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Prediction of treatment outcomes in  
psychiatry—where do we stand?
Francis J. McMahon, MD

Introduction

 Over the past 50 years, clinical psychiatry has 
been revolutionized by the development of a broad 
range of psychopharmaceutical agents that can effec-
tively ameliorate symptoms of many major mental ill-
nesses, including schizophrenia, mood disorders, and 
anxiety disorders. Despite these advances, no curative 
treatments have yet been developed, so patients must 
generally take medications for a long period of time—
often years—creating a risk for long-term adverse 
events.1 Although most currently used psychophar-
maceutical agents are safe and well-tolerated, side ef-
fects can be problematic even with acute use, leading 
to reduced treatment adherence and poorer outcomes.2 
Moreover, response rates for most psychopharmaceuti-
cal agents are not optimal, and it can take months for 
clinicians to find the best medication or combination 
treatment for individual patients. Even less is known 
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Psychiatric treatment relies on a solid armamentarium 
of pharmacologic and nonpharmacologic treatment 
modalities that perform reasonably well for many pa-
tients but leave others in a state of chronic disability or 
troubled by problematic side effects. Treatment plan-
ning in psychiatry remains an art that depends on con-
siderable trial and error. Thus, there is an urgent need 
for better tools that will provide a means for matching 
individual patients with the most effective treatments 
while minimizing the risk of adverse events. This review 
will consider the current state of the science in predict-
ing treatment outcomes in psychiatry. Genetic and other 
biomarkers will be considered alongside clinical, diag-
nostic, and family history data. Problems inherent in pre-
diction medicine will also be discussed, along with recent 
developments that support the hope that psychiatry can 
do a better job in quickly identifying the best treatments 
for each patient. 
© 2014, AICH – Servier Research Group Dialogues Clin Neurosci. 2014;16:455-464.
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about predictors of response to vital nonpharmacologi-
cal treatments such as psychotherapy.
 Improved prediction of treatment response could 
have many benefits for patients and reduce the health 
care costs that accrue from the use of inappropriate or 
suboptimal treatments. This is a key goal of the person-
alized medicine movement.3 However, prediction is a 
challenging endeavor, since many different variables 
can affect individual treatment outcomes. Among these, 
diagnosis, comorbidity, and treatment adherence are 
clearly important. In recent years, considerable effort 
has gone into developing biomarkers of treatment re-
sponse that might supplement clinical factors. Genetic 
markers have received the most attention thanks to the 
exciting advances in pharmacogenomic research.4 
 Pharmacogenomics aims to reduce acute and long-
term adverse events and optimize response rates by 
using genetic information to match medications to in-
dividual patients.5 Pharmacogenomic research has ad-
vanced greatly in recent years, owing to the wealth of 
data and new technologies that have arisen from the 
Human Genome Project and related initiatives. How-
ever, firm genetic associations have proven to be the 
exception rather than the rule, perhaps owing to lim-
ited sample sizes. A few robust research findings have 
emerged, but the translation of these findings into bet-
ter clinical care remains challenging. Other biomarkers 
are being sought by a variety of methods, including neu-
roimaging, proteomics, and metabolomics. These areas 
are still relatively unexplored in psychiatry as sources 
of information that could inform prediction of treat-
ment outcomes. New advances are expected in the near 
future that could alter the impact of these kinds of bio-
markers in psychiatry. 
 In this review, the current state of treatment pre-
diction research in psychiatry will be reviewed, with 
the aim of summarizing progress and highlighting ar-
eas where research findings have the best potential for 
near-term translation to clinical practice. This is not a 
systemic overview of the literature, but rather an at-
tempt to provide an expert review that summarizes key 
findings for a nonspecialist audience. 
 We will begin with an overview of the science of pre-
diction, highlighting some recent developments in mul-
tivariate and actuarial methods of relevance to clinical 
medicine. Next, we will discuss some of the typical end 
points that clinicians seek to predict, along with opti-
mal study designs. Next we address the ways in which 

treatment outcomes can be measured in psychiatry, 
where improvement can seem subjective and difficult 
to operationalize. After a review of some well-studied 
predictive factors, including diagnosis, comorbidity, and 
genetic and other biomarkers, we will conclude with a 
view to future directions for research and practice.

Prediction science

Prediction of treatment outcomes is a specific case of 
the broader and very vibrant field of prediction science.6 
Fundamentally, a prediction is a statement about the 
way things will be in the future. Good predictions are 
based on experience and data, but these can be noisy 
sources of information. The best predictions arise from 
statistical methods that fit precise data to valid mod-
els describing how the relevant variables contribute to 
the outcome. Experience tells us that an apple dropped 
from a tree will fall to the ground; Newtonian mechan-
ics offer a model that makes use of the precise dropping 
height, gravitational constant, and mass to predict the 
force with which the apple will impact the ground. 
 This example highlights several challenges that 
make the prediction of treatment outcomes more com-
plex than the prediction of an apple’s descent: What are 
the relevant variables? How can they be measured with 
precision? What is the most valid model that fits the 
data? The impact of stochastic (chance-wise) variation 
must also be considered.7 Stochastic variation makes it 
more difficult to predict outcome in a specific individual 
than it is to predict average outcomes of a group. 
 Consider the case of life insurance. Life insurance 
works since insurers use large sets of actuarial data to 
predict, with considerable accuracy, how long groups of 
individuals with particular lifestyles, health histories, and 
demographic characteristics will live and to set premium 
rates accordingly. In theory, similar principles apply to 
prediction in medicine, but amassing the required data in 
sufficient sample sizes can be challenging. The advent of 
electronic medical records may improve this situation,8 
especially in societies where medical care is organized in 
such a way that all outcomes can be tracked over time 
without significant attrition. On the other hand, predic-
tion algorithms based on large samples do not help much 
in predicting an individual outcome, which is most im-
portant from the perspective of an individual patient. 
Insurance companies cannot predict exactly who will 
survive and who will not, only group outcomes. Similarly, 
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standard medical approaches to predicting mortality 
generally perform modestly, at best.9 
 In the best of worlds, predictions for a specific in-
dividual could be based on the right combination of 
clinical findings, biomarker measures, and genetic in-
formation. These data could be used to place a given 
patient in a subclass with well-studied outcomes. Breast 
cancer offers a good example, where we can already tai-
lor treatment and make a good prognosis on the basis 
of family history, clinical staging, and expression of es-
trogen receptors by tumor cells.10 Of course, the brain 
is a more complex organ than breast, liver, or kidney, 
but the same principles of prediction can be applied to 
psychiatric treatment outcomes. 

Measurement of prediction in medicine

In medicine, the predictive value of a test depends on 
three main factors.11 First, and most important, is the 
likelihood of the outcome of interest given the popula-
tion from which the individual being tested is drawn, 
also known as the prior probability. If prior probability 
is low, even the best tests will return many false posi-
tives. Test sensitivity is another important factor, ex-

pressing how good the test is at detecting the outcome, 
or the probability of a positive test in someone who will 
show the outcome of interest. Test specificity expresses 
how good the test is at differentiating among possible 
outcomes, or the probability of a negative test in some-
one who will not show the outcome of interest.
 Sensitivity and specificity tend to vary inversely, so 
the goal is often to find the test value that maximizes 
both. This can be expressed as the area under the curve 
(AUC) of a receiver operating curve (ROC), where sen-
sitivity is plotted against specificity (Figure 1). Clinically 
useful tests usually have AUC values over 80%. In prac-
tice, however, it is often more useful to know the posi-
tive predictive value (PPV) of a test, which expresses the 
probability that a positive test correctly detects someone 
who will develop the outcome of interest: 
 PPV = true positives/(true positives + false positives)
 Related concepts comprise measures that also at-
tempt to address the clinical utility of a test: does the 
test provide unique information of sufficient impact 
to affect clinical decision-making14? One of the best-
known such measures is the number needed to screen 
(NNS), which estimates the number of patients who 
would need to be tested for every true positive detect-
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Figure 1.  Left: The receiver operating characteristic (ROC) curve.12 Right: Example of a good diagnostic test, serum troponin T as a predictor of 
acute myocardial infarction.13 Se, sensitivity; Sp, specificity.

  Reproduced from references 12 and 13: Receiver Operating Characteristic Curve. Available at: http://www.adscience.eu/uploads/ckfiles/files/html_files/
StatEL/statel_ROC_curve.htm. Accessed October 2014. Copyright © Adscience 2014; Aldous SJ, Richards M, Cullen L, Troughton R, Than M. Diagnostic 
and prognostic utility of early measurement with high-sensitivity troponin T assay in patients presenting with chest pain. Can Med Assoc J. 2012;184:e260-
e268. Copyright © Canadian Medical Association 2012
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ed.15 There is no hard rule for NNS, since it may make 
more sense to screen a large number of people for a 
rare but serious outcome, while a less serious outcome 
might call for a smaller NNS.

Typical end points

Treatment outcomes can cover a range of end points, in-
cluding symptom reduction, recurrence, relapse, and ad-
verse events. Symptom reduction is a key goal, but as an 
end point in psychiatry, it is often complicated by spon-
taneous remissions, placebo effects, and other factors 
beyond simple response to treatment. Major depression 
is a good example, where placebo effects are often very 
prominent.16 Recurrence and relapse are usually distin-
guished by the duration (and completeness) of symptom 
reduction, both of which can be difficult to rate reliably, 
especially in retrospect. Adverse events are a less desir-
able end point, but can be quite important when they 
affect adherence—such as sexual dysfunction—or pose 
a serious health risk—such as agranulocytosis. Distinc-
tive adverse events are often good targets for biomarker 
studies, although ascertainment of rare or delayed ad-
verse events can be a challenge. 
 In designing a treatment outcomes study, it is impor-
tant to consider the expected frequency of the outcome(s) 
of interest. Acute symptom reduction is best studied with 
a prospective, randomized, double-blind, repeated mea-
sures design.17 Uncommon or rare adverse events cannot 
usually be studied in this way, since it would be imprac-
tical to prospectively follow the large group of patients 
needed to accumulate a sufficient sample of adverse out-
comes. Such end points are better studied with retrospec-
tive case-control designs, where patients who have expe-
rienced the adverse outcome of interest are compared 
with those who did not.18 The best case-control designs 
carefully match each case with one or more controls 
that address bias and potential confounders. Variables 
that cannot be matched in this way can often be handled 
through statistical tools such as regression, but the pro-
tection against confounding is not as secure.19 
 Replication samples are always important, especially 
when a retrospective case-control design is employed18 
or when data-mining approaches are used to identify po-
tential predictors. Failure to build in a sufficient replica-
tion sample can lead to biases such as overfitting, Win-
ner’s Curse, and false negative replication. Overfitting 
refers to the tendency to accumulate spurious predictors 

when multivariate models are fit to a single dataset.20 The 
Winner’s Curse, well-known in genetics studies, describes 
the overestimation of effect sizes in an initial sample, 
especially when many hypotheses are tested, as in a 
genome-wide association study.21 Several good methods 
can correct for the Winner’s Curse, but study of an in-
dependent sample is usually needed.22,23 False negative 
replication is the risk of failing to confirm a true finding 
when the replication sample was too small or too differ-
ent from the initial sample to support a valid test of the 
null hypothesis.24 To reduce this risk, replication samples 
should be larger than initial samples and should ideally 
be ascertained using identical methods.

Measurement of treatment outcomes

Treatment outcome research in psychiatry has a long 
history rooted in observational studies and randomized 
clinical trials. These kinds of studies have influenced the 
ways in which treatment outcomes are measured by de-
veloping widely used and highly reliable measures of 
symptoms and impairment.25 Table I lists some examples 
of commonly used instruments. These instruments are 
often best-suited for acute treatment outcomes. Fewer 
well-validated instruments exist for the measurement of 
longer-term outcomes, especially for episodic disorders 
or those whose primary symptoms change over time. 
Rare adverse events that emerge after years of treatment 
are particularly difficult to detect and characterize.26 
 Despite these limitations, it is now possible to mea-
sure treatment outcomes for most major psychiatric 
illnesses with a high degree of precision and reliabil-
ity. There is a rich literature on measurement of mood 
symptoms,27 psychotic symptoms,28 anxiety,29 and cogni-
tive impairment.30,31 There are also good instruments 
for measuring symptom exacerbation,25 episode recur-
rence, and relapse over time and their relationship to 
treatment interventions.32-34 Global measures of social 
or occupational impairment of have also been devel-
oped that offer a perspective on illness outcomes that 
crosses diagnostic boundaries.35

The best studied predictive factors

Diagnosis and clinical features

Considerable research, reaching back into the last cen-
tury, has been focused on using diagnosis as a predictor 
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of treatment outcome. Attempts have been made to de-
lineate clinical forms of schizophrenia that are more re-
sponsive to antipsychotics,36,37 lithium-responsive forms 
of bipolar disorder,38,39 and treatment-resistant forms of 
depression.40-43 
 There has been some progress in this approach. For 
example, early age at onset is a consistent predictor of 
greater symptom severity in mood disorders, although 
not necessarily of treatment outcome.43-46 Symptom se-
verity is another well-studied predictor, but its predic-
tive value varies by diagnosis. Major depression is more 
responsive to medications when symptoms are severe.47 
In contrast, severe schizophrenia is less responsive to 
treatment.48

 The major limitation of predictors based on diag-
nosis and clinical features is dependence on clinical 
assessments that may be inaccurate, imprecise, or un-
stable over time. Diagnosis may also be too distal from 

underlying biological processes that presumably under-
lie various outcomes. New diagnostic systems such as 
the research domain criteria (RDoC) seek to address 
this problem by focussing on dimensions of observable 
behavior and neurobiological measures.49 
 Based on this idea, much recent research has focused 
on cognitive symptoms in schizophrenia as prognostic in-
dicators and as treatment targets in themselves.50-52 Wide-
ly used antipsychotics that control positive symptoms 
such as hallucinations do not treat—and may actually 
exacerbate—many of the deficits in working memory, 
social cognition, and executive functioning that contrib-
ute to the disability associated with schizophrenia.53 Psy-
chotherapeutic and pharmacologic interventions that 
effectively target these cognitive symptoms could thus 
contribute to better functional outcomes in patients suf-
fering from schizophrenia and other psychotic disorders. 

Treatment adherence

Treatment adherence is an obvious but sometimes over-
looked factor that can play a major role in treatment 
outcome.2 In research settings, treatment adherence 
can be monitored with blood levels, pill counts, or di-
rect supervision. In clinical settings these measures may 
be difficult or impossible to implement. One consistent 
predictor of good treatment compliance is a subjective 
sense of positive regard for the treating clinician,36,54 
which emphasizes the importance of the doctor-patient 
relationship in predicting treatment outcomes. 
 Treatment adherence is also related to adverse drug 
events. For example, in the STAR*D study of outpa-
tients with major depression, reported adherence was 
lowest in those with the highest perceived side-effect 
burden.54 A similar phenomenon was observed in the 
CATIE study of outpatients with schizophrenia.28 These 
data suggest that efforts aimed at reducing perceived 
side effects could lead to better outcomes mediated by 
better treatment adherence. 

Comorbidity

Among the general factors that affect treatment out-
comes, comorbidity looms large, particularly in psychia-
try. As a general rule, the more comorbidity, the poorer 
the outcome. This rule applies not only to psychiatric 
disorders, which are typically comorbid, but also to 
nonpsychiatric illnesses, especially chronic conditions 
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Mood symptoms

Hamilton Depression Rating Scale (HDRS)

Beck Depression Inventory (BDI)

Montgomery Asberg Depression Rating Scale (MADRS)

Young Mania Scale (YMS)

Psychotic symptoms

Scales for the Assessment of Negative and Positive Symptoms 
(SANS-SAPS)

Positive and Negative Symptom Scale (PANSS)

Anxiety

Beck Anxiety Inventory

Hamilton Anxiety Scale

Cognitive impairment

Mini Mental State Exam (MMSE)

Trail Making Test

Wechlser Adult Intelligence Scale (WAIS)

General impairment and disability

Global Assessment of Functioning (GAF)

Hopkins Symptom Checklist (HSCL-90)

Brief Psychiatric Rating Scale (BPRS)

Present State Exam (PSE)

Longer-term outcomes

Retrospective Assessment of Lithium Response (Alda Scale)

Table I.  Some commonly used measures of symptoms and impair-
ment.
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such as heart disease,55 kidney disease,56 and diabetes.57 
Comorbid anxiety disorders are one well-known risk 
factor for poor treatment outcomes in major depres-
sion.54,58 Comorbid substance-use disorders (SUDs) are 
another major predictor of poor treatment outcomes. 
SUDs directly interfere with treatment response to an-
tidepressants and anti-anxiety agents. SUDs are also 
associated with poorer treatment adherence, greater 
complaints of treatment-emergent adverse events, and 
more medical complications, all of which correlate with 
poorer outcomes.59,60 

Genetic markers

All biomarkers represent correlations between an ob-
servation (test value) and an outcome. Correlation does 
not necessarily mean causation, since the observation 
may be the consequence of the outcome, rather than 
its cause (reverse causation), or may be correlated with 
some unobserved causal factor. Genetic markers can be 
especially useful as biomarkers since they are not sub-
ject to the reverse causation problem. The value of a 
genetic marker (ie, a basepair or set of basepairs in the 
inherited sequence of DNA) cannot reflect the result of 
a health outcome. 
 Genetic markers may still represent correlated, non-
causal events, however. Genetic markers detected in a 
genome-wide association study (GWAS) are a good 
example. In most cases, the markers do not themselves 
represent a genetic variation with a direct biological im-
pact, but are instead associated with one or more func-
tional changes in the coding or regulatory sequence of a 
nearby gene. This fact also means that genetic markers 
emerging from GWAS are often difficult to follow up 
biologically, even when the markers themselves may re-
flect a valid association with a clinical outcome.
 Occasionally, individual genetic markers may have 
predictive value for outcomes that reflect a major im-
pact of a single gene, such as a Mendelian disease or 
a rare adverse event heavily influenced by only a few 
genes. Stevens-Johnson Syndrome in patients exposed 
to carbamazepine is a good example of this.61 More of-
ten, the causal architecture of treatment outcomes is the 
result of a complex mixture of non-genetic factors and 
several different genes. Recent methods that take into 
account large sets of common genetic markers – hun-
dreds to millions—show some promise for increased 
predictive value, but even in the best-case scenarios 

AUC values have tended to top out around 65%—too 
low for clinical utility.62 More complex models that con-
sider large sets of genetic markers along with clinical 
predictors could have greater predictive value,63 but 
such models have so far been little studied. 
 There has been considerable interest recently in ap-
proaches that go beyond common genetic variation to 
encompass rare variants that may have a large impact on 
health in individuals. The personal genome movement 
represents a fresh opportunity to use genetic informa-
tion in the prediction of individual treatment outcomes. 
Personal genome analysis uses extensive bioinformatic 
annotation of an individual’s genome to generate proba-
bilistic statements about disease risks and treatment out-
comes.64,65 For this kind of analysis, sequence may focus 
on the portion of the genome transcribed into proteins—
the “exome”—but whole genome sequence is best, since 
it represents noncoding and regulatory variation that 
may have an impact on disease.66

 From the “personal genomics” perspective, indi-
vidual health outcomes are influenced uniquely by each 
person’s total genetic endowment, most of which repre-
sents rare genetic variants that can only be discovered 
by high-throughput (whole exome or whole genome) 
sequencing.64 While it is undeniable that each person is 
genetically unique, personal genomics needs to tackle 
some problems with inference before it can establish it-
self as a useful tool in medicine. If each person is unique, 
then how can we make predictions that are statistically 
valid?67 How can we compare disease and treatment out-
comes between groups? Can we practically amass the 
very large sample sizes needed to assess the impact of 
rare variation?68 While there are still many methodologi-
cal and ethical issues that will need to be addressed,1 
personal genome analysis will grow more and more 
powerful as the worldwide database of human genome 
sequence data and health outcomes grows.69

Other biomarkers

Other biomarkers that are the subject of ongoing re-
search include measures of gene expression,70 neuroim-
aging measures,71-74 circulating inflammatory factors,75 
electroencephalographic measures,76,77 and metabolo-
mics. Some interesting findings have also emerged in 
the field of proteomics, which go beyond measures of 
individual proteins to assess widespread patterns of 
protein expression.78 
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 Most of these approaches are severely limited by the 
inaccessibility of the brain in living patients. Even this 
barrier may fall in the future. New technologies such as 
induced pluripotent stem cells (iPSc) allow scientists to 
“reprogram” peripheral tissues (such as skin) to differ-
entiate into neurons and glia. The cells express the same 
genome as the patient from whom they were collected, 
although epigenetic marks such as DNA methylation 
are lost. While challenging and expensive, iPSc method-
ology has already shown promise as a means of devel-
oping cellular models of mental illness that exhibit de-
fects in neuronal development and synapse formation 
in cells derived from patients with schizophrenia.79,80 In 
the future, such models may be one way to design drug 
treatment regimens specifically tailored to an individu-
al patient’s genetics and cellular pathology. 
 Although promising, none of these biomarkers 
have been studied in sufficiently large samples to sup-
port firm conclusions. Integration of predictors across 
clinical and biological domains is another area that has 
so far been little explored,40 but is of growing interest 
as the multifactorial nature of treatment outcome be-
comes increasingly clear.

Other predictive factors

Other factors that have been shown to influence treat-
ment outcomes include socioeconomic status, race, and 
adverse life events.81,82 Since these variables tend to be 
correlated in many populations, it is difficult to disen-
tangle causes from consequences. One approach takes 
advantage of genome-wide data to separate genetic an-
cestry from race, which can be especially useful in popu-
lations of mixed ancestry where genetics and race are 
not tightly correlated.83 One big disadvantage of these 
kinds of variables is that they are often not considered 
modifiable risk factors for poor treatment outcomes, so 
will always have limited clinical utility.
 Recent literature on response to a variety of psy-
chotropic treatments has highlighted the importance of 
early symptomatic improvement. While the published 
studies vary in their definition of early response, several 
have suggested that a reduction in symptoms within the 
first week of drug exposure strongly predicts response 
after many weeks of therapy. In patients with unipolar 
major depression, sensitivities and specificities in the 
range of 80% have been reported.84 For patients with 
bipolar depression, specificity is low, ie, lack of early 

improvement predicts poor response, but the presence 
of early improvement is unreliable.85 Interestingly, this 
finding seems to hold both for pharmacological and 
psychotherapeutic (cognitive-behavioral) modalities86 
and has been linked to changes in brain-derived neuro-
tropic factor (BDNF) in one study.87 Similar results have 
been reported for mania, schizophrenia, and ADHD.88-90 
These findings may contradict the established view that 
response to psychiatric treatments cannot be accurate-
ly gauged before several weeks. If supported in future 
studies, this observation could prove to be a valuable 
clinical predictor of response: patients who fail to show 
any response within the first week of treatment may 
benefit from a change.
 The recent focus on genetics has also revived interest 
in the family history as a predictive tool.91 Families can 
be uniquely informative since they provide a “natural 
laboratory” in which genetics and environment come 
together in a manner that is not seen in other groupings 
of people.92 While everyone in a family is genetically 
distinct, relatives share substantial fractions of rare and 
common genetic variation in a context of shared envi-
ronment and life experiences. Thus we should not be 
surprised that family history is still a much better pre-
dictor of common health and treatment outcomes than 
any available genetic tests.93,94 Just one example: family 
history is still the best predictor of response to lithium 
in bipolar disorder.38,95 This renewed interest in family 
history has also led to proposals for better, more effi-
cient collection of family history data in research and 
clinical contexts.96,97 

Summary and future directions

Prediction of treatment outcomes remains a signifi-
cant challenge for psychiatry, as it does for the rest of 
medicine. While there has been considerable progress 
in recent years, major barriers to progress remain. In-
adequate sample sizes are a significant problem, since 
psychiatric diagnostic categories remain quite hetero-
geneous, with little assurance that similarly diagnosed 
patients share similar etiological and pathophysiologi-
cal factors. We still have a poor understanding of how 
events that can be described at the level of genes or 
neurons emerge as complex mental states characterized 
by disturbances in emotions, cognitions, and behaviors. 
And as in other fields of medicine, treatment outcomes 
will continue to be influenced by individual choices and 
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disparities in social, economic, and educational oppor-
tunities that are largely beyond the control of clinicians.
 We now have a solid foundation in prediction sci-
ence, outcomes measurement, and genomics on which 
future research can build. The best predictions will need 
to take into account clinical as well as biomarker data. 
Genetic markers show special promise in this regard, but 
we need more research into the clinical utility of genetic 
information in individual treatment decisions. Integra-
tive approaches that like the family history can jointly 

model genetic and environmental influences stand the 
best chance for generating clinically-relevant predictions. 
 How far can we go in predicting treatment outcomes 
in psychiatry? As data accumulate, we should be able to 
move well beyond the largely trial-and-error approach 
most psychiatrists still rely on. Even the best predic-
tions are ultimately limited by the great extent of hu-
man variation, without which, to paraphrase William 
Osler, medicine would be more of a science and less of 
an art. o
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La predicción del resultado del tratamiento en 
psiquiatría: ¿dónde estamos?

El tratamiento psiquiátrico cuenta con un completo ar-
senal de modalidades terapéuticas farmacológicas y no 
farmacológicas que funcionan relativamente bien en 
muchos pacientes, pero que dejan a otros incómodos 
por importantes efectos secundarios o en un estado 
de discapacidad crónica. Los planes de tratamiento en 
psiquiatría continúan siendo un arte que depende en 
forma considerable del ensayo error. Por lo tanto, exis-
te una urgente necesidad de mejores herramientas que 
proporcionen los medios para asociar a pacientes indi-
viduales con las terapias más efectivas al mismo tiempo 
que minimicen el riesgo de efectos adversos. Esta re-
visión aborda el estado actual de la ciencia respecto a 
la predicción de resultados terapéuticos en psiquiatría. 
La genética y otros biomarcadores se consideran junto 
con información clínica, diagnóstica y de la historia fa-
miliar. Se discuten problemas inherentes a la predicción 
en medicina y también los desarrollos recientes que 
sustentan la esperanza que la psiquiatría pueda reali-
zar un mejor trabajo en la rápida identificación de las 
mejores terapias para cada paciente. 

Prédiction des résultats thérapeutiques en 
psychiatrie : où en sommes-nous ?

Les traitements psychiatriques reposent sur un arsenal 
solide de modalités thérapeutiques pharmacologiques 
et non pharmacologiques assez efficaces pour de nom-
breux patients, mais qui en laissent d’autres dans un 
état d’incapacité chronique ou gênés par des effets 
indésirables problématiques. La planification d’un trai-
tement en psychiatrie reste un art qui dépend beau-
coup d’essais et d’erreurs. Il est donc urgent de trouver 
de meilleurs outils pouvant apparier chaque patient 
au traitement le plus efficace, tout en minimisant le 
risque d’événements indésirables. Cet article concerne 
l’état actuel des connaissances permettant de prédire 
les résultats des traitements en psychiatrie. Les biomar-
queurs génétiques et d’autres marqueurs sont men-
tionnés aux côtés des données cliniques, diagnostiques 
et familiales. Nous analysons les problèmes inhérents 
à la médecine prédictive, parallèlement aux dévelop-
pements récents laissant espérer que la pratique de la 
psychiatrie peut être améliorée en identifiant rapide-
ment les meilleurs traitements pour chaque patient. 



S t a t e  o f  t h e  a r t

464

54.  Murphy EJ, Kassem L, Chemerinski A, Rush AJ, Laje G, McMahon 
FJ. Retention and attrition among African Americans in the STAR*D 
study: what causes research volunteers to stay or stray? Depress Anxiety. 
2013;30:1137-1144.
55.  Kerber KB, Wisniewski SR, Luther JF, et al. Effects of heart disease on 
depression treatment: results from the COMED study. Gen Hosp Psychiatry. 
2012;34:24-34.
56.  Hedayati SS, Minhajuddin AT, Afshar M, Toto RD, Trivedi MH, Rush AJ. 
Association between major depressive episodes in patients with chronic 
kidney disease and initiation of dialysis, hospitalization, or death. JAMA. 
2010;303:1946-1953.
57.  Bryan C, Songer T, Brooks MM, et al. The impact of diabetes on de-
pression treatment outcomes. Gen Hosp Psychiatry. 2010;32:33-41.
58.  Gollan JK, Fava M, Kurian B, et al. What are the clinical implications 
of new onset or worsening anxiety during the first two weeks of SSRI 
treatment for depression? Depress. Anxiety 2012;29:94-101.
59.  Davis LL, Pilkinton P, Wisniewski SR, et al. Effect of concurrent sub-
stance use disorder on the effectiveness of single and combination an-
tidepressant medications for the treatment of major depression: an  
exploratory analysis of a single-blind randomized trial. Depress Anxiety. 
2012;29:111-122.
60.  Davis LL, Wisniewski SR, Howland RH, et al. Does comorbid substance 
use disorder impair recovery from major depression with SSRI treatment? 
An analysis of the STAR*D level one treatment outcomes. Drug Alcohol 
Depend. 2010;107:161-170.
61.  Li X, Yu K, Mei S, et al. HLA-B*1502 increases the risk of phenytoin or 
lamotrigine induced Stevens-Johnson Syndrome/toxic epidermal necroly-
sis: Evidence from a meta-analysis of nine case-control studies. Drug Res 
Stuttg. 2014; epub May 28 2014.
62.  Gratten J, Wray NR, Keller MC, Visscher PM. Large-scale genomics 
unveils the genetic architecture of psychiatric disorders. Nat Neurosci. 
2014;17:782-790.
63.  Le-Niculescu H, Patel SD, Bhat M, et al. Convergent functional ge-
nomics of genome-wide association data for bipolar disorder: compre-
hensive identification of candidate genes, pathways and mechanisms. Am 
J Med Genet Part B Neuropsychiatr Genet. 2009;150B:155-181.
64.  Li-Pook-Than J, Snyder M. iPOP goes the world: integrated personal-
ized Omics profiling and the road toward improved health care. Chem 
Biol. 2013;20:660-666.
65.  Hood L, Tian Q. Systems approaches to biology and disease en-
able translational systems medicine. Genomics Proteomics Bioinformatics. 
2012;10:181-185.
66.  Boyle AP, Hong EL, Hariharan M, et al. Annotation of functional variation 
in personal genomes using RegulomeDB. Genome Res. 2012;22:1790-1797.
67.  Janssens ACJW, Ioannidis JPA, van Duijn CM, Little J, Khoury MJ. 
Strengthening the reporting of genetic risk prediction studies: the GRIPS 
statement. Genet Med. 2011;13:453-456.
68.  Ioannidis JPA. Personalized genetic prediction: too limited, too ex-
pensive, or too soon? Ann Intern Med. 2009;150:139-141.
69.  Greshake B, Bayer PE, Rausch H, Reda J. openSNP--a crowdsourced 
web resource for personal genomics. PLoS One. 2014;9:e89204.
70.  Gao Y, Galante M, El-Mallakh J, et al. BDNF expression in lympho-
blastoid cell lines carrying BDNF SNPs associated with bipolar disorder. 
Psychiatr Genet. 2012;22:253-255.
71.  Evans KC, Dougherty DD, Pollack MH, Rauch SL. Using neuroimaging 
to predict treatment response in mood and anxiety disorders. Ann Clin 
Psychiatry. 2006;18:33-42.
72.  Fu CHY, Costafreda SG. Neuroimaging-based biomarkers in psychia-
try: clinical opportunities of a paradigm shift. Can J Psychiatry. 2013;58:499-
508.
73.  MacQueen GM. Magnetic resonance imaging and prediction of 
outcome in patients with major depressive disorder. J Psychiatry Neurosci. 
2009;34:343-349.
74.  Kozel FA, Rao U, Lu H, et al. Functional connectivity of brain struc-
tures correlates with treatment outcome in  major depressive disorder. 
Front Psychiatry. 2011;2:7.
75.  Tomasik J, Rahmoune H, Guest PC, Bahn S. Neuroimmune biomarkers 
in schizophrenia. Schizophr Res. 2014; epub 12 August.

76.  Jaworska N, Protzner A. Electrocortical features of depression and 
their clinical utility in assessing antidepressant treatment outcome. Can J 
Psychiatry Rev Can Psychiatr. 2013;58:509-514.
77.  Cook IA, Hunter AM, Gilmer WS, et al. Quantitative electroencepha-
logram biomarkers for predicting likelihood and speed  of achieving 
sustained remission in major depression: a report from the Biomarkers 
for Rapid Identification of Treatment Effectiveness in Major Depression 
(BRITE-MD) trial. J Clin Psychiatry. 2013;74:51-56.
78.  Guest PC, Martins-de-Souza D, Schwarz E, et al. Proteomic profiling 
in schizophrenia: enabling stratification for more effective treatment. Ge-
nome Med. 2013;5:25.
79.  Brennand KJ, Simone A, Jou J, et al. Modelling schizophrenia using 
human induced pluripotent stem cells. Nature. 2011;473:221-225.
80.  Wen Z, Nguyen HN, Guo Z, et al. Synaptic dysregulation in a human 
iPS cell model of mental disorders. Nature. 2014;515:414-418.
81.  Trivedi MH. Modeling predictors, moderators and mediators of treat-
ment outcome and resistance in depression. Biol Psychiatry. 2013;74:2-4.
82.  Leuchter AF, Cook IA, Marangell LB, et al. Comparative effective-
ness of biomarkers and clinical indicators for predicting outcomes of SSRI 
treatment in major depressive disorder: results of the BRITE-MD  study. 
Psychiatry Res. 2009;169:124-131.
83.  Murphy E, Hou L, Maher BS, et al. Race, genetic ancestry and response 
to antidepressant treatment for major depression. Neuropsychopharmacol. 
2013;38:2598-2606.
84.  Tomita T, Yasui-Furukori N, Sato Y, et al. Sex differences in the predic-
tion of the effectiveness of paroxetine for patients with major depressive 
disorder identified using a receiver operating characteristic curve analysis 
for early response. Neuropsychiatr Dis Treat. 2014;10:599-606.
85.  Kemp DE, Ganocy SJ, Brecher M, et al. Clinical value of early partial 
symptomatic improvement in the prediction of response and remission 
during short-term treatment trials in 3369 subjects with bipolar I or II de-
pression. J Affect Disord. 2011;130:171-179.
86.  Lewis CC, Simons AD, Kim HK. The role of early symptom trajectories 
and pretreatment variables in predicting treatment response to cognitive 
behavioral therapy. J Consult Clin Psychol. 2012;80:525-534.
87.  Dreimuller N, Schlicht KF, Wagner S, et al. Early reactions of brain-
derived neurotrophic factor in plasma (pBDNF) and outcome to acute 
antidepressant treatment in patients with Major Depression. Neurophar-
macology. 2012;62:264-269.
88.  Correll CU, Zhao J, Carson W, et al. Early antipsychotic response to 
aripiprazole in adolescents with schizophrenia: predictive value for clini-
cal outcomes. J Am Acad Child Adolesc Psychiatry. 2013;52:689-698.
89.  Stentebjerg-Olesen M, Jeppesen P, Pagsberg AK, et al. Early nonre-
sponse determined by the clinical global impressions scale predicts poorer 
outcomes in youth with schizophrenia spectrum disorders naturalistically 
treated with second-generation antipsychotics. J Child Adolesc Psychophar-
macol. 2013;23:665-675.
90.  Buitelaar JK, Van der Gaag RJ, Swaab-Barneveld H, Kuiper M. Pre-
diction of clinical response to methylphenidate in children with atten-
tion-deficit hyperactivity disorder. J Am Acad Child Adolesc Psychiatry. 
1995;34:1025-1032.
91.  Pyeritz RE. The family history: the first genetic test, and still useful 
after all those years? Genet Med. 2012;14:3-9.
92.  Berg AO, Baird MA, Botkin JR, et al. National Institutes of Health 
State-of-the-Science Conference Statement: Family History and Improving 
Health. Ann Intern Med. 2009;151:872-877.
93.  Do CB, Hinds DA, Francke U, Eriksson N. Comparison of fam-
ily history and SNPs for predicting risk of complex disease. PLoS Genet. 
2012;8:e1002973.
94.  Wilson BJ, Qureshi N, Santaguida P, et al. Systematic review: fam-
ily history in risk assessment for common diseases. Ann Intern Med. 
2009;151:878-885.
95.  Ananth J, Pecknold JC. Prediction of lithium response in affective dis-
orders. J Clin Psychiatry. 1978;39:95-100.
96.  Wattendorf DJ, Hadley DW. Family history: the three-generation 
pedigree. Am Fam Physician. 2005;72:441-448.
97.  Kendler KS. Family history information in biomedical research. J Con-
tin Educ Health Prof. 2001;21:215-223.




