rate vari-
ability9. Clearly, more work is needed to understand the effects of 
psychotherapy and antidepressant medications on the SNS and 
sympathetic cardiac control.

Finally, we noted at the outset the likely existence of heteroge-
neous subpopulations of depressed individuals, some of whom 
may experience elevations in sympathetic arousal and some may 
not. It follows that individuals could exhibit more complex indi-
vidual differences in the calibration of stress responsivity among 
cognitive, affective and physiological system components.

From this perspective, the SNS could play a primary role in 
driving phenomenological and physiological consequences for 
some individuals. For instance, during the transduction of cogni-
tive-emotional stimuli into physiological responses, an adrener-
gic gain factor might serve to amplify moderate signals into more 
robust responses. In a time series context, competing directional 
models of SNS arousal, subjective affect, and cognitive appraisal 
could be tested. Moreover, such evaluations could be carried out 
on a person-by-person basis.

The SNS plays a calibrating role, exerting effects in response to 
shifting external demands and emotional conditions. It may be 
more fruitful to examine these dynamic, time-varying relation-
ships with other stress-response systems, rather than mean group 
differences.
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Cardiac vagal tone: a neurophysiological mechanism that evolved in 
mammals to dampen threat reactions and promote sociality

The evolutionary journey from asocial reptiles to social mam-
mals is highlighted by a reorganized autonomic nervous system 
with unique structural and functional changes in the vagus. These 
changes enable mammals to suppress defensive strategies in or-

der to support and express sociality. The product of this transition 
is an autonomic nervous system with capacities to self-calm, to so-
cially engage others, and to mitigate threat reactions in ourselves 
and others through social cues.
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For mammals, whose survival is dependent on their ability to 
cooperate, to connect, and to co-regulate, the ancient defense 
programs dependent on sympathetic activation supporting fight/
flight behaviors, and vagal activation supporting death feigning, 
had to be harnessed and repurposed. This process resulted in a re-
organized brainstem area, the ventral vagal complex, from which a 
unique branch of the vagus nerve enabled the expression of sever-
al uniquely mammalian features, including the ability to calm and 
to signal safety. Thus, sociality became embedded within specific 
neurobiological processes that had capabilities to mitigate threat 
and support mental and physical health. When this “calming” 
system is disrupted, prominent markers of chronic stress and core 
features shared by several psychiatric conditions are expressed 
(e.g., flat facial affect, poor vocal prosody, hypervigilance, hyper-
reactivity, auditory and visual hypersensitivities).

Anatomically, this vagal pathway is myelinated and originates 
in the brainstem structure called nucleus ambiguus. It provides 
the primary vagal regulation of organs above the diaphragm. This 
is distinct from the vagal pathways originating in the dorsal vagus 
nucleus, which are unmyelinated and provide the primary vagal 
regulation of organs below the diaphragm. The ventral vagal com-
plex also regulates the striated muscles of the face and head and is 
greatly influenced by afferent pathways traveling through the va-
gus, trigeminal and facial nerves. Thus, in mammals, the brainstem 
areas regulating the heart and bronchi are interconnected with the 
areas regulating ingestion, facial expression, listening, breathing 
and vocalizations, to form an integrated social engagement sys-
tem. In fact, intonations of vocalizations are mediated by the vagus, 
enabling prosodic features of voice to convey a relatively accurate 
index of vagal regulation of the heart1.

Following the work of Jackson2, the polyvagal theory3 assumes 
a phylogenetic hierarchy in which the newer circuits inhibit the 
older. Thus, when the ventral vagus and the social engagement 
system are dampened or go offline, which frequently is observed 
during chronic stress and in response to threat, the autonomic 
nervous system moves into a sympathetic state that supports mo-
bilization (e.g., fight/flight). If this functional shift in state does 
not lead to a positive outcome, then the autonomic nervous sys-
tem may abruptly shut down via the dorsal vagal circuit (e.g., syn-
cope, death feigning).

Jackson described this process of sequentially disinhibiting 
older structures as dissolution or evolution in reverse. He used 
dissolution to explain the consequence of brain damage and dis-
ease, while polyvagal theory applies the principle to adaptive au-
tonomic reactions to cues of threat, which may be reversible by 
cues of safety. In the realm of mental health, loss of access to the 
ventral vagus may be a product of chronic threat or a measurable 
core feature of several psychiatric disorders (e.g., post-traumatic 
stress disorder, PTSD), developmental disabilities (e.g., autism, 
Prader Willi syndrome), and disabling chronic pain.

To survive, mammalian offspring must initially nurse as the pri-
mary mode of ingesting food. To nurse the infant must suck, a pro-
cess dependent on a brainstem circuit involving the ventral vagal 
complex. Survival is dependent on the infant’s nervous system effi-
ciently and effectively coordinating suck-swallow-breathe-vocalize 

behaviors with vagal regulation of the heart through the ventral va-
gal pathways originating in the nucleus ambiguus. Through matura-
tion and socialization, this “ingestive” circuit provides the structural 
neural platform (i.e., social engagement system) for sociality and 
co-regulation as major mediators to optimize homeostatic function 
leading to health, growth and restoration.

In mammals, there is a dependency between reactions to con-
textual cues and the function of this circuit. Cues of threat may 
disrupt, while cues of safety may enhance function. The sensory 
branches of the facial and trigeminal nerves provide major in-
put into the ventral vagal complex. Functionally, changes in the 
state of this circuit, through the process of dissolution, will either 
“disinhibit” phylogenetically older autonomic circuits to sup-
port defense (e.g., predator, disease, physical injury) or inform all 
aspects of the autonomic nervous system, including the enteric 
system4, to optimize homeostatic function.

Polyvagal theory introduces “neuroception”, a neural process 
that evaluates risk and safety and reflexively triggers shifts in au-
tonomic state without requiring conscious awareness. This re-
flexive process, distinct from perception, detects environmental 
and visceral features that are safe, dangerous or life-threatening5. 
Although many vertebrates have a capacity to detect pain and 
threat, mammals repurposed the neuroception capacity of their 
reptilian ancestors to not only react instantaneously to threat, 
but also to calm instantaneously to cues of safety.

It is this latter feature that enables mammals to downregulate 
defensive strategies to promote sociality by enabling psychologi-
cal and physical proximity without the consequences of injury. It 
is this calming mechanism that adaptively adjusts the central reg-
ulation of autonomic function to dampen sympathetic activation 
and to protect the oxygen-dependent central nervous system, es-
pecially the cortex, from the metabolically conservative defensive 
reactions of the dorsal vagal complex (e.g., syncope, diarrhea).

This potential to calm autonomic state via the social engage-
ment system is compromised in many psychiatric conditions, 
and leads to a variety of autonomic dependent comorbidities, 
including irritable bowel syndrome, migraine and fibromyalgia. 
However, being a common feature of several disorders limits 
the potential utility of measures of ventral vagal function in dif-
ferential diagnoses, although it would highlight the potential of 
recruiting the ventral vagal pathway as a portal for treatment via 
technologies (e.g., vagal nerve stimulation).

Our research documents that the quantification of the respira-
tory-related component of heart rate variability, known as respira-
tory sinus arrhythmia, provides a sensitive metric of the ventral 
vagus function (i.e., cardiac vagal tone)6. Applications of our meth-
od confirmed that respiratory sinus arrhythmia was even more 
sensitive than the assumed “gold standard” of cardiac vagal tone 
(i.e., changes in heart rate in response to vagal blockade).

Respiratory sinus arrhythmia is a physiological phenomenon 
with an identifiable underlying neural mechanism reflecting ven-
tral vagal control of the heart. With an accurate measure of ventral 
vagal function, there is the possibility to monitor autonomic ad-
justments to threat and safety. From a clinical perspective, the abil-
ity to monitor dampened vagal regulation would provide insight 
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into understanding the mechanisms underlying clinical features. 
For example, chronic stress, clinical depression, or a life-threaten-
ing traumatic experience that may lead to PTSD could profoundly 
dampen ventral vagal regulation of the heart and the structures 
regulated by ventral vagal complex constituting the social engage-
ment system7,8.

Disrupting the brainstem locus of social engagement system 
would functionally impair social communication and co-regu-
lation by reducing vocal prosody and facial affect, and, through 
the loss of neural tone to the middle ear muscles, influence au-
ditory processing by inducing hypersensitivity to low frequency 
background sounds and hyposensitivity to voice. In concert with 
these changes, brainstem communication with higher brain 
structures would impair cognitive function and affect regulation, 
while supporting the defense strategies of fight or flight or shut-
down (e.g., syncope, dissociation).

Monitoring ventral vagal function may provide an objective 
neurophysiological marker of clinical improvement9.
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Psychiatric comorbidity in immune-mediated inflammatory diseases

Chronic immune-mediated inflammatory diseases (IMIDs) 
are a group of conditions characterized by immune dysregulation 
and aberrant organ system inflammation. Common examples 
of these conditions include rheumatoid arthritis, inflammatory 
bowel disease (including Crohn’s disease and ulcerative colitis) 
and multiple sclerosis. Although these conditions affect different 
organ systems, they are all characterized by recurrent relapses 
and potentially debilitating disease progression.

Collectively, IMIDs affect more than 1 in 20 people world-
wide, and substantially burden affected persons, their families 
and societies. The adverse impacts of IMIDs include symptoms 
such as pain and fatigue, impairments in relationships and so-
cial participation, loss of employment, increased health care uti-
lization, and reduced life expectancy. Comorbid conditions are 
common in people with IMIDs and also contribute substantially 
to their burden.

Comorbid psychiatric disorders, including depression, anxiety 
disorders and bipolar disorder, are of particular interest. A grow-
ing body of evidence indicates that the incidence and prevalence 
of psychiatric disorders are elevated in persons with IMIDs as 
compared to the general population. For example, a population-
based cohort of persons with rheumatoid arthritis, inflammatory 
bowel disease or multiple sclerosis had an elevated incidence of 
depression (incidence rate ratio, IRR=1.71; 95% CI: 1.64-1.79), 
anxiety (IRR=1.34; 95% CI: 1.29-1.40), bipolar disorder (IRR=1.68; 
95% CI: 1.52-1.85) and schizophrenia (IRR=1.32; 95% CI: 1.03-
1.69) compared to age-, sex- and geographically-matched con-
trols1.

The association between IMIDs and psychiatric disorders ap-
pears to be bidirectional, and the increased incidence of psychi-
atric disorders is not simply due to the challenges of living with 
a chronic disease. In a population-based study from Denmark 
involving 1,016,519 individuals, those with depression had a sig-
nificantly higher risk of developing any IMID in the subsequent 

11 years than individuals without depression2. In a population-
based study from Canada, individuals with rheumatoid arthritis, 
inflammatory bowel disease or multiple sclerosis had an increased 
incidence of any psychiatric disorder, including depression, anxi-
ety, bipolar disorder and schizophrenia, for 8-10 years prior to the  
diagnosis of their IMID, even after accounting for sociodemo-
graphic factors and number of physician visits3.

Broadly, two health conditions may be comorbid (co-occur) 
for several reasons. Chance alone may account for comorbid-
ity. Surveillance bias may also occur, wherein a person affected 
by one chronic health condition uses more health care services 
and consequently is more likely to get diagnosed with a second 
condition. Furthermore, conditions may co-occur due to “true 
etiologic mechanisms”. These mechanisms may include com-
mon genetic or environmental factors, or direct causation of the 
second condition by the first one. Finally, both conditions could 
be caused by an unrecognized third condition.

Epidemiological and biological evidence suggests that IMIDs 
and psychiatric disorders are comorbid due to “true etiologic 
mechanisms”. In a cohort of 5,727,655 individuals, incident de-
pression was associated with an increased risk of incident Crohn’s 
disease (hazard ratio, HR=2.11; 95% CI: 1.65-2.70) and ulcerative 
colitis (HR=2.23; 95% CI: 1.92-2.60) after adjusting for age, sex, 
socioeconomic status, comorbid conditions, smoking status and 
use of antidepressants4. Notably, treatment with antidepressants 
was protective of developing Crohn’s disease or ulcerative colitis 
among individuals with depression.

The role of inflammation and immune dysregulation in IM-
IDs is well-recognized. Emerging evidence is highlighting the 
importance of immune dysfunction in psychiatric disorders as 
well, including depression, bipolar disorder, schizophrenia and 
anxiety disorders5. These latter disorders are associated with 
dysregulation of T cell function and pro-inflammatory cytokines, 
including interleukin-6 (IL-6), IL-2 receptor, IL-1β, IL-17A, and 
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C-reactive protein; altered microglial activation; and disruption 
of the blood-brain barrier5,6. Pharmacological and non-pharma-
cological therapies for depression are associated with reductions 
in peripheral inflammatory markers. Relatedly, the role of im-
munomodulatory therapies in the treatment of psychiatric dis-
orders is also being explored. A randomized placebo-controlled 
trial in persons with major depression suggested that infliximab, 
a tumor necrosis factor antagonist, might improve depressive 
symptoms in persons who had elevated levels of C-reactive pro-
tein at enrollment7.

With respect to common etiologic factors, several pleiotrop-
ic genetic loci are jointly associated with the risk of psychiatric 
disorders and IMIDs, as shown by an analysis of genome-wide 
association studies of five psychiatric disorders (major depres-
sive disorder, bipolar disorder, schizophrenia, autism spectrum 
disorder and attention-deficit/hyperactivity disorder) and seven 
immune-mediated disorders (Crohn’s disease, rheumatoid ar-
thritis, inflammatory bowel disease, multiple sclerosis, type 1 
diabetes, systemic lupus erythematosus and psoriasis)8. Notably, 
shared genetic loci related to immune function were prominent.

In addition to genetic factors, psychosocial factors also influ-
ence immune system function and inflammation. Acute stress 
leads to activation of the autonomic nervous system and hypo-
thalamic-pituitary-adrenal axis, and upregulates inflammation. 
Chronic stress, such as childhood maltreatment, increases in-
flammation and suppresses cellular and humoral immunity. In 
turn, these changes increase the risk of chronic diseases such as 
IMIDs and psychiatric disorders. Social support can mitigate the 
adverse effects of psychosocial stressors on the risk of chronic 

diseases. Concordant with these observations, psychosocial in-
terventions, in particular cognitive behavioral therapy and multi-
modality therapies, are associated with sustained improvements 
in immune system function as measured by pro-inflammatory 
cytokines and immune cell counts9.

Thus, epidemiological data support bidirectional relation-
ships between psychiatric disorders and IMIDs, and inflamma-
tion and immune dysregulation are common to these conditions. 
Increasingly, treatment approaches applied to IMIDs are being 
tested for psychiatric disorders. However, much remains to be 
understood about the interface between psychiatric disorders 
and IMIDs.
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Patients with schizophrenia are under-vaccinated for COVID-19: 
a report from Israel

After the first report published in this journal1, several other 
studies conducted in the US, France, Korea and Israel have con-
firmed that individuals with severe mental illness (SMI), espe-
cially those diagnosed with schizophrenia, are at increased risk 
for COVID-19-related severe morbidity and mortalitye.g., 2,3. These 
reports have led to the call to prioritize these patients for early 
COVID-19 vaccination4.

While prioritization is especially pivotal during periods of vac-
cine deficiency, there are several reasons to suspect that, when 
vaccinations become widely available, they will not be fully uti-
lized in individuals with SMI. Studies indicate that these patients 
are less likely to receive available standard levels of care for most 
of their medical diseases5, and overall receive less treatment for 
diseases they are more susceptible to suffer from6. Furthermore, 
rates of vaccination for diseases such as influenza, which is most-
ly available to the public, have been reported to be low among in-
dividuals with SMI7.

Israel has been highly proactive in engaging citizens to fol-
low its mass COVID-19 vaccination plan8. Vaccinations became 
available to all citizens above the age of 16 by the end of January 
2021. In a recent study from this country, we found that individu-
als with schizophrenia were more likely to suffer from COVID-19 
morbidity and mortality compared to age and gender matched 
controls3. To explore whether patients with this diagnosis are be-
ing vaccinated to the same extent as their matched controls, we 
revisited the cohort of patients and updated their medical regis-
try with information regarding vaccination rates.

The original cohort included 25,539 patients with schizophre-
nia and their matched controls (overall N=51,078). Deceased 
cases were omitted from the analysis, thus leading to a total of 
50,240 cases (25,120 cases of schizophrenia and their age and 
gender matched controls). The study utilized the databases of 
Clalit Health Services (CHS), the largest operating health care or-
ganization in Israel9. These databases are regularly updated with 
real-time information derived from patients’ medical registries, 
and undergo routine validation procedures for medical and psy-
chiatric diagnoses.

The diagnosis of schizophrenia in this study was made by a 
senior psychiatrist in the patient’s medical registry or was listed 
on a psychiatric hospital’s discharge letter. Matched control par-
ticipants comprised individuals with no diagnosis of schizophre-
nia randomly sampled at a 1:1 ratio. The study was approved by 
the CHS institutional review board, where informed consent was 
waived due to the anonymous nature of data extraction.

For the purposes of the current analysis, vaccination was con-
sidered as implemented if the patient received at least one dose. 
Univariate logistic regressions were employed to assess the odds 
of being vaccinated, and odds ratios (ORs) and 95% confidence 
intervals (CIs) were reported. The dataset was stratified for age 
and gender groups. All statistical analyses were performed using 
SPSS software, version 25.

The odds of receiving COVID-19 vaccination were signifi-
cantly lower in the schizophrenia group compared to the control 
group (OR=0.80, 95% CI: 0.77-0.83, p<0.0001). No significant dif-
ferences were observed in the 16-21 age subsample. Differences 
between the two groups were more profound as age increased: 
OR=0.90, 95% CI: 0.83-0.97, p<0.0001 in the 21-40 age subsample; 
OR=0.83, 95% CI: 0.79-0.88, p<0.0001 in the 40-60 age subsam-
ple; and OR=0.61, 95% CI: 0.57-0.64, p<0.0001 in the subsample 
at age 60 and above. The odds of being vaccinated were lower in 
the schizophrenia group for both male and female participants, 
with males showing slightly greater gaps in vaccination rates 
(OR=0.79, 95% CI: 0.75-0.82, p<0.0001) than females (OR=0.82, 
95% CI: 0.77-0.87, p<0.0001).

These results indicate that individuals with schizophrenia, al-
though well known by the scientific community for their medi-
cal and social vulnerabilities, are being under-vaccinated for 
COVID-19 in Israel compared to the rest of the population. This 
inequality is especially pronounced in people aged 60 and above, 
where the convergence of risk factors may create an additional 
accumulating mortality risk.

The lack of significant differences in the 16-21 age subsample 
may be related to the overall low rates of vaccination in young 
people. On the other hand, the increasing gap between the schizo-
phrenia and control groups as age increases indicates that, when 
vaccination is more available (as older age groups could be vacci-
nated immediately upon the launch of the national plan), schizo-
phrenia patients are more profoundly disadvantaged.

A variety of factors previously described as barriers to immu-
nization in SMI people, such as lack of awareness and knowledge, 
fear, and lack of active recommendation from primary caregiv-
ers7, may also serve as barriers to COVID-19 vaccination. Proac-
tive efforts should be made to provide SMI people with easier 
access to vaccination as part of routine medical care policy. Such 
access can be obtained by, for example, providing ad-hoc vacci-
nation to patients presenting for psychiatric examinations or fol-
low-ups, who are interested in being vaccinated. Patients should 
also be actively monitored for completing the vaccination plan so 
as to make sure that they follow through on the recommendations 
made by the vaccine producers.

The results of this study are based on analyses of associations; 
therefore, no causality can be inferred from the study design. Fu-
ture studies should explore whether accessibility to vaccination 
is associated with specific chronic diseases, as well as with other 
sociodemographic factors. They should also assess the mediat-
ing factors associating schizophrenia with under-vaccination for 
COVID-19.

The lower rates of vaccination among patients with schizo-
phrenia reported in this study should alert public health policy 
entities to provide better care in the form of easier access to COV-
ID-19 mitigation/prevention efforts for individuals with schizo-
phrenia.
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Some good news for psychiatry: resource allocation preferences of 
the public during the COVID-19 pandemic

The COVID-19 pandemic has put tremendous strain on health 
care systems all over the world and has particularly challenged 
mental health services. During the first wave of the pandemic, 
for reasons of both infection control and resource allocation, 
many mental health services have been downsized or even closed 
worldwide. A rapid assessment of 130 World Health Organization 
member states revealed that more than 60% of countries fully or 
partially closed community-based mental health services, and 
more than 40% fully or partially closed inpatient services for sub-
stance use disorders1.

At the same time, it has been widely recognized that the pan-
demic increases the burden on people with mental illness and 
puts many healthy people at risk of developing mental health 
problems2. Maintaining adequate mental health services and 
adapting the way mental health care is delivered during the pan-
demic is thus of tremendous importance3,4.

Previous population studies have shown that mental disor-
ders enjoy low standing in the public opinion when it comes to 
allocation of financial resources5,6, so there is reason to suspect 
that the current shortage of health care resources puts people 
with mental disorders at risk of structural discrimination. In this 
study, we examined how public priorities on health care spend-
ing have evolved from 2001 through 2011 to 2020.

From July to September 2020, a representative face-to-face 
survey was carried out among the adult population in Germany 
(N=1,200, response rate: 57%). The survey was a methodologi-
cally identical replication of surveys in 2001 (N=5,025, response 
rate: 65%) and 2011 (N=1,232, response rate: 64%)7. In 2020, re-
spondents were asked: “In order to have sufficient resources for 
the care of patients with the coronavirus disease, it may become 
necessary to cut budgets for the care of people with other diseas-
es. Please choose from the following list those three conditions 
where, in your opinion, it would by no means be acceptable to 
reduce funding for patient care” . They were then presented with 
a list of nine diseases, including physical conditions such as dia-
betes, rheumatism, cancer, AIDS and cardiovascular diseases, as 
well as mental disorders such as Alzheimer’s disease, alcohol-
ism, depression and schizophrenia. In 2001 and 2011, the ques-
tion had been posed similarly, only with the first sentence being 

framed in more general terms: “There is an increasing short-
age of financial resources within the health care system. Please 
choose from the following list…”

In 2020, depression ranked fourth – after cancer (84%), cardi-
ovascular diseases (60%) and diabetes (41%) – among conditions 
for which funding should by no means be reduced, with 25% of 
the respondents selecting it to be spared from budget cuts. Its 
rise from the 8th position in 2001 and 6th position in 2011 mostly 
reflected two developments: a growing share of respondents in-
dicating a funding preference for depression (up from 6% in 2001 
and 21% in 2011), and a declining share of people giving prior-
ity to the funding of AIDS care, which started at 47% in 2001 and 
went down to 35% in 2011 and 20% in 2020.

Schizophrenia, although remaining on the 8th position in the 
list, was nevertheless chosen by 17% to be spared from financial 
cuts in 2020, about doubling its share from 9% in 2001 and 8% in 
2011. Alcoholism, in contrast, remained firmly at the bottom of 
the list, chosen by 5% in 2001, 8% in 2011, and 6% in 2020.

Our results show that, under the unprecedented pressure of the 
coronavirus pandemic on our health care systems, resources for 
the treatment of people with mental disorders have solid support 
among the general public, at least in Germany. Probably, this re-
flects the extensive coverage of the mental health consequences 
of the pandemic both in the public media and medical journals8, 
and possibly also the personal experience of psychological vulner-
ability during the crisis.

Comparing our recent survey with those from 2001 and 2011, 
there is evidence for a trend of growing support for mental health 
care funding, especially for the treatment of depression. It is strik-
ing, however, that alcoholism remains firmly excluded from this 
supportive public sentiment, despite evidence for an increased 
burden due to substance use during the pandemic9.

Our findings are thus reassuring with respect to funding pri-
orities for depression and schizophrenia, with little indication of 
public support for structural discrimination of people with these 
disorders. They are worrying, however, with regard to alcohol use 
disorders. Despite their high prevalence, considerable burden, and 
available treatment options, people with these latter conditions 
remain at particular danger to be neglected when competing for 
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treatment resources, even more so during the current pandemic.

Georg Schomerus1, Eva Baumann2, Christian Sander1, 
Sven Speerforck1, Matthias C.  Angermeyer3

1Department of Psychiatry and Psychotherapy, University of Leipzig Medical Center, 
Leipzig, Germany; 2Department of Journalism and Communication Research, Han-
nover University of Music, Drama, and Media, Hannover, Germany; 3Center for Public 
Mental Health, Gösing am Wagram, Austria

This study was funded by Fritz Thyssen Stiftung (Az. 10.18.2.009SO).

1.	 World Health Organization. The impact of COVID-19 on mental, neurolog
ical and substance use services: results of a rapid assessment. Geneva: 
World Health Organization, 2020.

2.	 Pfefferbaum B, North CS. N Engl J Med 2020;383:510-2.
3.	 Adhanom Ghebreyesus T. World Psychiatry 2020;19:129-30.
4.	 Moreno C, Wykes T, Galderisi S et al. Lancet Psychiatry 2020;7:813-24.
5.	 Matschinger H, Angermeyer MC. Eur Psychiatry 2004;19:478-82.
6.	 Schomerus G, Matschinger H, Angermeyer MC. Soc Psychiatry Psychiatr 

Epidemiol 2006;41:369-77.
7.	 Angermeyer MC, Matschinger H, Link BG et al. Soc Sci Med 2014;103:60-6.
8.	 Venkatesh A, Edirappuli S. BMJ 2020;369:m1379.
9.	 Czeisler MÉ, Lane RI, Petrosky E et al. Morb Mortal Wkly Rep 2020;69:1049-

57.

DOI:10.1002/wps.20875

A prevalence assessment of prolonged grief disorder in Syrian 
refugees

Although many studies indicate the elevated rates of mental 
disorders in refugees1, relatively little attention has been given to 
prolonged grief. This is surprising, considering that refugees com-
monly experience bereavement arising from war, torture, deten-
tion, or in the process of fleeing persecution2.

There has been an increasing focus on problematic grief re-
actions in recent years, culminating in the new diagnosis of pro-
longed grief disorder (PGD) being introduced into the ICD-113. 
PGD is defined as persistent yearning for the deceased, and as-
sociated emotional pain, difficulty in accepting the death, a sense 
of meaninglessness, bitterness about the death, and difficulty in 
engaging in new activities, persisting beyond six months after the 
death. The disorder is estimated to occur in 7% of bereaved peo-
ple4, but one population-based study of re-settled refugees report-
ed an incidence of 15.8%5.

There are no large-scale representative sampling studies of 
PGD in refugees directly affected by war. This is a serious omission 
in the evidence, because there are millions of refugees directly af-
fected by war, conflict and persecution, and understanding the 
rates of PGD in this group would help shape better mental health 
policies to assist those experiencing bereavement. To fill this gap 
in current knowledge, this study aimed to determine the rate of 
PGD in a representative sample of adult Syrian refugee parents re-
siding in a camp in Jordan.

Participants were recruited in the process of screening for eli-
gibility for a trial testing the effectiveness of a psychological inter-
vention (ACTRN12619001386123). The screening assessments 
included adult (>18 years) Syrian refugees who had at least one 
child residing in two villages in the Azraq Refugee Camp, which 
hosts approximately 35,000 Syrian refugees. Arabic-speaking in-
terviewers approached each consecutive caravan in two villages 
in the camp between January 2019 and February 2020, and inter-
viewed one randomly selected adult in the household. The inter-
view included experience and timing of bereavement, cause of 
death, and relation to the deceased.

PGD was assessed using a 5-item interview that has been used 
in a previous survey following a major disaster6, and is consistent 

with the ICD-11 definition. PGD was operationalized as satisfy-
ing the following criteria over the past month for a bereavement 
that had occurred at least six months earlier: a) yearning for the 
deceased at least “once a day”; b) at least two of the following 
three symptoms occurring “quite a lot”: bitterness about the loss, 
difficulty accepting the loss, or feeling that life is meaningless; 
and c) endorsing functional impairment as a result of the grief. 
Additionally, psychological distress was assessed with the Kes-
sler Psychological Distress Scale (K10), on which severe mental 
disorder was categorized as scores ≥30. Disability was evaluated 
using the WHO Disability Assessment Schedule 2.0 (WHODAS 
2.0), on which disability was defined as scores ≥17. The study was 
approved by the Institutional Review Board of the King Hussein 
Cancer Centre, Jordan.

We assessed 955 participants (67.3% females). Of these, 564 
(59.1%) reported bereavement, with cause of death including war 
(26.5%), accident (8.3%), natural causes (64.6%) or other causes 
(2.6%). The deceased was a parent (32.2%), spouse (4.2%), child 
(5.7%) or relative/friend (57.9%).

Among those experiencing bereavement, 85 (15.1%) met cri-
teria for PGD, which comprised 8.9% of the entire sample. In 
terms of the specific symptoms of PGD, 478 (84.8% of the be-
reaved sample) reported persistent yearning, 447 (79.3%) bitter-
ness about the loss, 251 (44.5%) feeling meaningless, 167 (29.6%) 
difficulty accepting the death, and 149 (26.4%) impairment re-
sulting from their grief.

There was no relationship between marital status, educational 
level, cause of death or relationship to the deceased and the likeli-
hood of developing PGD. In terms of the association between PGD 
and ongoing problems, after controlling for cause of death, refu-
gees with PGD were more likely to have a serious mental disorder 
(68.2% vs. 56.3%: OR=1.6, 95% CI: 1.0-2.6). PGD was not associated 
with greater disability.

These findings are significant as this is the first study reporting 
on the prevalence of PGD, by representative sampling, in a popu-
lation of refugees directly affected by war. The percentage of 15.1% 
of bereaved refugees experiencing PGD is markedly higher than 
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those reported in other population-based studies, although it is 
commensurate with one prior population-based study of refu-
gees5.

The finding that 8.9% of the screened refugees had PGD high-
lights the importance of bereavement-related mental health is-
sues affecting refugees exposed to war. This is arguably because 
a large proportion of Syrian refugees are exposed to events that 
can cause traumatic or unexpected death, and the nature of the 
deaths increases the risk for PGD.

It was somewhat surprising that bereavement caused by 
deaths incurred by war or accident was not more predictive of 
PGD, as violent and accidental deaths have previously been 
shown to be associated with a higher risk for PGD7. This lack 
of association may be explained by extreme conditions due to 
war and forced displacement, potentially causing many natural 
deaths. These deaths, which are nonetheless unexpected, poten-
tially predispose refugees to PGD. The observation that refugees 
with PGD are more likely to have a serious mental disorder un-
derscores the psychological costs associated with this condition.

The rate of PGD in war-affected refugees points to the need 
for greater attention to managing the disorder in this population. 
Considering that there are millions of refugees similarly affected 
worldwide, it is important to develop and evaluate programs that 
can address PGD. Although there are proven treatments for PGD 
based on cognitive behavioral strategies8, these are lengthy, rely 
on mental health specialists, and are costly for health systems, 
which limits the capacity for poorly resourced countries to im-
plement them on a large scale.

Recent initiatives that rely on task-shifting, in which non-
specialists are trained to deliver mental health programs9, can 
be implemented to reduce common mental disorders. However, 
these have yet to address the clinical needs of people with PGD. 
The increasing evidence of the widespread psychological prob-
lems caused by bereavement in refugees highlights the need to 
develop scalable interventions that can address PGD.
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Clinical implications of co-occurring prolonged grief disorder in 
patients with treatment-resistant major depressive disorder

Prolonged grief disorder (PGD) is now an official diagnosis in 
both the ICD-11 and the DSM-5-TR1. It is a distressing and dis-
ruptive condition that often occurs concomitantly with depres-
sive and other psychiatric disorders, yet the consequences of 
this comorbidity are not fully understood2. We examined the im-
portance of co-occurring PGD in a large sample of patients with 
treatment-resistant major depressive disorder (TRD).

The VA Augmentation and Switching Treatments for Depres-
sion (VAST-D) Cooperative Study included 1,522 psychiatric 
outpatients with TRD (85.2% males; 69.2% White, 25.6% African 
American; mean age 54.4±12.2 years) who were randomized to 
switch the index antidepressant to bupropion SR, combine the 
index antidepressant with bupropion SR, or augment with ari-
piprazole3. Of these patients, 1,416 (93.0%) had experienced the 
death of a loved one in their lifetime. The mean time since the 
death was 11.9 years, yet 600 (42.4% of the bereaved) felt that 
their grief still interfered, at least somewhat, with their lives.

The study’s primary outcome, remission, was operational-
ized as a 16-item Quick Inventory of Depressive Symptomatol-
ogy-Clinician Rated (QIDS-C

16
)4 score of ≤5 at two consecutive 

visits during the 12-week acute treatment phase. Suicide risk 

was assessed with the Columbia-Suicide Severity Rating Scale 
(C-SSRS)5 both at baseline and at the end of the acute treatment 
phase. For this report, we utilized the number and percentage 
of participants who endorsed recent (within the past 3 months) 
passive suicidal ideation (e.g., wish to be dead) and active sui-
cidal ideation (actual intent and/or plan).

At the baseline visit, bereaved VAST-D participants com-
pleted the 5-item self-rated Brief Grief Questionnaire6 (diffi-
culty accepting the death, grief interfering with life, intrusive 
thoughts of the person or the death, avoiding reminders of the 
loss, and feeling cut off or distant from others) and two addi-
tional items for yearning and grief intensity. Each of the seven 
items was rated on a 3-point scale: 0 = not at all, 1 = somewhat, 
2 = a lot.

According to the ICD-117, a PGD diagnosis was assigned when 
a participant indicated all of the following: a) time since death 
of the loved one ≥6 months; b) endorsed “a lot” on at least one 
of the following: grief intensity or yearning for the deceased; c) 
endorsed “a lot” on at least one of the following: trouble accept-
ing the death, troublesome images of the lost person or his/her 
death, avoiding reminders, feeling cut off or distant from others; 



304� World Psychiatry 20:2 - June 2021

d) endorsed “somewhat” or “a lot” on “grief continues to inter-
fere with life”. Participants fulfilling these requirements were 276 
(19.5% of the bereaved). Patients bereaved >6 months without 
PGD were categorized as “ordinary long-term grief” (N=1,041, 
73.5%). Those bereaved less than 6 months were categorized as 
“acute grief” (N=99, 7.0%).

PGD was significantly more common among African Ameri-
can bereaved participants (96/343, 28.0%) than White ones 
(145/948, 15.3%) (X2=37.26, p<0.0001). There were no differ-
ences between bereaved participants with and without PGD on 
age, gender, employment, age of first treatment for depression, 
or duration of current episode. Time since the death of the loved 
one was not significantly different between those with PGD and 
those with ordinary grief.

Among participants bereaved >6 months, those with PGD were 
more likely to feel that their depression was related to their grief. 
They had at baseline significantly more severe depression on the 
QIDS-C

16
 (p<0.0001), more anxiety on the Beck Anxiety Scale 

(p<0.0001), worse quality of life on the Quality of Life Enjoyment 
and Satisfaction Questionnaire (p<0.0001), more passive and ac-
tive suicidal ideation on the C-SSRS (p<0.05), and more post-trau-
matic stress disorder on the Mini International Neuropsychiatric 
Interview (p<0.0001). In addition, they had experienced more 
early childhood life adversity as assessed by Adverse Childhood 
Experiences Survey (ACES) (p<0.0001).

Remission of depression at the end of the treatment period 
was significantly less likely in patients with PGD (N=50, 18.1%) 
than in those with ordinary long-term grief (N=296, 28.4%) and 
those with acute grief (N=20, 20.2%) (X2=13.9, p<0.001). Also, 
with or without depression remission, active suicidal plans and/
or intent at the end of the treatment period were more frequently 
reported in patients with PGD (N=13, 4.7%) than in those with 
ordinary long-term grief (N=15, 1.4%) and those with acute grief 
(N=3, 3.0%) (X2=11.2, p<0.01).

To our awareness, this is the first study to systematically as-
sess the effects of co-occurring grief in a large sample of patients 
with treatment-resistant depression. We found that patients with 

co-occurring PGD were less likely to remit from their depressive 
episode than patients with ordinary long-term grief. Those with 
acute grief were somewhere in between the two other groups. 
The same pattern was true for active suicidal ideation.

These findings underscore the importance of an accurate di-
agnosis of PGD in patients with treatment-resistant depression, 
so that targeted clinical attention can ensue. The only study as-
sessing the effects of antidepressants in depressed patients with 
or without PGD found that medications relieved depressive 
symptoms in those with PGD, but only if they were also receiving 
a grief-targeted psychotherapy8. This suggests that patients with 
treatment-resistant depression who also have PGD would greatly 
benefit from a grief-focused intervention in addition to the de-
pression-focused treatment.
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Self-interpretation and meaning-making processes: re-humanizing 
research on early psychosis

Dimensional, dynamic and transdiagnostic approaches to ex-
plaining, classifying and treating psychopathological symptoms 
are currently leading the way into a new era of early intervention 
for psychosis research and practice – beyond the “at risk mental 
state” concept1.

While research into the clinical and biological predictors of 
psychosis onset is slowly advancing, we argue that the role of self-
interpretation and meaning-making processes remains relatively 
neglected. If humans are self-interpreting agents, constantly in-
teracting with others through culture, then meanings are likely 
to be a significant driving factor in the transition from vulnerable 
selves to persons affected by psychosis.

Notably, robust evidence emerging from cognitive-oriented 
studies points to a central role of appraisal (i.e., the meaning 
and interpretation of anomalous experiences) in re-directing the 
phenotypic trajectory of illness towards a “need-for-care” status, 
as compared to a more benign non-clinical course2. This is con-
sistent with person-centred dialectical models of schizophrenia3, 
emphasizing the active role of the person in shaping psycho-
pathological syndromes. We argue that prediction research could 
benefit from exploring the effect of personal meanings, family 
narratives and cultural signifiers on the clinical outcome of pre-
psychotic experiences.

As a response to growing consensus in the field that current 
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syndromic classifications do not fit the ebb and flow of emerging 
microphenotypes, new dynamic models of the onset of mental 
disorders have been suggested4. These models propose the ap-
plication of mathematical principles governing complex sys-
tems to the study of emerging psychopathology in psychosis. By 
capturing the fast-moving and unstable nature of psychopatho-
logical states, the hope is that such models will aid prediction re-
search and allow for the optimization of early treatments.

While some of these models have been used successfully to 
predict the behaviour of complex systems (e.g., ecosystems and 
financial markets), they do not account for the fact that human 
beings will actively interpret and respond to changes in the 
coordinates of the system, thereby contributing to increasing 
complexity. These interpretations will partly depend upon the 
experiential and immediately felt quality of self/world anoma-
lous experiences (SWAE), but also upon the collectivity of mean-
ings, attitudes, beliefs and values as a function of the person’s 
unique biographical, sociocultural and historical context.

SWAE are increasingly recognized as core psychopathological 
features of psychosis, particularly within the schizophrenia spec-
trum. According to the ipseity disturbance model of schizophre-
nia5, the longitudinal progression of symptoms is driven by a 
gradual exacerbation of diminished self-affection and disturbed 
grip or hold on the world. These latter features are thought to 
be fairly stable and enduring vulnerabilities affecting the con-
ventional or common-sense way of inhabiting the world. How-
ever, very little is known – and even less has been investigated 
empirically – about how individuals understand, make sense of, 
and appropriate emerging SWAE in the early stages of psycho-
sis. How do people take a position (i.e., cope with or respond to 
SWAE)? What meaning resources do they turn to? What role do 
meaning-making processes play in the shaping of psychopatho-
logical phenomena and clinical outcomes?

The idea that human beings are self-interpreting agents is not 
new in the phenomenological literature. On the foundations laid 
by K. Jaspers’ account of the “patient’s attitude to his illness”, also 
called “position-taking” (Stellungnahme), other classical authors 
have developed dialectical models of the onset of schizophrenia 
(Pinel, Bleuler, Wyrsch, de Clérambault, Blankenburg, Mayer-
Gross, J.S. Strauss, and others). Their models emphasize the ac-
tive and dynamic interplay between the person and his/her basic 
experiential anomalies, suggesting that such interaction might 
influence the development of different schizophrenic pheno-
types from the common root of self-disorders. Stemming from 
this classical literature, a person-centred dialectical approach to 
schizophrenia has been proposed6, which is concerned not only 
with the phenomenal level of experience (i.e., changes in the 
sense of self and lived world), but also with the different ways in 
which patients “take a position” in the face of emerging psychot-
ic-like phenomena.

This dynamic sense-making activity in the face of anomalous 
experiences is clearly reflected in the first-person narratives of 
individuals in the early stages of psychosis7. From this growing 
body of qualitative literature, two inextricable dimensions seem to 
emerge. On one level, an all-enveloping sense of unreality, threat, 

disorientation and uncertainty often accompanies disordered 
experiences of self, time, space and body. A number of phenom-
enologists and psychopathologists have referred to “background 
feelings”8 as a way to capture the subtle but all-encompassing, 
pervasive, atmospheric qualities of subjective life that drive our 
interpretation of the world. On another level, an ongoing reflective 
activity in the form of “searching for meaning”, “making meaning” 
and “finding meaning” appears overwhelmingly central to the 
process of articulating the subjective experience of illness onset. 
According to the most influential phenomenological models of 
the onset of schizophrenia, these self-interpreting efforts are trig-
gered by a state of “perplexity”, whereby reality loses its taken-for-
granted, common-sense meanings and endangers the core sense 
of self.

Understanding how people make sense of these puzzling ex-
periences and how these meanings impact on their behaviour is 
crucial in order to develop adequate dynamic models of emerg-
ing psychosis. In addition to a nuanced and in-depth psycho-
pathological examination and clinical phenotyping, these models 
should also reflect the agentic role of the person in shaping the 
course of illness within a specific meaning-giving context.

But how to account for these meanings in a way that can be 
effectively operationalized to inform predictive models while 
avoiding the de-humanization of psychiatry? Even if research 
shows that psychosis evolves in a staging fashion akin to the 
biological process of growing and spreading of cancer, we still 
need to deal with a distinct set of features that places the mental 
realm apart from the physical realm. In this sense, meanings are 
not only something mechanically generated by the mind in the 
same way as the immune system defensively produces antibod-
ies. Meanings also respond to a fundamental human quest for 
coherence and purpose, prospectively shaping our way of being 
in the world within a value-laden framework of significance.

One way in which the cognitive aspects of this human re-
sponse have been operationalized is through the conception 
of appraisal (i.e., the meaning attributed to pre-psychotic/psy-
chotic-like experiences). As an alternative phenomenologically-
informed approach, we suggest the integration of appraisal into 
the construct of position-taking, which also takes into account 
the “background states of the person that exist before the ex-
perience and contribute to determining the experience itself”9. 
The principal dimensions of position-taking are: a) the person’s 
emotional tone, i.e. the background feelings associated with the 
SWAE, and b) the person’s working-through, i.e. the cognitive 
and narrative elaboration of his/her SWAE.

We believe that this second level of assessment might also 
help shed light on the transdiagnostic occurrence of SWAE 
across schizophrenia, depersonalization/derealization disorder 
and panic disorder, but also non-clinical states such as intense 
introspection. Given that some of these experiential anomalies 
might be indistinguishable at a phenomenal level, the subse-
quent clinical-diagnostic trajectory might be (at least partly) 
driven by the kind of position-taking adopted, further influenc-
ing subjective distress and need-for-care.

Improved understanding of the relevance of meaning-making 
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in psychosis research can ultimately enhance our ability to pre-
dict the dynamic evolution of clinical high-risk states without 
losing focus on the person as a self-interpreting being interacting 
with his/her sociocultural world.
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Clinical relevance of general and specific dimensions in bifactor 
models of psychotic disorders

Increasing empirical evidence indicates that psychotic disor-
ders are more accurately understood as continuously distributed 
dimensions of psychopathology, which can be arranged in a hi-
erarchical structure framework1.

Bifactor models are a subset of hierarchical models that can 
inform several important questions about the structure and ex-
ternal validity of psychopathology, including the nature of the 
general factor given the pattern of symptom loadings, the amount 
of variance in the specific factors due to the general factor, and the 
unique external correlates of the general and specific factors2,3.

While previous studies of bifactor models in psychotic disor-
ders outlined the clinical and research relevance of separating 
general and specific psychopathology4,5, most of them have been 
limited by one or more problems regarding sample size, sample 
representativeness, symptomatic coverage and systematic exter-
nal validation. Of particular concern are the conflicting results in 
the literature regarding the nature and validity indicators of the 
general psychosis factor.

Using a broad sample of subjects with the full spectrum of 
psychotic disorders, we tested the construct validity of alterna-
tive bifactor models of symptoms, and the criterion validity of the 
factors in the best-fitting model against 21 external validators, in-
cluding antecedents, illness-related features, treatment-related 
variables and psychosocial impairment.

The study population consisted of 2,240 subjects with a diag-
nosis of a DSM-IV functional psychotic disorder from a defined 
catchment area in Navarra (Spain)6, and included three subsam-
ples: first-episode admissions (N=486), multi-episode admissions 
(N=660) and outpatients (N=1,094).

In the whole study sample, 57% of subjects were male, the mean 
age was 38.7±15.2 years, and the mean Global Assessment of Func-
tioning scale score was 65.4±20.8. DSM-IV diagnoses included 
schizophrenia (N=908), schizophreniform disorder (N=180), 
delusional disorder (N=120), brief psychotic disorder (N=179), 
schizoaffective disorder (N=124), bipolar disorder (N=345), major 
depressive disorder (N=245) and psychotic disorders not other-
wise specified (N=139). Subjects underwent an extensive clinical 
examination by the Comprehensive Assessment of Symptoms and 
History (CASH).

Bifactor models were estimated in each subsample and in 
the total sample to establish the best-fitting model using the 
omegaSem routine in the R package. Seven alternative models 
were estimated using multiple information criteria, including X2, 
log-likelihood, Akaike information criterion (AIC), Bayesian in-
formation criterion (BIC), sample-size adjusted Bayesian infor-
mation criterion (SABIC), confirmatory fit index, Tucker-Lewis 
index and root mean square error of approximation. Following 
identification of the best-fitting model, we examined its validity 
against the external indicators using linear regression. As an om-
nibus test of the associations between each factor and the valida-
tors, we used the general linear model, with partial ɳ2 indicating 
the percentage of the unique variance in each of the factors that 
is explained by the validators. To avoid false positive findings, p 
was set at <0.01.

For all fit measures compared, the best-fitting model in each 
subsample and in the whole sample was a model comprising a 
general factor and six specific factors of diminished expressiv-
ity, avolition-anhedonia, reality distortion, disorganization, mania 
and depression. The difference in AIC, BIC and SABIC parameters 
between this model and that with the second better fit was >211 in 
each subsample and in the whole sample, indicating very strong 
support for the superiority of this model over the others.

Factor loadings on the general factor were relatively large for 
disorganization symptoms (mean λ=.58), moderate for nega-
tive symptoms (mean λ=.44), low for reality distortion symptoms 
(mean λ=.23) and very low for mood symptoms (mean λ=.16). The 
amount of variance in the symptom scores that was accounted for 
by the general and specific factors was 61% and 31%, respectively.

The general factor exhibited more significant associations with 
the validators than any other factor, since it predicted most of the 
validators and explained 54% of their variance. The general fac-
tor score was significantly related to familial risk of schizophre-
nia (β=.056, 95% CI: .020-.125), poor educational performance 
(β=.165, 95% CI: .125-.205), childhood adversity (β=.065, 95% CI: 
.024-.105), poor premorbid adjustment (β=.155, 95% CI: .118-
.191), duration of untreated psychosis (β=.110, 95% CI: .072-.174), 
early age at illness onset (β=.194, 95% CI: .153-.234), chronic ill-
ness onset (β=.140, 95% CI: .102-.179), number of hospitalizations 
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(β=.107, 95% CI: .067-.148), cognitive impairment (β=.286, 95% 
CI: .249-.322), chronic illness course (β=.129, 95% CI: .092-.176), 
dose-years of antipsychotics (β=.060, 95% CI: .019-.100), current 
dose of antipsychotics (β=.596, 95% CI: .562-.622), poor treat-
ment response (β=.176, 95% CI: .138-.213), and four domains of 
psychosocial functioning impairment (β=.223, 95% CI: .138-.290).

In decreasing order of importance, the contribution of the in-
dividual specific factors in explaining the validity indicators was 
as follows: avolition-anhedonia 36%, diminished expressivity 
26%, depression 23%, reality distortion 18%, mania 12%, and dis-
organization 8%. The strongest association of both diminished 
expressivity and avolition-anhedonia factors was with social 
impairment (β=.212, 95% CI: .168-.252, and β=.436, 95% CI: .402-
.488, respectively). The strongest association of reality distortion, 
disorganization, mania and depression factors was with current 
dose of antipsychotics (β=.364, 95% CI: .336-.394), poor response 
to treatment (β=.136, 95% CI: .099-.173), familial risk of bipolar 
disorder (β=.227, 95% CI: .182-.251) and polypharmacy (β=.438, 
95% CI: .397-.478), respectively.

In summary, the construct validity of the bifactor model with 
six specific factors was verified by statistical fit indices. The psy-
chosis general factor accounted for a majority of the variance 
among symptoms and was the factor most often related to exter-
nal indicators, explaining 54% of their variation, all of which pos-
its the general factor as a core construct of psychotic pathology. 
The observed association pattern of the general factor with exter-
nal validators suggests that it may be indexing both a neurode-
velopmental signature of psychotic disorders and a marker of 
overall illness severity. Furthermore, these findings are broadly 
consistent with the hypothesis that the general psychosis factor 
might be at the extreme end of severity of the general psychopa-
thology factor8.

Despite not being an explicit component of psychiatric nosol-

ogy, the general psychosis factor provides an organizing model 
for understanding psychotic disorders that might have impor-
tant implications for predicting relevant risk factors and clinical 
features9. Although a direct causal interpretation is not possible, 
the external correlates of the general psychosis factor might be 
meaningful for clinical practice.

Assessing for the general factor could allow the identifica-
tion of relevant background variables and clinical features in 
subjects with psychotic disorders, who may benefit from careful 
clinical monitoring and possibly more tailored interventions. For 
instance, a high score on the general factor, irrespective of diag-
nostic categories, may alert the clinician about the risk of a broad 
range of poor clinical outcomes.
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WPA NEWS

The WPA Code of Ethics for Psychiatry

In October 2020, the WPA General As­
sembly adopted the Association’s first Code 
of Ethics for Psychiatry1. Developed by the 
Standing Committee on Ethics and Review, 
the Code was drafted and revised, with in­
put from psychiatric societies worldwide, 
over almost a decade prior to being final­
ized and adopted. Its four sections cover 
ethical issues in the major areas of psychi­
atric endeavor: the clinical practice of psy­
chiatry, psychiatric education, psychiatric 
research, and psychiatric participation in 
the promotion of public health, including 
public mental health. The Code now stands 
as WPA’s official statement on the ethics of 
psychiatry, having superseded the Declara­
tion of Madrid.

The formulation of this Code of Eth­
ics was stimulated by the recognition that 
WPA’s previous ethics documents, begin­
ning with the Declaration of Hawaii in 1977 
and culminating in the Declaration of Ma­
drid in 1996, were incomplete in their cov­
erage of the principal areas of psychiatric 
ethics. Thus, they lacked one of the primary 
attributes of an ethics code, i.e., a system­
atic approach to defining the parameters 
of professional ethical behavior2. To ensure 
coverage of the major areas of psychiatric 
ethics, the Standing Committee on Ethics 
and Review began by assembling all exist­
ing WPA documents related to ethics, as 
well as available ethics codes from Mem­
ber Societies around the world.

Key issues, especially if they were re­
flected in multiple sources – suggesting in­
ternational relevance – were compiled and 
organized into relevant sections, and ap­
proaches reflecting the generally agreed-
upon ethical principles were defined. With­
in each of the four areas of psychiatric activ­
ity noted above, the Code’s provisions were 
organized around five principles of medical 
ethics: beneficence, respect for patients 
(autonomy), non-maleficence, and the 
imperatives to improve standards of psy­
chiatric practice and to apply psychiatric 
expertise to the service of society (includ­
ing seeking equity in prevention, treatment 
and rehabilitation of psychiatric disorders). 
The resulting draft of the Code was then re­
viewed by the WPA Executive Committee 

and revised in response to its comments, 
and subsequently circulated to all Member 
Societies for their input. Initial discussion at 
the WPA General Assembly in Berlin in 2017 
was followed by clarification of the goals of 
the document, which was then approved by 
the Executive Committee and the General 
Assembly in 2020.

As with other codes of professional eth­
ics, the new WPA Code serves several func­
tions2. Individual psychiatrists, especially in 
countries where national psychiatric socie­
ties have not yet formulated ethics codes, 
can draw guidance from the Code when 
faced with ethical challenges in their pro­
fessional activities. The public and mem­
bers of other medical specialties and other 
health professions can look to the Code to 
shape their expectations of their interac­
tions with psychiatrists. Member Socie­
ties of the WPA can compare their existing 
codes with the new WPA Code to identify 
gaps that may need to be addressed, and 
those Societies without codes can use the 
Code as the foundation of their efforts to 
develop their own. Finally, the Code will 
alert governments to the ethical bounda­
ries of psychiatric practice and provide sup­
port for psychiatrists who may be pressured 
to act unethically to support political ends.

The Code is not meant to supplant na­
tional codes of ethics, which can better ad­
dress the particular circumstances of each 
country and incorporate societal values. 
However, Member Societies have been 
asked to endorse the principles embod­
ied in the WPA Code and to confirm that 
their codes are not in conflict with them. 
Individual psychiatrists will continue to be 
subject to the provisions of their national 
societies’ codes.

We encourage psychiatrists to review 
the Code, which is easily accessible on­
line1. Its provisions are framed as affirma­
tive statements of psychiatric behavior. 
Here, we provide some illustrative exam­
ples from each of its sections:

•• Ethics in the clinical practice of psychia­
try

○○ Psychiatrists recognize that their pri­
mary obligation in the clinical setting 

is to pursue the wellbeing of their 
patients, in light of the best available 
evidence and clinical experience.

○○ Psychiatrists are sensitive to the needs 
of patients’ families, carers, and oth­
ers who are affected by patients’ dis­
orders. They provide education and 
support to these groups, empowering 
them to assist patients in coping with 
their disorders and achieving their 
personal goals. Psychiatrists recog­
nize that optimal clinical care is ren­
dered through collaboration among 
patients, carers and clinicians, along 
with other team members, and they 
work to resolve differences and en­
courage cooperation among them.

•• Ethics in psychiatric education
○○ Psychiatrists recognize an obligation 

to share their knowledge of biologi­
cal, psychological and social determi­
nants of mental health; of psychiatric 
diagnosis, treatment and prevention; 
and of systems of mental health care 
with trainees and practitioners in psy­
chiatry, other medical specialties, oth­
er mental health professions, and the 
general public. They fulfill this respon­
sibility in a professional manner that 
reflects up-to-date, evidence-based  
knowledge of the field.

○○ Acknowledging the vulnerable posi­
tion of students and trainees and the 
trust that they place in their teach­
ers, psychiatrists avoid exploitation 
in their educational roles, e.g., they 
do not take credit for work done by 
students and trainees, appropriately 
balance education and requirements 
for service, and do not abuse their 
relationship with their students and 
trainees in any way.

•• Ethics in psychiatric research and pub­
lication

○○ Psychiatrists recognize that research 
and publication are vital in improv­
ing care for current and future pa­
tients and improving the health of 
the population as a whole. Hence, 
they acknowledge their responsibil­
ity to help advance knowledge about 
the nature of psychiatric disorders, 
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including risk and protective factors, 
and their treatment. Not all psychia­
trists will be interested in or carry out 
research, but everyone should be able 
to understand, interpret and apply re­
search findings, when appropriate, in 
a manner consistent with psychiatric 
ethics.

○○ Psychiatrists present the results of 
their research fairly, calling attention 
to both positive and negative results, 
and focusing both on the potential 
value of their findings and the limita­
tions of the conclusions that can be 
drawn from their data.

•• Ethics in psychiatric public health
○○ Psychiatrists take every opportunity 

to combat the stigma of psychiat­
ric disorders in the practice of their 
profession and participate in public 
health activities that target the stigma 
of psychiatric disorders to the extent 
of their abilities to do so.

○○ In their commitment to advancing 
mental health, psychiatrists promote 
distributive justice, including equita­
ble allocation of resources for the pre­
vention, treatment and rehabilitation 
of psychiatric disorders. Psychiatrists 
advocate in particular for support for 
mental health programs, especially in 
but not limited to developing countries 
and in areas where care for persons 
with psychiatric disorders is non-exist­
ent or rudimentary.

The WPA explicitly recognizes that an 
ethics code needs to be a living document, 
responsive to changes in knowledge of psy­
chiatric disorders and approaches to psy­
chiatric treatment. Moreover, professional 
ethics codes have always been responsive 
to societal changes as well, which often 
lead to reconceptualization of professional 
obligations or rebalancing among conflict­
ing principles3. Hence, it is anticipated that 

changes to the Code will be proposed by 
Member Societies and/or the Standing 
Committee on Ethics and Review and re­
flected in subsequent versions of the docu­
ment.
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Future WPA President’s public mental health agenda

The devastating global burden of men­
tal disorders continues unabated and, in 
fact, has been significantly exacerbated by 
the COVID-19 pandemic. More than one 
billion people suffered from mental and 
addictive disorders prior to the pandemic1. 
The true burden lies not only among iden­
tified patients, but also within the general 
population, where stress, burnout, depres­
sion, anxiety and sleep disorders are often 
unrecognized, untreated, and seldomly 
prevented2. Now, overwhelmingly, these 
conditions are compounded by the impact 
of the pandemic, including death of loved 
ones and associated grief3-5. Most pre­
ventable ill-health conditions have major 
consequences not only for the individual 
well-being but also for every nation’s eco­
nomic prosperity.

Several well-known factors amenable 
to intervention contribute to the global 
burden of mental disorders. First and fore­
most are stigma and discrimination6,7. The 
impact of both environmental and societal 
factors on the public’s mental health are 
generally not sufficiently recognized8,9, nor 
adequately addressed. Scepticism remains 

commonplace about the role of healthy 
lifestyles in promoting and preserving 
good mental health. In 2015, the 2030 Unit­
ed Nations (UN) Agenda for Sustainable 
Development, with seventeen sustainable 
development goals (SDGs), was agreed 
upon by Member States, requiring every 
country to act in a global effort towards a 
better future and health for all10. While that 
agenda has limitations, and some would 
suggest insurmountable barriers, it pro­
vides a useful global framework for action.

The WPA has an obligation to play an 
important role in contributing to the 
achievement of the SDGs. Most notably, 
the third SDG, “Health and Wellbeing”, in­
cludes decreasing suicide rates as an indi­
cator of progress. Such a reduction should 
be a high priority for the WPA. Mental 
health stigma and discrimination due to 
age, race, ethnicity, nationality, religion, 
gender, sexual orientation and other fac­
tors remain widespread. The tenth SDG, 
“Reducing Inequality” is another impor­
tant goal for the WPA, to ensure that no 
one is left behind. The seventeenth SDG, 
“Partnership between Governments, As­

sociations, the Private Sector and Civil 
Society”, deserves the WPA’s attention to 
secure better public mental health. Surely 
the COVID-19 pandemic has demonstrat­
ed the centrality of this SDG.

As WPA President-Elect, my vision in­
cludes increasing collaboration with UN 
agencies, to increase awareness about 
public mental health, and to facilitate WPA 
Member Societies’ contributions to the 
achievement of the SDGs. Collectively, we 
must influence not only UN bodies, but 
also national and local politicians. This can 
be achieved by learning from each other 
through a shared focus on collaborative 
educational and research activities, de­
voted to improving public mental health 
and carried out in parallel with improved 
recognition and treatment of psychiatric 
disorders.

I was humbled by the major obstacles 
cited when listening to the needs of na­
tional psychiatric associations during my 
WPA presidential campaign. It became 
painfully apparent that lack of fluency in 
English for a substantial portion of the 
membership hindered communication 
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and utilization of scientific and health pro­
moting materials, often published in Eng­
lish only. Therefore, one of my priorities is 
to develop educational hubs, based on the 
six World Health Organization (WHO) of­
ficial languages (Arabic, Chinese, English, 
French, Russian and Spanish), focused on 
high priority topics such as schizophrenia, 
substance use, depression and suicide 
prevention. These and many other topics 
will be addressed in response to the ex­
pressed needs of Member Societies.

Increasing understanding of what con­
stitutes public mental health among psy­
chiatrists and the general public, including 
collaboration with patient and family or­
ganizations, is a related goal, as it requires 
providing materials in the appropriate 
language to Member Societies, so they can 
assist local communities in their preven­
tion and intervention efforts. The result­
ing community collaboration, I believe, 
should be an integral part of the everyday 
activities of psychiatrists. Treatment ac­
tivities and public mental health promo­
tion initiatives should go hand in hand, 
reinforcing each other to achieve optimal 
outcomes.

Utilizing existing materials created by 
WPA Member Societies will be advanta­
geous, and new materials will be created as 
needed. All materials disseminated within 
the six educational language hubs will also 
be culturally adapted. Ideally, these efforts 
will come from students, residents and 
WPA members, including those who have 
retired, thus allowing participants to also 
serve as ambassadors and mentors to local 
and regional public mental health staff and 

programmes.
My experience in building international 

collaborations as Head of the Department 
of Public Health Sciences at Karolinska 
Institute and Director of the WHO Suicide 
Prevention Centre will aid in this process. 
Presently, I lead and participate in clinical 
and community projects throughout the 
world, particularly on developing mental 
health services and suicide prevention 
during the COVID-19 pandemlc11. It is my 
hope that this work can be expanded.

To the extent possible, I would like to 
mentor WPA members, so they too can as­
sume international leadership positions. I 
know that shared knowledge about public 
mental health and a constant dialogue 
among colleagues from different cultural 
contexts plays a vital role in the quality of 
our work. Moreover, it has the potential to 
expand the perspective of our members, 
which contributes to increased leadership 
when communicating with politicians 
and decision-making bodies. It also assists 
in identifying allies and securing funding. 
Overall, my goal is the further develop­
ment and enhancement of a global net­
work of psychiatrists in the WPA, who can 
assume leadership positions, locally and 
internationally, as we jointly seek better 
outcomes for all.

Finally, I want to acknowledge that the 
action plans and mosaic of current and pre­
vious WPA activities constitute the critical 
platform necessary for actualizing my own 
vision. All the ongoing high-quality activi­
ties at the WPA are worthy of our full sup­
port. As happened with my predecessors, 
each of us brings to the WPA his/her own 

unique gifts and possibilities. Personally, I 
have had the privilege of pursuing my inter­
ests in suicide prevention as the core of my 
professional life. I look forward to enlisting 
the collaboration of WPA members in ac­
tualizing the goals for the WPA articulated 
here, as I simultaneously pursue my life-
long dedication to the prevention of sui­
cide, hopefully with the help of many new 
colleagues12.

Danuta Wasserman
WPA President Elect
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WPA Secretariat’s work during the COVID-19 pandemic

The COVID-19 pandemic has inexora­
bly entered the life of the largest psychiatric 
organization in the world, the WPA, which 
unites under its wing more than 250,000 
specialists from 121 countries and repre­
sents 145 national societies of psychia­
trists1.

The task that the WPA President and Ex­
ecutive Committee set for me – as the new 
WPA Secretary General – is to reorganize the 
work of the Secretariat, based on today’s re­
ality, to optimize it, to revise job responsibili­

ties, and to highlight priorities. This includes 
restructuring the entire communication 
process; defining development prospects, 
strategy and coordination of our media re­
sources; and introducing and using new 
digital technologies, including the opera­
tional management of our website (www.
wpanet.org)2,3.

The next priority task is to improve com­
munication with the 18 Zonal Representa­
tives. I already knew many of them from our 
previous joint work in the WPA, or from oth­

er joint projects. My six years of experience 
in the same position will also help me in this 
respect. Furthermore, an important and 
time-consuming mission of the Secretariat 
is working with Member Societies4. For­
mally, there are 145 of them, but not all are 
active enough, not all of them pay dues on 
a regular basis, and with some we have just 
lost contact. That is why, together with Zonal 
Representatives, we are going to implement 
an “inventory” of the information base of 
the Member Societies. Close communica­
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tion with them is one of the foundations of a 
well-coordinated organization.

The next important task of the WPA Sec­
retariat is the logistic support to the effec­
tive work of the Executive Committee4. This 
includes the preparation of materials for 
meetings; verification and approval of re­
ports; and many other daily and routine ac­
tivities. As the WPA Secretary General, I am 
also expected to ensure the effective work 
of the WPA Council, maintaining constant 
communication with its chairperson. The 
responsibilities of the Secretary General 
also include the leadership of the Accredita­
tion Committee, which starts its active work 
during the pre-election period.

An important component of my up­
coming work will also be the assistance in 
the work of the WPA Standing Commit­
tees5 on Planning, Publications, Education, 
Sections, Meetings, Ethics and Review, 
Finances and Fundraising. I hope that my 
previous three years of experience in the 
Committee on Planning will help me in this 
respect.

At present, all our efforts are focused 
on the implementation of the WPA Action 
Plan for 2020-20236. The success of this im­
plementation will largely depend on the 
well-coordinated interaction of all compo­
nents of the WPA structure, and its Secre­
tariat is called to help in this.

The key features of the Action Plan are: 
to promote psychiatry as a medical spe­
cialty in clinical, academic and research 
areas, and to promote public mental 
health as a guiding principle; to highlight 
the specific role of psychiatrists in working 
with other professionals in health, public 

health, legal and social aspects of care; to 
ensure WPA’s positive engagement with 
Member Societies and WPA components, 
mental health professionals and general 
health care workers.

The six areas of the WPA Action Plan  
2020-2023 include: public mental health; 
child, adolescent and youth mental health; 
addressing comorbidity in mental health; 
developing partnerships for collaborative 
work and strengthening partnerships with 
mental health and other organizations; ca­
pacity building and training in global men­
tal health and public mental health; con­
tinuation and completion of previous WPA 
Action Plans7,8.

I plan to assist the President in search­
ing for educational grants and funds, and in 
preparing and monitoring specific propos­
als for sponsors. I will also assist in finding 
sites for Regional and Thematic Congresses. 
I also plan to prepare a report on the im­
portance of a constant collaboration with 
the mass media, with the aim of exploring 
the possibility to create a working group, or 
establish a Section, to develop a charter for 
relations with the press. The ultimate goal 
would be to sign such a charter with the In­
ternational Press Association.

Promoting mental health and increas­
ing the popularity of psychiatry as a medi­
cal specialty are among the objectives of the 
WPA Action Plan. I intend to submit work­
ing materials in this area to the Executive 
Committee. I am also planning regular ap­
pearances in the mass media with the aim 
to promote psychiatry as a medical special­
ty in clinical, academic and research areas 
and to promote public mental health as a 

guiding principle, as well as to disseminate 
information on WPA activities.

Concerning partnership with other pro­
fessional mental health organizations, I 
am going to participate as an observer in 
the work of the World Health Organization 
(WHO) General Assembly and Executive 
Board, to cooperate with the World Medi­
cal Association, and – as a member of the 
Council of the European Psychiatric As­
sociation and one of the founders of the 
European College of Neuropsychopharma­
cology (ECNP) – to cultivate relationships 
with these latter associations.

Using my experience in the WHO and 
the ECNP, I am also planning to contribute 
to the Action Plan goal of “Promoting evi­
dence-based psychopharmacotherapy”. I 
also expect to continue working in the WPA 
Expert Group on COVID-19 and the care 
for people with mental illness.

I am confident that the WPA will suc­
cessfully overcome the difficulties associ­
ated with this critical period and continue 
its effective work. The WPA Secretariat will 
make every effort to contribute to this, re­
lying on the full support from all compo­
nents of the Association.

Petr V. Morozov
WPA Secretary General
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Plan of the WPA Secretary for Scientific Meetings for the triennium 
2020-2023

It has been a great honor to be elected as 
the WPA Secretary for Scientific Meetings 
and to join the WPA Executive Committee. 
I am poised to do my utmost to promote 
the mission of the WPA and look forward 
to contributing to the achievements and 
success of the Association, supporting and 
advocating for the members and further 
advancing the best clinical care, education 

and research in psychiatry globally1,2.
The WPA Secretary for Scientific Meet­

ings is expected to: a) work with the Ex­
ecutive Committee and the Secretariat to 
oversee and co-ordinate all official sci­
entific meetings of the WPA and manage 
applications for WPA co-sponsorship of 
scientific meetings; b) be responsible for 
the development of proposals to host the 

World Congresses of Psychiatry and other 
WPA scientific meetings in accordance 
with the Association’s policies; c) assist 
in all aspects of the organization of World 
Congresses and other WPA scientific meet­
ings3.

The WPA goals for scientific meetings, 
as delineated in the policy approved by 
the Executive Committee in May 2019, are 
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to: a) increase the exchange of informa­
tion between psychiatrists from different 
parts of the world, including networking, 
training and mentoring of early career psy­
chiatrists4; b) contribute to the education 
of different categories of mental health 
workers by providing up-to-date scien­
tific information5; c) increase exchange 
and collaboration between psychiatrists 
and their community, professional, gov­
ernment and development partners in all 
parts of the world; d) boost collaborative 
research by bringing together psychiatrists 
and others interested in research from var­
ious parts of the world; e) strengthen links 
among WPA Member Societies and be­
tween WPA and international and regional 
organizations in psychiatry; f) increase the  
visibility of psychiatry nationally and inter­
nationally; g) contribute to WPA funds.

The WPA Standing Committee for Sci­
entific Meetings will continue to imple­
ment and improve the tasks and functions 
of the WPA related to congresses and co-
sponsored meetings by: a) improving the 
scientific quality of these meetings with 
state-of-the-art presentations; b) working 
in close collaboration with the WPA Secre­
tary for Education and Secretary General 
to provide continuing medical education 
(CME) credits for WPA meetings; c) work­
ing in close collaboration with the WPA 
Secretary for Finances to improve the fi­
nancial income and stability of the WPA 
through sponsored events; d) increasing 
the number of WPA co-sponsored meet­
ings to involve all the four Regions and 
eighteen Zones of the WPA, reaching high-, 
middle- and low-income countries; e) dis­
seminating WPA information, knowledge, 
educational programs and expertise to 
all the WPA Regions, in coordination with 
the Association’s Scientific Sections6,7; f) 
focusing on evidence-based knowledge 
by research oriented and educationally 
oriented presentations; g) addressing the 
mental health issues during and after the 

COVID-19 era8,9.
From the very beginning of the cur­

rent triennium 2020-2023, the COVID-19 
pandemic has disrupted planned medical 
conferences across the entire world. While 
facing these uncertain, unpredictable and 
unprecedented times, the WPA remains 
sensitive and respectful not only to those 
affected by COVID-19 but also to our own 
safety and well-being10. Based on close 
monitoring of the global risk assessment 
by the World Health Organization regard­
ing the COVID-19 pandemic, a number of 
our congresses and co-sponsored meet­
ings have since been cancelled, postponed 
or transformed into innovative online for­
mats.

At present, it is difficult to predict when 
the pandemic will be mitigated and we 
will be able to travel safely and resume in-
person meetings without jeopardizing our 
and others’ personal health. We will close­
ly monitor the future development of the 
COVID-19 pandemic and diligently make 
appropriate and sagacious adjustments in 
planning for future congresses. The WPA 
will not succumb to the “pandemic fa­
tigue” and detour its path, but will move 
forward.

The Association is confident that, by 
working closely together, we will be able to 
face and overcome the challenges. While 
trusting the pandemic shall pass, we now 
set our sights on 2021 and beyond, begin to 
review and reflect on the relevant issues of 
the current year, especially mental health 
during the COVID-19 pandemic, then 
strategize how to plan what the future will 
hold for us and embrace whatever the new 
norm for the post-COVID-19 era would be.

The very first WPA scientific event of the 
new triennium was the Thematic Congress 
on Intersectional Collaboration entitled 
“Psychological Trauma: Global Burden on 
Mental and Physical Health” , held virtually 
from 11 to 13 December 2020. The follow­
ing WPA Congresses that have been held 

or are confirmed or proposed include: the 
World Congress of Psychiatry “Psychiatry 
in a Troubled World” , held virtually from 
10 to 13 March 2021; the Regional Congress 
“Interdisciplinary Understanding of Co-
morbidity in Psychiatry: from Science to In­
tegrated Care”, held virtually from 16 to 18 
May 2021; the Regional Congress “Psycho­
pathology in Periods of Transition” , sched­
uled in Kyiv, Ukraine, from 7 to 9 July 2021; 
the World Congress of Psychiatry “New 
World, New Challenges for Psychiatry and 
Mental Health”, to take place in Cartagena, 
Colombia, from 18 to 21 October 2021; the 
World Congress of Psychiatry to be held 
in Bangkok, Thailand, from 3 to 6 August 
2022; and a Thematic Congress scheduled 
in Moscow, Russia, in October 2022.

The future congresses and meetings 
may be transformed into virtual or “hybrid” 
formats until the world recovers from the 
pandemic, and it becomes safe to travel 
and to convene face-to face meetings. The 
WPA has called for each zone to think of a 
thematic meeting and/or a regional meet­
ing in collaboration with other zones. The 
latter provides a viable opportunity to get 
closer to the other zones in the region. 
There are more WPA congresses and co-
sponsored meetings in the pipeline and we 
will regularly provide updates.

Edmond H. Pi
WPA Secretary for Scientific Meetings
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Update from the WPA Secretary for Education

The year 2020 has been most challeng­
ing. The COVID-19 pandemic has ad­
versely affected the physical and mental 

health of virtually everyone in the world. 
There is an anticipated increased demand 
for mental health care. However, given the 

limited mental health capacities around 
the world, especially in low- and middle-
income countries, this will imply that more 
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people with mental health problems will 
be deprived of optimal care1-5.

In the current triennium, one of the items 
of the WPA Action Plan6 is to enhance the 
mental health capacities around the world. 
Education and training in evidence-based 
clinical knowledge and skills are essential to 
achieve this goal. With Internet and smart­
phone technologies gaining popularity 
worldwide, the WPA Secretary for Educa­
tion’s work plans have also focused more on 
Internet-based education.

The WPA has been recently able to pur­
chase a licence for a learning management 
platform (known as the “LMS”), reorgan­
ize and update some of its many existing 
educational materials, recruit a part-time 
educational coordinator, and develop sev­
eral new online educational modules for 
the LMS with the kind support from ex­
perts in various Association’s components.

The availability of these modules in the 
WPA educational portal – accessible on 
the Association’s website (www.wpanet.
org) – provides mental health professionals 
around the globe (especially those in low- 
and middle-income countries) with new 
opportunities to learn and to update their 
psychiatric knowledge and skills. In par­
ticular, we have been able to develop mod­
ules on several vital topics – some examples 
being telepsychiatry, intimate partner vio­
lence, and basic psychotherapy. Such en­
hancement of knowledge and skills will 
hopefully translate into enhanced mental 
health capacity and improved access to 
care by patients, especially in underserved 
populations.

Within days of launching the system, 
more than 1,000 psychiatrists registered to 
access our learning materials (more than 
double our initial technical subscription). 
More than 3,000 website visitors read WPA 
news stories related to the educational por­
tal and close to 4,000 viewed the education­
al portal webpage. The profile of registered 
users is vast, with close to 50 countries rep­
resented from right across the globe.

It has become quickly clear that the WPA 
educational portal will be vital to our future 
work and to that of our 145 Member Soci­
eties and our mental health partners. We 
are eager to maintain the momentum cre­
ated during this launch phase and to build 
on it to ensure a valuable and sustainable 
resource well into the future. In the com­
ing year, the WPA would also like to further 
develop and expand the number of educa­
tional materials available, commission new 
materials on evolving areas and issues, ex­
pand the search functionality and language 
capability of the system, refine the registra­
tion process, and diversify the information 
gathered.

Apart from didactic learning through 
the modules available in the WPA educa­
tional portal, experiential learning is obvi­
ously important to enhance the translation 
of clinical knowledge into actual skills in 
patient care. In this respect, an important 
ongoing development is the further rollout 
of the WPA volunteering programme7. Due 
to travel restrictions related to COVID-19, 
online volunteering will be the main focus 
in the year 2021.

Through face-to-face interaction with 

expert volunteers online, participants from 
host organizations will benefit from real-
time lectures, Q & A sessions, role play of 
clinical skills, and supervisory feedback on 
their clinical performance. Given the po­
tential benefits to the volunteers and their 
hosts, this educational initiative has been 
upgraded to become the target of one of 
the WPA Action Plan’s work groups.

Comprised of experts on volunteering 
from different countries, this work group 
has just prepared guidelines and recom­
mendations on the attributes of expert vol­
unteers, the roles and responsibilities of the 
volunteering and host organizations, and 
the advisory and supportive roles played by 
the WPA. The work group is now planning 
to conduct a pilot volunteering project with 
an aim of field-testing and fine-tuning the 
practical logistics, and evaluating the effec­
tiveness and satisfaction with the project. 
These exciting developments will soon be 
available on the website of the WPA.
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The WHO’s Global Clinical Practice Network and the ICD-11 
implementation

The WPA is one of the professional or­
ganizations collaborating with the World 
Health Organization (WHO)’s Global 
Clinical Practice Network, whose ultimate 
mission is improving mental health care 
and services in the various regions of the 
world (https://gcp.network).

This Network now includes more than 
16,000 clinicians from 159 countries (51% 
psychiatrists, 30% psychologists; 40% from 
Europe, 25% from Western Pacific, 24% 

from the Americas, 5% from Southeast Asia, 
3% from Eastern Mediterranean, and 3% 
from Africa; 63% from high-income coun­
tries, 37% from middle- and low-income 
countries).

The Network has been collaborating with 
the WHO Department of Mental Health and  
Substance Use in studies informing the de­
velopment of the chapter on mental and 
behavioural disorders of the ICD-11. In par­
ticular, the Network has been involved in 

the Internet field trials, which have com­
pared the diagnostic agreement and the 
clinical utility for several groups of disor­
ders in the ICD-11 vs. the ICD-10.

A Network-based study focusing on the 
ICD-11 diagnostic guidelines for disorders 
specifically associated with stress1 found 
that the addition of complex post-traumat­
ic stress disorder (PTSD) and prolonged 
grief disorder to the diagnostic system rep­
resented significant developments with 
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respect to the ICD-10. Clinicians were able 
to distinguish these disorders from simi­
lar conditions and from normality. Their 
ability to differentiate between PTSD and 
adjustment disorder also improved with 
respect to the ICD-10. However, partici­
pants had some difficulties in making the 
distinction between symptoms of re-ex­
periencing the trauma in the present and 
memories in PTSD. This finding brought 
to a revision in the diagnostic guidelines. 
Indeed, a very important feature of this and 
other ICD-11 field trials is that they were 
conducted before the finalization of the 
text of the guidelines, so that they really in­
formed the final step of the development of 
the text.

Another Network-based study, focusing 
on the ICD-11 diagnostic guidelines for feed­
ing and eating disorders2, found that the ad­
dition of the new categories of binge eating 
disorder and avoidant-restrictive food intake 
disorder (ARFID) significantly improved di­
agnostic consistency with respect to the 
ICD-10. Furthermore, for all diagnostic cat­
egories, clinicians rated the clinical utility of 
ICD-11 guidelines (including ease of use, 
goodness of fit, diagnostic confidence, and 
clarity) more favourably than the ICD-10. 
However, the results of the study highlighted 
the need for, and led to, some revisions in 
the final version of the diagnostic guidelines, 
such as adding additional qualifiers related 
to underweight status in the definition of 
recovery in anorexia nervosa, and adding a 
clearer specification that the subjective ex­
perience of loss of control over eating and re­
lated distress is a diagnostic feature of binge 
eating, even when the person does not con­
sume an objectively large amount of food.

The Network is now serving as a catalyst 

for other research collaborations, in addi­
tion to contributing to the implementation 
of the ICD-11.

The chapter on mental and behavioural 
disorders of the ICD-11 has been adopted 
unanimously by the 72nd World Health 
Assembly in Geneva on May 25, 2019, al­
though reporting of health statistics based 
on the new classification will begin in Mem­
ber States only on January 1, 2022.

Innovations and changes in this chap­
ter have been presented in detail in a pa­
per published in this journal3; the involve­
ment of the WPA in the development of 
the chapter has been also described in the 
journal4-6, and several contentious issues 
(such as the role of a dimensional ap­
proach) debated in the process leading to 
the finalization of the chapter have been 
addressed in the journal as well7-12.

The translation of the ICD-11 chapter in 
several languages and the training of pro­
fessionals in its use are now ongoing. Edu­
cational courses have been conducted at 
the 18th and 19th World Congresses of Psy­
chiatry (Mexico City, Mexico, September 
27-30, 2018; and Lisbon, Portugal, August 
21-24, 2019), and a more comprehensive 
online 20-hr training course was conduct­
ed in relation to the 29th Congress of the 
European Psychiatric Association in April 
2021, with the participation of 150 psychia­
trists (selected from almost 500 applicants) 
representing 78 different countries. This 
training course was organized by the Na­
ples WHO Collaborating Centre.

At the 19th World Congress of Psychiatry, 
a plenary session dealt with the implemen­
tation of the new classification system, that 
will involve the interaction of the system 
with each country’s laws, policies, health 

care organization and information infra­
structure. K.M. Pike, from the Columbia 
University, New York, illustrated the multi­
ple modalities developed for training a vast 
array of international health professionals. 
M. Maj, who chaired the session with G. 
Reed, the coordinator of the process of de­
velopment of the new system, summarized 
some lessons that should be learnt from the 
implementation of previously developed 
classification systems.

The session emphasized the strong col­
laboration between the WHO and the WPA 
in all the steps of the development and test­
ing of the ICD-11 chapter on mental and 
behavioural disorders, and the long-term 
partnership that will now be established 
between the two organizations for the im­
plementation of the diagnostic system.

Giuseppe Piegari
WHO Collaborating Centre for Research and Training 
in Mental Health, University of Campania L. Vanvitelli, 
Naples, Italy
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