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Preface

Although major depressive disorder (MDD) is one of the leading causes of the global burden 
of disease, not all patients respond favorably to current treatments and scientific breakthroughs 
into its causes are not foreseeable. One problem contributing to this state of affairs is that patients 
with MDD are highly dissimilar in relevant respects, such as in clinical presentation, course, 
genetics and underlying pathophysiological mechanisms. It has led to doubt on the usefulness 
of the current classification: perhaps the definition of MDD captures a too diverse category of 
patients to find underlying causes or effective treatments. In order to create more homogenous 
subgroups, a variety of clinical depression subtypes have been suggested without curing the 
problem hitherto. This is the starting point of this thesis; the main question concerns whether 
we can identify clinically relevant, data-driven subtypes of depression that represent more 
homogenous subgroups in order to improve clinical decision-making and treatment assignments. 
Broadly we focus on three questions: what sort of categories are we looking for, what methods 
can we use to identify these categories and what can we learn from the available data? In other 
words, this thesis discusses theoretical, methodological and empirical issues related to the search 
of better subtypes, and thus research and treatment, of MDD. In the following, we will elaborate 
the background for our search of data-driven subtypes of MDD, after which we will specify our 
empirical, methodological and theoretical approaches to investigate such subtypes.

Background

The burden of MDD
Major depression is currently one of the biggest contributors to the global burden of disease and 
is expected to be the leading contributor worldwide in 2020 [1-3]. There are several reasons for 
this high burden of disease, i.e. the high numbers of years lost to disability. First, MDD is a highly 
prevalent disease with lifetime prevalence estimates of 14.6% in the ten high-income and 11.1% 
in the eight low- to middle-income countries [4]. Second, the number of years with depressive 
episodes is relatively high, as MDD tends to start at a young age (median age of onset 29-34) [5] 
and has a recurrent course for most patients [6]. Third, MDD is a highly disabling disorder with 
substantial difficulties in role functioning, and is associated with low marital quality, low work 
performance and low earnings [7, 8]. Patients with MDD are more severely disabled than patients 
with physical disorders such as chronic pain conditions, cancer, and heart disease because MDD 
affects social and personal role functioning more than those physical disorders [9]. The high loss 
of health also leads to high economic costs: MDD is estimated to be the most costly brain disorder 
in Europe [10]. Finally, the personal suffering from MDD can be so severe that patients consider 
depression worse than dying [11]. Among all mental illnesses, major depressive disorder is one 
of the strongest risk factors for suicide attempts and completed suicide [12, 13]. Unfortunately, 
for many patients treatments are insufficiently effective [14-17]. One of the factors contributing 
to this unfortunate state of affairs is the wide diversity of patients with MDD [18].
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The heterogeneity of MDD
Patients with MDD, according to current classification systems such as the Diagnostic and 
Statistical Manual of Mental Disorders (DSM)[19] and International Classification of Disease 
(ICD)[20], are highly dissimilar, which challenges current research and clinical practice. By 
definition, patients with MDD share a certain degree of disability and a syndrome including 
feeling depressed or anhedonia present for at least 2 weeks (DSM-5 [19], Box 1). Since every 
individual is unique, patients will always differ to some extent. However, patients with MDD are 
heterogeneous in several clinically relevant aspects.

First, response to treatment differs among patients. Effect sizes of antidepressant drugs, 
psychotherapy, and exercise are estimated in the range of 0.2-0.3 (Cohen’s d) [14-17], meaning 
that about 60% of the patients treated with the active treatment have a better outcome than the 
average person in the placebo treatment group [21]. Thus, for some patients standard treatments 
are effective, but for a substantial proportion of patients these are not more effective than placebo, 
while they may have harmful side effects. Higher symptom scores at baseline predict a better 
treatment response to antidepressants [15, 22-24], but apart from that few clues have been found 
to match patients with effective treatments [25, 26]. 

Second, the course of MDD is highly variable. First, the duration of episodes varies widely, 
with approximately 50% of patients recovering within three months, while 20% still suffers from 
MDD after two years [27]. Some patients have such chronic episodes that they do not recover 
at all: a prospective cohort study, following patients with a first onset of depression syndrome 
during 23 years, showed that 15% of patients the disorder did not remit: patients never get out 
of their first episode [28]. Second, in recovered patients, the rate of recurrence is highly variable, 
with considerable numbers of patients having an episode of depression just once in their lives 
as opposed to patients with many recurrences [28-30]. Predictors tested so far perform poorly 
in distinguishing the patients with a long or recurrent course from those with a more beneficial 
course, and general risk assessment instruments are lacking [6, 31, 32]. The combination of the 
diversity and the unpredictability of the course of MDD makes up a major clinical problem, as it 
leads to difficulties in treatment decisions on the long term, with overtreatment of some patients, 
and undertreatment of others [33]. 

Third, despite extensive research, the etiology of MDD remains largely unknown and current 
studies mainly suggest a lot of variation between patients [34]. A broad range of risk factors 
have been investigated as possible causes of MDD, such as genetic abnormalities, mono-amine 
deficiency, disturbance of the hypothalamus-pituitary-axis, traumatic life experiences, low social 
support and education, and personality characteristics such as neuroticism and low self-esteem 
[34-37]. Although all these risk factors were found to be related to the development of MDD, 
correlations are weak in general [36, 37] (Figure 1). This could be the consequence of averaging 
an etiological diverse group of people: for some a risk factor might be strongly related to the 
development of MDD, but for others it might not be the case and thus the average result is a 
weak correlation [38]. Indeed, these findings have led to doubt on the biological homogeneity of 
MDD: it is unlikely that the current classification coincides with specific biological abnormalities 
but instead is capturing a group of people with different biological disturbances [39, 40]. The 
etiological heterogeneity is unfortunate as it hampers finding effective ways to interfere in the 
undesirable processes leading to MDD [41, 42].
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Box 1. Diagnostic Criteria for Major Depressive Disorder (DSM)  [19]

A.  Five (or more) of the following symptoms have been present during the same 2-week period and 
represent a change from previous functioning; at least one of the symptoms is either (1) depressed 
mood or (2) loss of interest or pleasure.

1. Depressed mood most of the day, nearly every day, as indicated by either subjective report (e.g., 
feels sad, empty, hopeless) or observation made by others (e.g., appears tearful). 

2. Markedly diminished interest or pleasure in all, or almost all, activities most of the day, nearly every 
day (as indicated by either subjective account or observation).

3. Significant weight loss when not dieting or weight gain (e.g., a change of more than 5% of body 
weight in a month), or decrease or increase in appetite nearly every day. 

4. Insomnia or hypersomnia nearly every day.

5. Psychomotor agitation or retardation nearly every day (observable by others, not merely subjective 
feelings of restlessness or being slowed down).

6. Fatigue or loss of energy nearly every day.

7. Feelings of worthlessness or excessive or inappropriate guilt (which may be delusional) nearly every 
day (not merely self-reproach or guilt about being sick).

8. Diminished ability to think or concentrate, or indecisiveness, nearly every day (either by subjective 
account or as observed by others).

9. Recurrent thoughts of death (not just fear of dying), recurrent suicidal ideation without a specific 
plan, or a suicide attempt or a specific plan for committing suicide.

B.  The symptoms cause clinically significant distress or impairment in social, occupational, or other 
important areas of functioning.

C.  The episode is not attributable to the physiological effects of a substance or to another medical 
condition.

D.  The occurrence of the major depressive episode is not better explained by schizoaffective disorder, 
schizophrenia, schizophreniform disorder, delusional disorder, or other specified and unspecified 
schizophrenia spectrum and psychotic disorders. 

E.  There has never been a manic episode or a hypomanic episode.

Lastly, the definition of MDD in itself allows considerable variation in symptomatic presentation. 
MDD is defined in terms of a set of depressive symptoms, present for a period of at least two 
weeks, which leads to significant distress or impairment in functioning (Box 1) [19]. For the 
diagnosis, at least five out of nine depressive symptoms including at least one out of the two 
core symptoms depressed mood and anhedonia has to be present. This definition implies that 
depressive patients can potentially suffer from 227 different symptom combinations. Thus, the 
diagnosis for MDD allows considerable variation in the number and sort of depressive symptoms. 
Although no studies so far have studied the actual occurrence of those 227 combinations, there 
are indications that depressive patients have different symptom profiles dependent on age of 
onset [43] or the type of life events preceding the onset [44]. Moreover, specific symptom profiles 
might have consequences for prognosis: somatic symptoms such as weight loss, insomnia and 
fatigue predict a worse prognosis for patients after myocardial infarction [45] and cognitive 
symptoms as sad mood and concentration problems lead to more overall impairment [46].
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Figure 1.  Path and correlation estimates of Best-Fitting Model for Prediction of an MDD 
episode in the last year in 1,942 female twins

 

 
Two-headed arrows present correlation coefficients, and one-headed arrows represent path coefficients or 
standardized partial regression coefficients. Latent variabels – indexed by observed variables in a measurement 
model – are depicted in rectangles. All variables have residual variance not depicted in the figure. Colors 
represent different periods associated with the development of MD (blue): childhood (green), early 
adolescence (yellow), late adolescence (orange), adulthood (pink), the last year (purple). Figure reprinted 
from “Toward a Comprehensive Developmental Model for Major Depression in Women”, Kendler et al. [36], 
with permission. 

 
Clinical subtypes of MDD
The problem of heterogeneity motivates the search for MDD-subtypes with similar clinical 
characteristics. Ideally, subtypes would describe MDD-patients that are similar with respect to 
multiple outcomes such as in terms of their disease persistence, severity and treatment reaction 
and who are different from patients with another subtype [47]. So far, those subtypes have 
not been identified [48]. Traditionally, subtypes have been proposed based on clinical pattern 
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recognition and ordering, such as the subtypes described in the Research Diagnostic Criteria, 
the fore-runner of the DSM-III [49, 50]. Also the other disease categories in the DSM, such the 
definition of MDD itself, have been developed in this way, i.e. by psychiatrists in a process of 
expert meetings, study of the literature and consensus (sometimes termed the “bogsat” method, 
i.e. “bunch of guys sitting around a table”) [51]. 

Currently, at least 15 subtypes are described in the literature, based on symptoms, etiology, 
time-of-onset, gender or treatment-response (Figure 2) [48]. The value of these distinctions is 
contested. Although traditional subtypes are often associated with certain clinical characteristics 
(e.g. higher numbers of symptoms in case of melancholic depression) [52, 53], they do not clearly 
separate patients with a different etiology, course of illness, or treatment reaction [48, 54]. For 
instance, patients with two of the subtype distinctions described in the DSM5, melancholic and 
atypical depression, are remarkably similar with respect to family history, course pattern or 
demographic variables [53], which limits the epistemic value of these distinctions. Furthermore, 
current subtype distinctions are defined in different ways: they are either based on symptoms, 
supposed causes, gender, etcetera. It is unclear, however, what kind of variables (or combinations 
thereof) should be chosen to lead to successful subtype distinctions. 

 
Figure 2. Current proposals for clinical subtypes of MDD 

- Adjustment disorder - Early trauma depression
- Reproductive depression - Perinatal depression
- Organic depression - Drug induced depression

Symptom-based: Time of onset-based:
- Melancholia - Early onset depression
- Psychotic depression - Late onset depression
- Atypical depression - Seasonal affective disorder
- Anxious depression

Gender-based: Treatment response-based:
- Female depression - Treatment resistent depression

Aetiologically-based:

 
15 frequently proposed clinical subtypes of depression in 754 reviews published between 2000-2011, 
categorized according to different starting points for subtyping. Arrows indicate that subtypes are not 
mutually exclusive: patients can satisfy more than one subtype. Figure reprinted from “Meta-review of 
depressive subtyping models”, Baumeister and Parker [48], with permission from Elsevier. 
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This thesis 

Aim of this thesis: empirical subtypes of depression
In short, the starting-point of this thesis is the following: MDD-patients suffer from a high 
burden of disease, but are dissimilar in many respects, which complicates treatment decisions 
and research. Clinical subtypes of depression have been introduced as a means to reduce the 
heterogeneity, but these have not resulted in patient groups with a more similar course of 
illness, etiology or treatment response. However, what is not yet well understood is whether new 
empirical methods could lead to homogeneous subtypes of MDD with a higher clinical value. 
The aim of this thesis is to investigate the existence of such data-driven subtypes of depression.

Data-driven subtypes of depression are informed by similarity patterns in data identified by 
statistical analyses. As mentioned before, definitions for subtypes have traditionally been based 
on pattern recognition by clinicians, resulting in categories without sufficient predictive value 
in clinical practice. As an alternative, data-driven strategies have been adopted in the search of 
MDD subtypes. In this case, statistical methods are used to discern similarity patterns in data 
of MDD-patients, which are used to underpin potential subtype distinctions. The advantage of 
using statistical techniques for pattern recognition could be that different and unknown patterns 
and trends emerge from the data providing insight in relevant subgroups, which have not been 
identified by clinical pattern recognition [55, 56].

The very possibility of identifying data-driven subtypes is fairly new and still expanding – 
dependent on new statistical methods and increased computation speed in large datasets [56] 
– which makes the approach in this thesis innovative. The novelty of this research field also 
implies that it is unlikely that we will discover definite, clinically useful, data-driven subtypes of 
depression in this thesis. Rather, we intend to formulate starting-points relevant to the search 
of data-driven subtypes of MDD by focusing on three related questions covering theoretical, 
methodological and empirical aspects. First, what empirical evidence is currently available 
for data-driven subtypes? Second, if we aim for data-driven subtypes of depression, what sort 
of statistical methods can we use to identify them? The last question is more theoretical and 
concerns the nature of disease classification. If we search for data-driven subtypes of depression, 
what sort of categories are we looking for? Below we will further introduce these three questions.  

Empirical evidence for data-driven subtypes
The first studies concerning data-driven subtypes of MDD have been published in the 1960’s and 
1970’s, of which most applied factor analyses, and some cluster analyses, to identify patterns in 
data of depressed patients (e.g. [57-59]). Since the introduction of the current definition of MDD 
in 1980 [60], studies have occasionally used data-driven methods but only recently the field 
started to grow (e.g., [61, 62]). Given the limited value of clinical subtypes of depression, our first 
question concerned the available evidence for data-driven subtypes of depression. Have stable 
patterns been observed in the data up to now, and if so, what patterns? Secondly, if we study 
data-driven subtypes of MDD in new datasets, what patterns emerge from these analyses? Are 
they comparable to previous findings? Which characteristics discriminate between patients with 
different subtypes? In short, what can we learn from available data about subtypes of depression?

Methods to discover data-driven subtypes
In search of data-driven subtypes of depression, one inevitably encounters methodological and 
statistical questions. There is no free lunch in statistics: there is not one best statistical method, 
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but different methods might be suited for different problems [63]. In addition, different models 
might give different pictures of the relation between the predictors and the outcome [64]. Hence 
the second question of this thesis is of a methodological nature and concerns an investigation of 
statistical methods that could be applied in search of MDD-subtypes. 

One major choice in statistical methods used in search of MDD-subtypes is between 
supervised or unsupervised methods [56, 63]. In case of supervised methods, one investigates 
the relation between a set of predictors (e.g., a variety of initial depressive symptoms) and an 
outcome variable (e.g., hospitalization for MDD). The aim of such methods is to accurately 
predict the outcome for future patients (prediction) or to understand better the relationship 
between the predictors and the outcome (inference) [63]. One question for supervised learning 
methods such as linear regression, linear discriminant analyses and regression trees would be: 
which depressive symptoms predict hospitalization for MDD and how strong are their effects? In 
contrast, unsupervised learning methods are used when there is no outcome variable but only a 
set of characteristics such as depressive symptoms. In this case, the goal of statistics is to describe 
how the data are organized or clustered in order to understand the relationships between the 
predictors. For instance, there are statistical methods that measure the degree of similarity or 
dissimilarity between subjects based on the initial depressive symptoms, and accordingly classify 
patients into subgroups with similar depressive symptoms. The hope is that those homogeneous 
subgroups will coincide with certain other clinically relevant characteristics such as etiology or 
reaction to treatment [61, 63]. Examples of unsupervised methods are latent variable analyses, 
such as latent class analyses and exploratory factor analyses. This thesis investigates variants of 
both supervised and unsupervised methods, and applies new supervised learning techniques in 
the search of subtypes of MDD. 

Comorbidity and its implications for the nature of disease classification
In search of subtypes of depression, one inevitably encounters questions regarding the nature 
of such classifications. What sort of structures are we looking for? And how should we interpret 
the definitions of psychiatric disorders currently described in the DSM? These questions come 
clearly to the fore in the discussion on psychiatric comorbidity. Comorbidity is rather the rule 
than the exception in psychiatry, with 35% to 45% of patients reporting two or more disorders in 
the course of one year [65-67]. Comorbidity occurs even more frequently in patients with MDD: 
about three quarters of depressive patients suffer from additional psychiatric disorders in the 
course of one year, mainly anxiety disorders, alcohol dependence and ADHD [67]. The high rates 
of comorbidity have led to an extensive theoretical debate on the nature of psychiatric disorders. 
Why do we have so much comorbidity in psychiatry? What do those high rates of comorbidity 
tell us about psychiatric disease classifications? This thesis studies psychiatric comorbidity in 
order to clarify the kind of structures we are looking for. 

General relevance
With this thesis we aim to provide some novel perspectives on subtypes of MDD, informed 
by insights from psychiatry, statistics, and philosophy of science, in order to resolve part of 
the heterogeneity of MDD. However, the relevance of this thesis might go beyond research 
on MDD only. The problem of heterogeneity applies to more psychiatric disorders, such as to 
schizophrenia, attention deficit hyperactivity disorder, and borderline personality disorder [68-
70]. Some of the insights concerning data-driven subtypes of MDD might benefit research trying 
to provide solutions and subclasses of other heterogeneous psychiatric disorders. 



15

Introduction

1

This thesis also connects to a broader debate about the validity of classifications in psychiatry, 
which intensified during the writing of this thesis with the development and introduction of the 
fifth edition of the DSM (DSM-5, 2013) [19]. Some have heavily criticized certain classification 
decisions [71], and others have even doubted the validity and reality of psychiatric disorders in 
general [72, 73]. We hope that this thesis contributes to a better understanding of psychiatric 
disorders and to a more constructive debate about psychiatric disease classifications. 

Thesis outline

The first part of this thesis (chapter 2-6) focuses on the methodological and empirical questions 
described above, viz. what methods can we use to identify data-driven subtypes of depression 
and what evidence do we get from the data available? First, we performed a systematic review 
of current evidence available for data-driven subtypes of depression identified by unsupervised, 
latent variable methods (chapter 2). Second, we aimed to identify subtypes of depression that 
directly predict course of illness based on initial symptoms in a large general population sample 
(chapter 3). This study served as a proof-of-concept as it tested whether it was possible to 
relate subtypes directly to a clinical relevant outcome using a novel combination of supervised 
statistical learning techniques. In a follow-up study, we tried to improve the performance of these 
identified data-driven subtypes by expanding the analyses with information on comorbidity 
patterns (chapter 4). Fourth, we investigated possible additional predictors related to course of 
illness by studying a rich set of risk factors for recurrence of depression in a prospective study 
of females with MDD (chapter 5). Fifth, we investigated the value of statistical interactions for 
prediction models in medicine (chapter 6). For this aim, we studied a different patient population, 
viz. patients with myocardial infarction, for whom good prediction models are already available 
[74, 75]. 

The second part of the thesis (chapter 7-9) concerns the more theoretical aspects related to 
data-driven subtypes of MDD. We studied psychiatric comorbidity in order to clarify the nature 
of psychiatric disorders. We start this section by an analysis of one part of the discussion on 
comorbidity – is comorbidity a problem or a validator? – and discuss how this discussion relates to 
the absence of causal disease models in psychiatry (chapter 7). Next, we investigate the influence 
of classification choices on rates of comorbidity. Certain classification choices, such as diagnostic 
thresholds, are suspected to have substantial influence on psychiatric comorbidity. In a large 
sample from the general population, we studied to what extent different classification choices 
influence comorbidity between MDD and GAD (chapter 8). Then, we put these empirical findings 
in a theoretical perspective and discuss their consequences for the interpretation of comorbidity 
and psychiatric disorders in general, by relating the debate on psychiatric comorbidity to other 
debates in the philosophy of science (chapter 9). In the last chapter of this thesis we will discuss 
our findings in a broader context and come back to the questions described above (chapter 10). 
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Abstract

Background: According to current classification systems, patients with major depressive disorder (MDD) 
may have very different combinations of symptoms. This symptomatic diversity hinders the progress of 
research into the causal mechanisms and treatment allocation. Theoretically founded subtypes of depression 
such as atypical, psychotic, and melancholic depression have limited clinical applicability. Data-driven 
analyses of symptom dimensions or subtypes of depression are scarce. In this systematic review, we examine 
the evidence for the existence of data-driven symptomatic subtypes of depression. 

Methods: We undertook a systematic literature search of MEDLINE, PsycINFO and Embase in May 2012. 
We included studies analyzing the depression criteria of the Diagnostic and Statistical Manual of Mental 
Disorders, fourth edition (DSM-IV) of adults with MDD in latent variable analyses. 

Results: In total, 1176 articles were retrieved, of which 20 satisfied the inclusion criteria. These reports 
described a total of 34 latent variable analyses: 6 confirmatory factor analyses, 6 exploratory factor analyses, 
12 principal component analyses, and 10 latent class analyses. The latent class techniques distinguished 2 to 
5 classes, which mainly reflected subgroups with different overall severity: 62 of 71 significant differences on 
symptom level were congruent with a latent class solution reflecting severity. The latent class techniques did 
not consistently identify specific symptom clusters. Latent factor techniques mostly found a factor explaining 
the variance in the symptoms depressed mood and interest loss (11 of 13 analyses), often complemented by 
psychomotor retardation or fatigue (8 of 11 analyses). However, differences in found factors and classes were 
substantial.

Conclusions: The studies performed to date do not provide conclusive evidence for the existence of 
depressive symptom dimensions or symptomatic subtypes. The wide diversity of identified factors and classes 
might result either from the absence of patterns to be found, or from the theoretical and modeling choices 
preceding analysis. 
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Background

Major depressive disorder (MDD) is one of the most important challenges in global mental health 
[1, 2]. In research, a continuing challenge is the diversity in the symptoms and pathophysiology 
of patients classified as having the disorder. MDD patients vary considerably in clinical 
presentation, course, treatment response, genetics, and neurobiology [3-7]. One explanation for 
this diversity is that MDD has a polythetic definition; that is, a patient needs to satisfy some but 
not all symptoms. For the diagnosis at least five of nine symptoms including at least one of the 
two core symptoms must be present [8]. It follows that there are 227 possible combinations of 
symptoms leading to this diagnosis. This is such a wide array of possibilities that two patients 
classified as having MDD might have only a single symptom in common. This diversity raises the 
question whether it makes sense for the purposes of comparisons in research to consider all the 
people who qualify for the diagnosis of MDD as having a single disorder. 

To overcome the problem of symptom diversity, several attempts have been made to specify 
more homogenous subgroups within MDD. Subtypes have been proposed based on specific 
combinations of symptoms (for example, melancholic depression, psychotic depression), onset 
(seasonal affective disorder, postpartum, early versus late in life), course (single, recurrent, 
chronic), or severity [6]. Most subtyping schemes are based on pattern recognition and ordering 
using distinctions observed in clinical practice. For instance, 11 subtypes of MDD were proposed 
in the Research Diagnostic Criteria (RDC), the forerunner of the current Diagnostic and Statistical 
Manual of Mental Disorders (DSM), based on combinations of clinical characteristics, follow-up 
patterns, and findings from family studies [9-11]. However, the value of such distinctions has 
been called into question by the disappointing results of attempts to use these and subsequent 
subtyping distinctions in clinical practice [6, 12, 13]. 

A different approach to discern useful subtypes with similar symptom profiles would be one 
that is data-driven; that is, which uses any of several statistical techniques to recognize patterns in 
reported symptoms of a heterogeneous group of subjects. These kinds of models have in common 
the fact that they reduce a large number of data from individuals to smaller numbers of latent 
variables based on similarity. Two dominant types of latent variable models are latent factor models 
and latent class models [14]. Latent factor models, such as exploratory factor analysis (EFA), reduce 
originally correlated variables to fewer latent factors (which might be specified as either correlated 
or uncorrelated) based on the correlations between the original variables [15, 16]. By contrast, latent 
class models, such as cluster analysis (CA) and latent class analysis (LCA) cluster individuals rather 
than variables into relatively homogeneous subgroups. These subgroups are based on measures 
of similarity between each pair of individuals summed across all the variables considered in the 
analysis [17]. As both types of models are designed to discover structure in the absence of pre-
existing hypotheses about subtypes, they provide useful approaches for examining heterogeneity 
based on distinctions that are not known beforehand [14]. 

Both latent factor and latent class models have been used to study the possible existence of useful 
MDD subtypes. However, findings in patients with MDD have not been systematically reviewed 
and thus the overall outcome is currently unclear. One of the questions, for instance, is whether 
a two-factor model applies to patients with MDD, as has been repeatedly found in patients with 
somatic illnesses. In somatically ill patients, latent factor analyses identified two main dimensions 
of depressive symptoms: one factor consisting of depressed mood, loss of interest, worthlessness, 
concentration problems and suicidality, and a second factor consisting of fatigue, appetite, 
sleep, and psychomotor disturbances [18, 19]. The first set of symptoms is typically referred to 
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as ‘cognitive’ or ‘cognitive/affective’, whereas the second set is typically referred to as ‘somatic’ or 
‘somatic/affective’; however, whether a cognitive and somatic symptom dimension is generalizable 
to patients with MDD or is limited to patients with somatic illnesses and comorbid depressive 
complaints is unknown. Systematic reviews or meta-analyses of studies empirically investigating 
the depressive symptom profiles of patients with MDD have not yet been performed.

In search of data-driven subtypes of MDD, we performed a systematic review of published 
studies that used these latent variable models to distinguish symptomatic subgroups or symptom 
dimensions for patients with MDD. Our main question was whether those studies identify consistent 
subtypes or symptom dimensions. Second, we evaluated whether the characteristic symptoms of 
empirically derived subtypes resemble the descriptions of current specifiers as melancholic and 
atypical [8]. Third, we studied whether latent factor analyses in patients with depression reveal a 
cognitive and somatic symptom dimension, as has been found in patients with somatic illnesses. 

Methods

Search strategy
Studies were eligible for inclusion if they examined the existence of MDD subtypes by means 
of a latent variable analysis of depressive symptoms in patients with MDD. We searched three 
electronic databases MEDLINE (PubMed), Embase and PsycINFO for studies up to May 2012. 
We used the keywords ‘major depressive disorder’ and several synonyms for depressive subtype, 
symptom profile or symptom cluster (for full search strings, see Additional file 1). Many terms 
were used in the search, and were tested repeatedly for their success in finding relevant papers, 
based on our discovery of considerable variation in terminology across relevant articles. We used 
the database filters to exclude animal studies and studies with children. We did not use language 
restrictions. Retrieved articles were supplemented by studies cited in the reference lists plus a 
limited number of articles we found by hand searching.

Inclusion criteria
An article was eligible if it presented original data. As our primary interest was adult patients with 
MDD, we required that at least 75% of the studied subjects had to satisfy the criteria for MDD. We 
did not use a stricter criterion of 100% patients with MDD, because for reasons of completeness, 
we did not want to exclude studies with a minor percentage of patients with minor depression, 
adjustment disorder, or dysthymia. We included studies classifying patients using the criteria of 
the RDC, DSM (III or later versions), International Classification of Diseases (ICD; 9 or 10), and 
Geriatric Mental State-Automated Geriatric Examination for Computer Assisted Taxonomy (GMS-
AGECAT) systems, based on the fact that the core symptoms of MDD in these different systems 
have a great deal of overlap [9, 20-25]. To limit the diversity in the patient group, we excluded 
studies focusing on somatically ill patients with comorbid MDD. We selected all studies analyzing 
the existence of symptomatic subtypes by means of a latent variable statistical method. We were 
interested in all statistical methods capable of finding symptom dimensions or latent classes in the 
depressive symptoms. With regard to those symptoms, we organized results by the nine Criterion A 
symptoms of depression in the DSM-IV text revision, but with dichotomous distinctions made for 
the three compound psychophysiological symptoms in that diagnostic system (s3 (appetite/weight 
disturbance), s4 (sleep disturbance) and s5 (psychomotor disturbance)). These dichotomous 
distinctions (for example, between insomnia and hyper somnia) might have value in distinguishing 
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subtypes [4] such as the previously suggested subtypes of ‘typical’ and ‘atypical’ depression [8]. 
Studies were included in our review if they performed a latent variable analysis on at least 6 of the 
12 resulting disaggregated symptomatic criteria for MDD. 

Data extraction
The database search described above resulted in 1,135 articles. Analysis of the reference lists of 
included articles provided another 29 relevant titles. Hand searching identified an additional 
12 articles, giving a total of 1,176 unique titles. Subsequently, two independent raters (HMvL 
and PdJ reviewed the first half of articles, k=0.70; HMvL and RAS reviewed the second half of 
articles, k=0.80) reviewed the titles and abstracts of the identified studies to exclude any studies 
clearly not satisfying the inclusion criteria. If one (or both) of the reviewers assessed the title and 
abstract as possibly relevant, this article continued to be included in the review process. After this 
procedure, 93 studies remained included. We assessed the full text of all these 93 articles, and 
excluded 73 of them based on this review. In the end, 20 articles satisfied the inclusion criteria, 
containing 34 latent variable analyses in total (Figure 1). 
 
Figure 1. Flow chart of the review
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Data analysis
The 34 analyses were examined as follows. First, we extracted the study characteristics from 
the papers, and in some cases obtained supplementary information from the authors. Second, 
we examined all the different questionnaires used in the measurement of depressive symptoms 
(which included the Hamilton Rating Scale for Depression (HRSD), the Beck Depression 
Inventory (BDI), the Montgomery and Åsberg Depression Rating Scale (MADRS), the Inventory 
for Depressive Symptomatology (IDS), and the Brief Psychiatric Rating Scale (BPRS)). Using the 
original questionnaires, we determined which items of the different questionnaires corresponded 
to the 12 disaggregated depressive symptoms [26-34]. We then compared the results of the 
individual latent variable techniques. In the case of the latent factor techniques, we extracted the 
factors and the loadings of the 12 disaggregated symptoms on these factors. In the case of the 
latent class techniques, we extracted the reported latent classes and the differences in scores of the 
12 symptoms in each class. The diversity in the questionnaires used precluded the performance 
of a mega-analysis or meta-analysis.

Results

Literature search
The 34 analyses in the 20 articles satisfying the inclusion criteria included 24 analyses that concerned 
the investigation of symptom dimensions by means of factor analysis (n=12) [35-39] or principal 
component analyses (n=12) [40-45], and 10 that concerned latent class analyses grouping a large 
number of individuals with depression into a smaller number of patient subgroups [42, 45-53]. 
No analyses combined a latent factor approach with a LCA even though statistical techniques that 
allow this to be carried out do exist [14]. The total number of patients with depression was 7684. 
Samples included both men (38%) and women (62%), and both inpatients and outpatients. Overall, 
96.6% of the study subjects satisfied the criteria for MDD. A small minority (3.4%) of patients has 
been given other diagnoses such as minor depressive disorder or adjustment disorder, which were 
found in 7 of 20 articles (see Additional file 2, Table S1 and Table S2). 

Measurement of depressive symptoms
In total, 11 different questionnaires (15 if we take into account the different versions of the 
HRSD, SCL, and IDS) were used to measure depressive symptoms in the 20 studies, whereas 
questionnaires measuring all 12 disaggregated symptoms were rare (3 of 11, which were the 
IDS, the SADS, Schedule for Affective Disorders and Schizophrenia; and the Structured Clinical 
Interview for DSM (SCID)). In particular, few questionnaires measured both directions of the 
so-called somatic symptoms (s3 to s6). For instance, data on appetite/weight gain (s3b) and 
hypersomnia (s4b) were lacking in the majority of analyses. Overall, of the 34 latent variable 
analyses, only 6 analyses included all 12 disaggregated depressive symptoms. In general, 
substantially different questions were used to measure the same symptoms. These differences 
were especially marked for symptoms of feeling worthless or guilty (s7) and having diminished 
ability to think or concentrate, or increased indecisiveness (s8). Answer categories were ordinal 
in 15 studies, binary in 3 studies (yes/no dichotomized), and mixed in 2 studies.
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Figure 2. Latent class analyses

Figure 3. General results from latent class analyses

The latent class analyses mainly identified subgroups of depressed patients based on severity: the overall 
most severe class scored higher on each symptom than the overall less severe class. This plot illustrates 
these findings: the most severe class a scores higher on each symptom than intermediate class b, and class b 
scores higher on each symptom than the least severe class c. The x-axis shows all disaggregated depressive 
symptoms; the y-axis the mean score on the symptoms. The numbers above the plot indicate the number 
of significant exceptions on this ordering / total significant differences. Exceptions concerned somatic 
symptoms weight loss (s3a), weight gain (s3b), insomnia (s4a) and fatigue (s6). 
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Latent class analyses
The 10 studies aimed at clustering patients based on symptom similarity comprised a total of 
3,270 patients, with a mean of 327 patients analyzed per study (range 80 to 818). To visualize 
the effect of severity on class assignment, we sorted the original identified classes per study on 
overall severity. Therefore, we used the overall score of the class on each complete questionnaire, 
with class (a) being the most severe class of the study, class (b) being less severe than (a) and so 
on (see Additional file 2, Table S3). In total, there were 71 significant differences in symptom 
scores between classes. Notably, 62 of the 71 significant differences were related to class severity; 
that is, the overall most severe class scored higher on the symptom than the overall less severe 
class (Figure 2). This is in line with the idea that these statistical techniques are specifically able 
to separate more severe classes from less severe classes [14]. This pattern was especially clear in 
four of these studies [45-48]. Only nine significant differences deviated from this result [49, 53]  
(Figure 3); all nine of these exceptions concerned so-called somatic depressive symptoms, and 
were present in latent class analyses of the two largest samples of patients (n=569 and n=818), in 
which patients in a less severe class scored higher than patients in a more severe class for fatigue 
(s6), weight (s3), and sleep disturbances (s4).

Latent factor analyses
Our search yielded 24 analyses aimed at discovering dimensions of depressive symptoms. In 
total, there were 12 factor analyses and 12 principal component analyses (PCA) from 12 studies 
(some studies performed different analyses on the same patient sample). The factor analysis 
studies concerned six exploratory factor analyses (EFA) and six confirmatory factor analyses 
(CFA). The 12 factor analyses were performed on larger studies, with a mean of 562 patients per 
study (range 96 to 1049, total n=3369). The 12  PCA concerned on average 174 patients (range 
60 to 400, total n=1045). 

Confirmatory factor analyses 
In two studies, CFA was used to test how well a single factor explained the variance in depressive 
symptoms [35, 36] (Table 1). The measures for model fit (Confirmatory Fit Index, Tucker-Lewis 
Index, and Root Mean Square Error of Approximation) showed that a single factor explained 
about 50% of variance in depressive symptoms. 

Table 1. Confirmatory factor analyses

Author Number of 
factors

Items in analysis Explained 
variance

TLI CFI RMSEA Factor 
correlation

Uher [12] 1 MADRS 0.57 0.99 0.97 0.10 NA

1 HRDS-HRSD-17 0.36 0.93 0.87 0.09 NA

1 HRDS-HRSD-6** 0.48 0.99 0.98 0.07 NA

1 BDI 0.48 0.97 0.88 0.10 NA

1 All 48 items 0.45 0.90 0.63 0.17 NA

Lux [35] 1 9 MDD symptoms - 0.97 0.96 0.07 NA

2 9 MDD symptoms - 0.97 0.97 0.06 0.83

Abbreviations: BDI, Beck Depression Inventory; CFI, Confirmatory Fit Index; HRS HRSD, Hamilton 
Rating Scale for Depression; MADRS, Montgomery and Åsberg Depression Rating Scale; MDD,  
major depressive disorder; NA, not applicable; ** HRSD-6 contains 6 items out of the HRSD-17 (items 
1,2,7,8,10,13) corresponding to depressive symptoms 1,2,5b,6,7; - not recorded.
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Exploratory factor and principal component analyses
Nine studies exploratively analyzed the dimensions underlying items of single questionnaires 
by means of PCA and EFA. The resulting factors of the 10 PCA and 3 EFA differed considerably 
(Figure 4). First, the number of derived factors varied from 2 to 7 (mean 3.5) and explaining 
between 36.8% and 79.3% of total variance (mean 55%). Second, the item content of the 
identified factors varied substantially. Concerning the cognitive symptoms (s1, s2, s7, s8, s9) of 
patients with depression, 10 of 13 analyses included all 5 cognitive symptoms, but of those 10, 
there was not a single study in which all 5 cognitive symptoms loaded on the same factor. In 3 of 
the 10 studies, 4 of 5 cognitive symptoms loaded on the same factor [39, 41, 45], and in another 4 
studies, 3 of the 5 cognitive symptoms loaded on the same factor [38, 43, 44]. Only one study had 
a factor on which four cognitive symptoms and no somatic symptoms loaded [39]; at least one 
somatic symptom loaded on the remaining six factors with three or more cognitive symptoms. 

With regard to the somatic symptoms (s3 to s6), 8 of 13 studies measured the 4 somatic 
symptoms of depression, with at least one of the disaggregated symptoms of appetite/weight, 
sleep, and psychomotor disturbance included, and none of these 8 studies had a common factor 
on which all 4, or 3 of the 4, somatic symptoms loaded. In 7 out of 8 analyses, at least one factor 
was identified that explained the variance of 2 of the 4 somatic symptoms [39-41, 44, 45], and the 
total number of factors with 2 somatic symptoms was 10, describing the variance of 6 different 
pairs of somatic symptoms. Of those 10 factors with 2 somatic symptoms, 5 also incorporated 
one or more cognitive symptoms [37, 39, 40, 44, 45]. 

The most consistent finding was that the 2 core symptoms of depression (sadness and loss 
of interest; s1 and s2), loaded on one single factor in 11 out of 13 analyses [37-41, 43-45]. In 9 
of these 11 analyses, s1 and s2 loaded on factor 1, which was the factor explaining most of the 
variance. Psychomotor retardation and/or fatigue (s5b and s6) also loaded on the same factor in 
8 of 11 analyses [38, 40-44]. Thus, the most prevalent finding was one single factor explaining the 
variance of a mixture of cognitive and somatic symptoms (s1, s2, s5b, and s6). 

Figure 4 shows the diversity in the retrieved factors, such as the number, the item content, 
and loadings. Figure 5 was derived from Figure 4, and shows the proportion of pairwise common 
factor loadings. In total, the studies described 461 measurements of pairs of symptoms (for 
example, the combination of s1 and s2 was measured in all 13 studies, while the combination 
of s1 and s5a was measured in 7 studies). Of these 461 measurements of symptom pairs, 97 
pairs loaded on a common factor, resulting in an average proportion of pairwise common factor 
loadings of 0.21 (97/461). In Figure 5, the heights of the 45 vertical bars depend on the proportion 
of each pair of symptoms that loaded on a common factor; for example, pair s1 and s2 loaded 
11 out of 13 times on a common factor, resulting in a proportion of 0.85 pairwise common 
factor loadings. In case of a clear two-factor solution, one would expect to find a landscape of 
two areas with high bars, and one area with low bars. Obviously this is not the case, and neither 
can those areas be found by rearranging the symptom orders on the x- or z-axis. Furthermore, 
for relatively many symptom pairs the proportion of common factor loadings approached the 
average of 0.21, which is not consistent with a clear two-factor solution. Of note, weight gain 
(s3b) and hypersomnia (s4b) were measured too infrequently to include in this figure. 

Figure 6 was also derived from Figure 4, and shows all depressive symptom combinations 
that were found to load on a common factor. In total, 27 factors had an item content of 2 or 
more depressive symptoms. The item content of those 27 factors was unique in 22 factors; only 
5 factors had a non-unique item content, with two symptom combinations occurring more than 
once (Figure 6).
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Figure 4. Principal component and exploratory factor analyses

Figure 5. Pairwise common factor loadings

The x- and z-axes show disaggregated depressive symptoms, while the y-axis shows the proportion of 
pairwise common factor loadings.
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Figure 6. Frequencies of symptom combinations loading on a common factor

The x-axis shows all symptom combinations loading on a common factor, while the y-axis shows the 
number of times this specific combination has been identified.

 
Influence of different patient samples (same variables)
Several studies analyzed the same questionnaires with different patient samples: three studies 
used the HRSD [37, 40, 41], two studies the BDI [41, 42] and three studies the MADRS [38, 
43, 44]. The analyses of the same questionnaires resulted in substantial different factors, both 
qualitatively (item content) and quantitatively (number of factors). Varying influences of the 
patient sample on the resulting dimensional structure can be seen from the collected analyses 
(Figure 4). First, differences in severity affected the factorial structure. Galinowski and Lehert 
performed two PCA of the MADRS from the same group of patients at a different timepoint 
[43]. On day 0, before antidepressant treatment, three components explained 55.5% of the 
variance of the MADRS items, whereas after 28 days of antidepressant treatment, one component 
explained 66% of the variance. A likely explanation is the diminished overall severity score on 
the MADRS (from 35 to 17 points), with a decrease in correlations between items. However, 
such severity differences do not explain all variety in factor structure. This is illustrated by the 
studies of Corruble et al. and of Galinowski and Lehert [43, 44], which both had a patient sample 
with a roughly similar mean MADRS score (34 vs. 35 points), yet, the principal components 
derived from the samples differ considerably (two versus three PCs, explaining 75% vs. 55.5% of 
the variance with a different item content). Similar diverging factor patterns resulted from the 
studies analyzing the BDI or HRSD. 

Influence of different questionnaires (same patient sample)
Two studies investigated the factor structure of different questionnaires from the same patient 
sample in separate analyses. First, Steer et al. performed two PCA on the BDI and the HRSD, 
which resulted in three and seven qualitatively different components, respectively (Figure 4) 
[41]. Second, Corruble et al. performed four PCA on the IDS-C, IDS-SR, MADRS and the SCL-
90R [44], and the variety in the resulting factor structure was again substantial. Even the two 
PCA on the IDS Clinician (IDS-C) and IDS Self-Report (IDS-SR) ratings produced components 
with a different item content, though the questionnaires are largely similar. 

Combining items of multiple questionnaires in one analysis
Four studies performed latent factor analyses on a combination of items from different 
questionnaires [36, 37, 41, 54]. Although response categories vary between different ques-
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tionnaires, no study used a smoothing method to adjust for these variances, which could explain 
part of the following results. Steer et al. performed PCA on a combination of all HRSD and BDI 
items. All BDI items loaded on principal component 1 (PC1), whereas the HRSD items loaded 
on PC2 and PC3 [41]. A largely similar result was found by Uher et al., using EFA on 47 items 
from the MADRS, the HRSD, and the BDI. The depressive symptom items of the MADRS and 
the HRSD predominantly loaded on factor 1, whereas BDI items mainly loaded on factor 3 [36]. 
Thus, those studies show a high correlation of items in one questionnaire. The opposite result 
was found by Gullion and Rush [54], who performed EFA on 88 items of the IDS-C, IDS-SR, 
HRSD, and BDI. They identified 10 factors mainly explaining the variance of items measuring 
the same symptom in the different questionnaires; for example, factor 2 comprised several items 
measuring guilt/worthlessness (s7), for instance ‘guilt feelings’ (BDI), ‘guilt feelings’ (HRSD), 
‘self-criticism and blame’ (IDS-SR, IDS-C). 

Ohaeri and Otote performed the fourth analysis in which items of different questionnaires 
are included, that is, items of the HRSD and the BPRS [37]. Of note, these authors also performed 
EFA on the HRSD items alone (Figure 4), therefore, the effect of the extra BPRS items on the 
factorial structure is directly observable in this study. First, EFA of the HRSD items exclusively 
resulted in four factors, explaining 43.1% of the variance. The first factor comprised six items: 
depressed mood, anhedonia, weight and appetite loss, psychomotor retardation, and paranoid 
symptoms, and this factor is described as ‘core depressive’. Second, an EFA on the HRSD plus 
BPRS items also resulted in four factors, explaining 43.7% of the variance. The first factor is again 
described as ‘core depressive’; however, this factor now contains different items. Of the previous 
six HRSD items only two remained: depressed mood and psychomotor retardation. By contrast, 
the item with the highest factor loading was uncooperativeness (0.8). In addition, the factor 
contained hypochondriasis, insight loss, and emotional withdrawal. A comparable shift in item 
content was found for the other factors. 

Discussion

Our results show that studies performed to date provide insufficient evidence to confirm the 
stable existence of clear data-driven symptomatic subtypes of depression. First, relatively few 
studies have been dedicated to the detection of data-driven MDD subtypes (20 of 1176 articles). 
Second, the outcomes of these few studies are conflicting. Latent class analyses mainly grouped 
patients on overall severity, but not in classes with qualitatively different symptom profiles, 
whereas latent factor analyses, most consistently identified a factor explaining the variance of 
a mixture of cognitive and somatic symptoms (s1,s2,s5b,s6), which seems in contradiction with 
a purely cognitive or somatic symptom dimension. However, the 13 identified factors differed 
to such an extent that generalizable conclusions are questionable. In short, the collected studies 
fail to give adequate evidence for the existence of qualitatively different subtypes or symptom 
dimensions of MDD. Thus, this lack of empirical support also holds for theoretical motivated 
subtypes such as melancholic or atypical, or cognitive and somatic symptom dimensions in 
MDD. 

Particularly notable is the great deal of diversity in the results. How can we explain this 
large diversity? From the collected results, it can be seen that all sorts of factors influence the 
outcomes of latent variable analyses; for instance, the included number of patients, and the 
severity and quantity of their symptoms obviously affect the resulting latent classes and factors. 
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Presumably, there is considerable difference in symptom endorsement rates between the studies, 
as was reported from a recent mega-analysis of genome-wide association studies of patients 
with MDD [55]. Furthermore, the extensive number and differences of the questionnaires used, 
including all not recorded symptoms (weight gain, hypersomnia), is a likely contributor to the 
diverging results. On top of that, previous studies have found that in case of latent factor analyses, 
several items, including model choice (for example, component or common factor model), 
sample size, number and communalities of the variables, selection of the number of factors and 
model fit criteria, rotation method, and the degree of overdetermination, affect the stability and 
correspondence of the resulting factors [56-58]. An extra influence to take into account is the 
manifestly high correlation of symptoms within one questionnaire, as shown by some (not all) 
latent factor analyses on different questionnaires simultaneously. Thus, many theoretical choices 
preceding analysis are important determiners of the retrieved classes or dimensions. 

The major insight from this review is that we should improve our research techniques 
considerably to find data-driven subtypes of depression. Of course, it is an open-ended question 
as to whether such a pattern exists. It is possible that there simply are no symptomatic subtypes or 
dimensions, and that latent variable techniques have failed to show consistent subtypes because 
of this fact. One could argue that if there were clear symptomatic subtypes or dimensions, a 
more consistent pattern would have emerged out of the data, regardless of the theoretical 
and measurement choices involved. The other possibility is that symptomatic subtypes and 
dimensions do exist, but that the techniques used to date did not succeed in identifying them. 
If the second possibility is true, a crucial question is how study methods could be improved to 
detect patterns in the data that have not yet been detected. Careful consideration of all theoretical 
and modeling choices that influence study outcomes will be required to answer that question.

One possible strategy to improve study methods is data enrichment, because it is clear 
that the quality of data crucially determines the quality of study outcomes. First, some of the 
studies reviewed above indicate the possible benefit of dynamic measurements, as they showed 
that differentiated symptom profiles might be clearer with more rather than less severe cases 
or for earlier rather than later in the treatment process. Therefore it would seem prudent to 
study changes in symptom structure and severity over the course of treatment, preferably also 
distinguishing the influence of medication. A second set of choices would involve the scales 
used to assess these symptoms. Some diagnostic instruments use dichotomous (yes/no) 
measures for each symptom, whereas others have gradual assessments. Gradual assessments, 
would of course be expected to provide textured differentiation, and in this way possibly lead 
to greater precision in detecting meaningful subtypes. Another concern is that the frequently 
used rating scales are primarily designed to be sensitive to change as opposed to capturing the 
detailed phenomenological picture of MDD. To address the potential heterogeneity in patients 
with depression, at least all DSM criteria, including all disaggregated symptoms (s3-s6), should 
be measured in a standardized fashion. A third possibility to enrich data would be the inclusion 
of other variables in addition to depressive symptoms in analyses. Concerning the symptoms 
to include in the evaluation, it seems clear that this set of symptoms should be a broad one, so 
as to allow for the possibility of detecting subtypes associated with symptoms beyond those in 
the current DSM and ICD systems. For example, there is some suggestion in the literature that 
there might be value in differentiating irritable from non-irritable MDD [59] and in assessing the 
influence of anxiety [60, 61]. Moreover, apart from symptoms, other indicators, such as hormone 
status, genetic profile, sex, and age, could also be included as variables in future analyses. The 
inclusion of these non-symptomatic variables possibly contributes to the unraveling of causal 
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mechanisms of depressive subtypes, although we firmly believe that symptoms are the basis on 
which to start. Symptoms are non-invasive measures of disease; clinicians are trained to recognize 
and classify patients based on symptoms; and data on symptoms have been collected world-wide.

A second strategy to improve study methods involves the statistical approaches used to uncover 
depressive dimensions and subtypes. In addition to the latent factor and latent class approaches, 
we should consider complex cluster analytic models, especially those that use a canonical 
formulation to predict diverse outcomes [62, 63], and mixture models that combine features of 
latent class and item response theory models [64] or latent class and latent factor models [14]. 
Some recent studies have used factor mixture analyses to identify subtypes in other psychiatric 
disorders, such as attention-deficit/hyperactivity disorder [65], post-traumatic stress disorder [13], 
and schizophrenia [66]. To date, these approaches have not yet been used to search for subtypes of 
MDD, but are attractive alternatives in light of their success in detecting useful subtypes of other 
disorders. Obviously, in accordance with the described latent variable models, many theoretical 
factors should be considered before applying those new techniques [67]. However, if subtypes of 
MDD do exist, using different statistical methods to reveal their structure could be worthwhile. 

Thus, future analyses should ideally explore several advanced statistical techniques on 
enriched datasets. An investigation of the possibilities and limitations of different modeling 
techniques seems more reasonable than adhering exclusively to the latent factor and latent class 
models used up to now. Mega-analyses of the MDD symptoms of different samples could be 
worthwhile, as combined data may have a positive effect on robustness and generalizability of 
the results [55, 68]. However, when performing mega-analyses, it is even more important to have 
rich datasets and to apply sophisticated modeling techniques to the data to accommodate inter-
study heterogeneity [55]. Experiences with those new symptom-based classification attempts 
might inform other data-driven classification attempts that go beyond the DSM, such as the 
Research Domain Criteria [69, 70]. 

Finally, what is the value of searching for data-driven subtypes of MDD? We started our 
review with the observation that patients with MDD differ considerably in their symptomatic 
presentation, with over 200 possible symptom combinations. To date, theoretical motivated 
subtypes have not resolved the substantial population heterogeneity of MDD. Empirical 
discernment of subtypes with similar symptoms could give an impetus to research on etiology, 
course, and treatment. Improved statistical tools are available to discover patterns in rich datasets, 
therefore, data-driven subtyping of depression is a valuable approach to be explored.

Conclusions

There is no conclusive evidence for the existence of depressive symptom dimensions or 
symptomatic subtypes in adults with MDD. Many theoretical and modeling choices affect 
the results of latent variable analyses. If there is any structure to be discovered in the current 
heterogeneity, consideration of those choices would provide an useful starting point for future 
studies. 
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Additional files

Additional file 1: Search strings

MDD Outcome Limits Total

Pubmed “Depressive 
Disorder, 
Major”[Majr] OR 
(major depressive 
disorder*[tiab] 
OR major 
depression*[tiab]

depressive symptom cluster* [tiab] OR depressive 
subtype*[tiab] OR depressed patient type*[tiab] OR 
subtypes of unipolar depression*[tiab] OR subtypes 
of depression*[tiab] OR types of depression*[tiab] 
OR types of depressive disorder*[tiab] OR depressive 
typ*[tiab] OR subtyping depression*[tiab] OR subtype 
of major depressi*[tiab] OR subtypes of major 
depressi*[tiab] OR subtyping depressive disorder*[tiab] 
OR subtyping major depressi*[tiab] OR profiles 
of depressive symptom*[tiab] OR symptomatic 
criteria[tiab]

Human, 
Adult

833

Embase ‘major depression’/
exp/mj OR ‘major 
depression’:ab,ti 
OR ‘major 
depressive 
disorder’:ab,ti AND 
[embase]/lim

‘depressive symptom cluster’:ab,ti OR ‘depressive 
symptom clusters’:ab,ti OR ‘depressive subtype’:ab,ti 
OR ‘depressive subtypes’:ab,ti OR ‘depressed patient 
type’:ab,ti OR ‘depressed patient types’:ab,ti OR 
‘subtypes of unipolar depression’:ab,ti OR ‘subtypes 
of depression’:ab,ti OR ‘types of depression’:ab,ti OR 
‘types of depressive disorder’:ab,ti OR ‘depressive 
type’:ab,ti OR ‘subtyping depression’:ab,ti OR 
‘subtypes of major depression’:ab,ti OR ‘subtyping 
depressive disorder’:ab,ti OR ‘subtyping major 
depressive disorder’:ab,ti OR ‘profiles of depressive 
symptoms’:ab,ti OR ‘symptomatic criteria’:ab,ti AND 
[embase]/lim

Embase, 
Human, 
Adult

149

PsycINFO MM “Major 
Depression” or TI 
“major depressive 
disorder*” or AB 
“major depressive 
disorder*” 
or TI “major 
depression*” 
or AB “major 
depression*” 

TI “depressive subtyp*” or AB “depressive subtyp*” 
or TI “depressive symptom cluster*” or AB “depressive 
symptom cluster*” or TI “depressed patient typ*” 
or AB “depressed patient typ*” OR TI “subtypes of 
depressi*” OR AB “subtypes of depressi*” OR TI 
“types of depressi*” OR AB “types of depressi*” OR 
TI “depressive typ*” OR AB “depressive typ*” OR TI 
“subtyping depressi*” OR AB “subtyping depressi*” 
OR TI “profiles of depressive symptom*” OR AB 
“profiles of depressive symptom*” OR TI “subtypes 
of unipolar depressi*” OR AB “subtypes of unipolar 
depressi*” OR TI “subtypes of major depressi*” OR AB 
“subtypes of major depressi*” OR TI “subtyping major 
depressi*” OR AB “subtyping major depressi*” OR TI 
“symptomatic criteria” OR AB “symptomatic criteria”

Human, 
Adult

400

Total identified references by electronic database search: 1382. After removal of duplicates: 1135 unique 
titles to be included in the review process.
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Latent class analyses 
 Table S3. Translation of original clusters to severity based classes 
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Abstract

Background: Variation in course of major depressive disorder (MDD) is not strongly predicted by existing 
subtype distinctions. A new subtyping approach is considered here.

Methods: Two data mining techniques, ensemble recursive partitioning and Lasso generalized linear 
models (GLMs) followed by k-means cluster analysis, are used to search for subtypes based on index episode 
symptoms predicting subsequent MDD course in the World Mental Health (WMH) Surveys. The WMH 
surveys are community surveys in 16 countries. Lifetime DSM-IV MDD was reported by 8,261 respondents. 
Retrospectively reported outcomes included measures of persistence (number of years with an episode; 
number of with an episode lasting most of the year) and severity (hospitalization for MDD; disability due 
to MDD). 

Results: Recursive partitioning found significant clusters defined by the conjunctions of early onset, 
suicidality, and anxiety (irritability, panic, nervousness-worry-anxiety) during the index episode. GLMs 
found additional associations involving a number of individual symptoms. Predicted values of the four 
outcomes were strongly correlated. Cluster analysis of these predicted values found three clusters having 
consistently high, intermediate, or low predicted scores across all outcomes. The high-risk cluster (30.0% of 
respondents) accounted for 52.9-69.7% of high persistence and severity and was most strongly predicted by 
index episode severe dysphoria, suicidality, anxiety, and early onset. A total symptom count, in comparison, 
was not a significant predictor. 

Conclusions: Despite being based on retrospective reports, results suggest that useful MDD subtyping 
distinctions can be made using data mining methods. Further studies are needed to test and expand these 
results with prospective data. 
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Introduction

Patients with major depressive disorder (MDD) vary substantially in treatment response and 
illness course. Recognition of this variation has led researchers to search for depression subtypes 
defined either by presumed causes (e.g., postnatal depression) [1, 2], clinical presentation (e.g., 
atypical or melancholic depression) [3, 4], or empirically-derived symptom profiles using cluster 
analysis [5], factor analysis [6], or latent class analysis [7], in hopes that patients in subtypes 
would be sufficiently similar in psychopathological processes to help identify underlying 
molecular etiologies or predict treatment response [7-9]. However, subtyping distinctions up to 
now have not lived up to these expectations [8-10], although some commentators suggest that 
subtyping using endophenotypes or intermediate phenotypes might hold more promise [11, 12]. 

Another potentially useful approach to subtyping, given the goal of prediction, would be to 
define subtypes using recursive partitioning [13, 14] and related data mining methods [15, 16] 
that search for synergistic associations of predictors with illness course. Such methods have been 
used in other areas of medicine [17, 18] and relatively simple applications have been used in 
psychiatry to predict depression treatment response [19-23] and suicidality [24-26].

The current report presents results of preliminary analyses designed to find symptom-
based subtypes predicting course of major depressive disorder using more complex data mining 
methods than in previous studies. The analysis is preliminary because it uses retrospective data 
on depression course collected in cross-sectional population epidemiological surveys rather than 
longitudinal clinical studies. Results are nonetheless useful in providing a proof of concept of the 
approach in a large and diverse sample of subjects who were asked about potentially important 
subtyping variables in their index episodes and assessed for multiple indicators of subsequent 
depression persistence and severity. 

Materials and methods

Sample 
Data come from the World Health Organization World Mental Health (WMH) surveys (www.
hcp.med.harvard.edu/wmh), a series of well-characterized community epidemiological surveys 
[27-30] administered in six countries classified by the World Bank as high income (Israel, Japan, 
New Zealand, Northern Ireland, Portugal, United States), five upper-middle income (Brazil, 
Bulgaria, Lebanon, Mexico, Romania), and five low/lower-middle income (Colombia, Iraq, 
Nigeria, Peoples Republic of China, Ukraine) [31]. Most surveys feature nationally representative 
household samples, while two (Colombia, Mexico) represent all urban areas in the country, 
one selected states (Nigeria), and three selected Metropolitan Areas (Brazil, Japan, Peoples 
Republic of China)(Table 1). A total of 93,167 adults (age 18+) participated, 8,261 of whom met 
lifetime DSM-IV criteria for MDD. Sample sizes range from 2,357 (Romania) to 12,790 (New 
Zealand). The average weighted response rate was 73.7% (range: 55.1-95.2%). Weights adjusted 
for differential probabilities of selection and discrepancies with population socio-demographic/
geographic distributions. Further details about WMH sampling and weighting are available 
elsewhere [32].
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Table 1. WMH sample characteristics by World Bank income categoriesa 

Sample size

Country by income 
category Surveyb Sample characteristicsc

Field 
dates

Age 
range

Response  
rated Total

With 
MDD

I. High-income countries

 Israel NHS Nationally representative. 2002-4 21-98 72.6 4,859 284

 Japan
WMHJ  
2002-2006 Eleven metropolitan areas. 2002-6 20-98 55.1 4,129 219

 New Zealandf NZMHS Nationally representative. 2003-4 18-98 73.3 12,790 1,908

 N. Ireland NISHS Nationally representative. 2004-7 18-97 68.4 4,340 423

 Portugal NMHS Nationally representative. 2008-9 18-81 57.3 3,849 379

 United States NCS-R Nationally representative. 2002-3 18-99 70.9 9,282 1,562

 Total 67.9 (39,249) (4,775)

II. Upper-middle income countries

 Brazil – São Paulo
São Paulo 
Megacity

São Paulo metropolitan 
area. 2005-7 18-93 81.3 5,037 408

 Bulgaria NSHS Nationally representative. 2003-7 18-98 72.0 5,318 283

 Lebanon L.E.B.A.N.O.N Nationally representative. 2002-3 18-94 70.0 2,857 267

 Mexico M-NCS

All urban areas of the 
country (approximately 
75% of the total national 
population). 2001-2 18-65 76.6 5,782 397

 Romania RMHS Nationally representative. 2005-6 18-96 70.9 2,357 54

 Total 74.8 (21,351) (1,409)

III. Low and lower-middle income countries

 Colombia NSMH

All urban areas of the 
country (approximately 
73% of the total national 
population) 2003 18-65 87.7 4,426 476

 Iraq IMHS Nationally representative. 2006-7 18-96 95.2 4,332 193

 Nigeria NSMHW

21 of the 36 states in the 
country, representing 57% 
of the national population. 
The surveys were conducted 
in Yoruba, Igbo, Hausa and 
Efik languages.  2002-3 18-100 79.3 6,752 176

 PRCe –
 Beijing/Shanghai

B-WMH/S-
WMH

Beijing and Shanghai 
metropolitan areas. 2002-3 18-70 74.7 5,201 151

 PRCe –
 Shenzhen

Shenzhen

Shenzhen metropolitan 
area. 
Included temporary 
residents as well as 
household residents. 2006-7 18-88 80.0 7,132 452

 Ukrainef CMDPSD Nationally representative. 2002 18-91 78.3 4,724 629

 Total 81.4 (32,567) (2,077)
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a The World Bank. (2012). Data. Accessed June 5, 2012 at: http://data.worldbank.org/country.

b  NSMH (The Colombian National Study of Mental Health); IMHS (Iraq Mental Health Survey); NSMHW 
(The Nigerian Survey of Mental Health and Wellbeing); B-WMH (The Beijing World Mental Health 
Survey); S-WMH (The Shanghai World Mental Health Survey); CMDPSD (Comorbid Mental Disorders 
during Periods of Social Disruption); NSHS (Bulgaria National Survey of Health and Stress); LEBANON 
(Lebanese Evaluation of the Burden of Ailments and Needs of the Nation); M-NCS (The Mexico National 
Comorbidity Survey); RMHS (Romania Mental Health Survey); NHS (Israel National Health Survey); 
WMHJ2002-2006 (World Mental Health Japan Survey); NZMHS (New Zealand Mental Health Survey); 
NISHS (Northern Ireland Study of Health and Stress); NMHS (Portugal National Mental Health Survey); 
NCS-R (The US National Comorbidity Survey Replication). 

c  Most WMH surveys are based on stratified multistage clustered area probability household samples in 
which samples of areas equivalent to counties or municipalities in the US were selected in the first stage 
followed by one or more subsequent stages of geographic sampling (e.g., towns within counties, blocks 
within towns, households within blocks) to arrive at a sample of households, in each of which a listing of 
household members was created and one or two people were selected from this listing to be interviewed. 
No substitution was allowed when the originally sampled household resident could not be interviewed. 
These household samples were selected from Census area data in all countries other than France (where 
telephone directories were used to select households) and the Netherlands (where postal registries were 
used to select households). Several WMH surveys (Belgium, Germany, Italy, Poland) used municipal 
resident registries to select respondents without listing households. The Japanese sample is the only totally 
un-clustered sample, with households randomly selected in each of the 11 metropolitan areas and one 
random respondent selected in each sample household. 19 of the 26 surveys are based on nationally 
representative household samples.

d  The response rate is calculated as the ratio of the number of households in which an interview was 
completed to the number of households originally sampled, excluding from the denominator households 
known not to be eligible either because of being vacant at the time of initial contact or because the residents 
were unable to speak the designated languages of the survey. The weighted average response rate is 73.7%.

e People’s Republic of China

f For the purposes of cross-national comparisons, we limit the sample to those 18+.

Measures
Interview procedures: Translation, back-translation, and harmonization of the interview sche-
dule used standardized procedures [33]. Interviews were fully structured and administered 
face-to-face in the homes of respondents by trained lay interviewers. Rigorous interviewer 
training and quality control procedures were employed [34]. The research presented here is in 
compliance with the Code of Ethics of the World Medical Association (Declaration of Helsinki). 
The institutional review board of the organization that coordinated the survey in each country 
approved and monitored compliance with procedures for obtaining informed consent and 
protecting human subjects.

MDD: DSM-IV MDD was assessed with the Composite International Diagnostic Interview 
(CIDI), Version 3.0 [35], a fully-structured diagnostic interview designed for administration by 
trained lay interviewers. The CIDI translation, back-translation, and harmonization protocol 
required culturally competent bilingual clinicians to review, modify, and approve key phrases 
describing symptoms. Clinical reappraisal studies conducted in several WMH countries 
found good concordance between lifetime DSM-IV/CIDI diagnoses of major depression and 
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independent diagnoses based on blinded SCID clinical reappraisal interviews [36], with area 
under the ROC curve (AUC) averaging 0.75 and LR+ averaging 8.8 (a level close to the threshold 
considered definitive for ruling in a clinical diagnosis from a screen) [37].

Respondents with lifetime DSM-IV/CIDI MDD were asked retrospective questions about 
age-of-onset (AOO), whether their first lifetime depressive episode “was brought on by some 
stressful experience” or happened “out of the blue,” all DSM-IV Criterion A-D symptoms of MDE 
for the index episode (including separate questions about weight loss and weight gain, insomnia 
and hypersomnia, psychomotor agitation and retardation, and thoughts of death, suicide ideation, 
suicide plans, and suicide gestures-attempts), ICD-10 severity specifiers, questions to operationalize 
diagnostic hierarchy rule exclusions, and questions about symptoms during the index episode that 
might be markers of (i) dysthymia (inability to cope; social withdrawal), (ii) mixed episodes (sleep 
much less than usual and still not feel tired; racing thoughts), and (iii) anxious depression (feeling 
irritable; nervous-anxious-worried; having sudden attacks of intense fear or panic).

Four retrospective questions were asked about subsequent lifetime MDD course: number of 
years since AOO when the respondent had an episode (i) lasting two weeks or longer or (ii) lasting 
most days throughout the year; (iii) a dichotomous measure of whether the depression was ever 
so severe that the respondent was hospitalized overnight (and, if so, age of first hospitalization); 
and (iv) a dichotomous measure of whether the respondent was currently disabled (at least 50% 
limitation in ability to perform paid work) because of depression. These are the four outcomes 
considered here. The two measures of years in episode were divided by number of years between 
age-at-interview (AAI) and AOO+1 to create continuous outcomes in the range 0-100%. 

Other predictors: In addition to the information described above about the index episode, 
additional predictors included discretized information about the respondent’s AOO in eight 
nested age categories selected for sensitivity in the age range with most onsets (less than or 
equal to ages 12, 15, 19, 24, 29, 34, 39, 59), similarly nested and discretized information about 
AAI-AOO, and a binary variable for respondent Family History Research Diagnostic Criteria 
Interview [38] reports for whether respondents’ parents had a history of major depression.

Analysis methods
Analysis of the de-identified WMH master dataset was approved by the Institutional Review 
Board of Harvard Medical School, the site of the WMH Data Coordination Center. An 
ensemble of 100 classification trees was used to find important interactions among predictors 
of the outcomes. The ensemble approach (i.e., combining results across a large number of 
replicates, each replicate estimated in a different simulated pseudo-sample) was used to reduce 
risk of overfitting [13-15]. The recursive partitioning R package rpart [39] was used for this 
purpose. The minimum number of observations in a node for further splitting was set at 20 
and the threshold complexity parameter (cp) at 0.01. The models to predict years in episode, 
which used a Poisson link function, were estimated among respondents where AAI-AOO was 
either 10+ years (years with episodes lasting most of the year) or 15+ years (years with any 
episode) based on preliminary inspection showing that outcome scores stabilized after these 
cut-points. Proportional hazards survival models were used to predict age at first hospitalization 
for depression among respondents who were not hospitalized for depression at AOO. Logistic 
regression models were used to predict current disability in the total sample. 
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Each tree in the ensemble was built in a randomly selected bootstrap sample drawn without 
replacement from the sample and cross-validated among the remaining respondents to determine 
appropriate tree depth. Inspection of summary frequencies of unique terminal nodes (i.e., 
subgroups of respondents defined by the conjunction of the dichotomous predictors selected 
to optimize prediction of the outcome) across the 100 trees was used to select the interactions 
to retain in a second step of analysis. This second step fitted a separate generalized linear model 
(GLM) for the multivariate associations of all predictors with each outcome. Included here 
were additive associations of the individual predictors with the outcome, the interactions found 
to occur repeatedly in the tree models, and nested dichotomies to describe the total number 
of symptoms endorsed. The inclusion of the latter predictors was important to distinguish 
differential predictive effects of especially important symptoms from predictive effects of an 
overall symptom count. 

As some of the predictors in the GLM models were highly correlated, conventional regression 
methods yielded unstable results. Stepwise regression [40], which is often used to address this 
problem, overfits and performs poorly in new samples [41]. A number of data mining methods 
have been developed to improve on stepwise regression. We used one such method, the Lasso 
[42], to address this problem. The Lasso is one of several penalized regression methods that 
trades off bias to increase the efficiency of estimation by constraining the sum of variance of 
nonzero values of standardized regression coefficients with coefficient shrinkage parameters. 
We selected Lasso instead of alternatives, as this penalty handles high correlations among 
predictors by yielding a sparse model (i.e., forces coefficients of weak predictors to zero) [43]. 
The R-package glmnet [44] was used to estimate the Lasso GLMs using the same link functions 
as in the regression tree models. Coefficients from the Lasso models were exponentiated to create 
incidence density ratios (IDRs) to predict proportion of years in episode, hazard ratios (HRs) to 
predict hospitalization, and odds ratios (ORs) to predict disability. No confidence intervals were 
generated, as standard errors in such models are biased. 

The best-fitting Lasso coefficients were then used to generate predicted values of each outcome 
for all respondents. Based on evidence of strong correlations among these predicted values across 
outcomes, k-means cluster analysis was used to partition the sample into subtypes with similar 
multivariate profiles of predicted scores across the four outcomes using the R-package stats [45] 
and using 100 random starts for each number of clusters. Inspection of observed (as opposed to 
predicted) mean dichotomized outcome scores (percentages of respondents with high persistence 
and chronicity, hospitalization, and disability) and calculation of AUC (adjusted appropriately 
for the survival outcome [46]) were used to select an optimal number of clusters. Associations of 
cluster membership with dichotomized versions of outcomes were then examined by calculating 
relative-risk of the adverse outcomes in the high-risk versus other clusters, positive predictive 
value (PPV; the proportion of high-risk cluster respondents that experienced the adverse 
outcomes), and sensitivity (SN; the proportion of all adverse outcomes that occurred in the high-
risk cluster). 
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Results

Distributions of the outcomes
The mean, median, and interquartile range (25th-75th percentiles) percentages of years after AOO 
when respondents in the analysis sample reported having a depressive episode lasting two weeks 
or longer were 25.8%, 13.0%, and 6.2-29.4%, respectively. The comparable percentages for years 
having a depressive episode lasting most days throughout the year were 9.5%, 0.0%, and 0.0-
9.3%. Lifetime hospitalization for a depressive episode was reported by 4.3% of respondents and 
current disability due to depression was reported by 1.6% of respondents.

 Recursive partitioning
The terminal nodes repeatedly predicting outcomes in recursive partitioning all involved two-way 
or three-way interactions between child-adolescent (before age 19) AOO, suicidality, and anxiety 
(nervous-anxious-worried, irritable, attacks of fear-panic) during index depressive episodes. The 
conjunction of later AOO (age 35+) with anxiety and suicidality also predicted chronicity. The 
cells defined by the conjunction of early onset, suicidality, and anxiety had either the highest or, 
in one case (disability), second highest scores on all outcomes across cells of the table defined 
by these predictors. (Detailed results are available on request.) Based on these results, all two-
way and three-way interactions among AOO, anxiety, and suicidality were included in the Lasso 
GLMs. 

Lasso generalized linear models 
Four predictors of persistence, eight of chronicity, and 11 each of hospitalization and disability 
were retained in the GLMs with Lasso coefficients meaningfully different from zero (Table 2). The 
vast majority (85%) of these coefficients were positive. The positive IDRs for years in episode were 
in the range 1.1-1.4. The positive HRs for hospitalization and ORs for disability were in the range 
1.1-1.9. Only one predictor, severe dysphoria, was retained in all four models. Severe dysphoria 
was also the strongest predictor of chronicity (IDR=1.4) and one of the strongest predictors of 
hospitalization (OR=1.7). Four other predictors with consistently positive coefficients retained 
in three of the four models included suicidality (1.1-1.6), panic attacks (1.1-1.5), the multivariate 
profile of pediatric onset and anxiety (either nervousness-anxiety-worry or panic) (1.1-1.3), and 
parental history of major depression (1.2). One of these four, suicidality, was also among the 
strongest predictors of hospitalization (HR=1.6) and disability (OR=1.5), while panic was one of 
the strongest predictors of disability (OR=1.5). Other strong predictors of hospitalization included 
inability to cope (HR=1.9) and hypersomnia (HR=1.5), while inability to cope was also one of 
the strongest predictors of disability (OR=1.4). Early-AOO-suicidality also predicted disability, 
while later-AOO (older than age 34)-suicidality predicted chronicity. The latter represented a 
nonlinearity in the effect of the multivariate AOO-anxiety-suicidality profile. 

Cluster analysis
Predicted values of each outcome were calculated for each respondent based on the GLM model 
coefficients. Spearman rank-order correlations among these predicted values were in the range 
0.76-0.89. Principal axis exploratory factor analysis showed that the correlations were consistent 
with the existence of a single underlying factor (factor loadings in the range 0.89-0.94). Based on 
these results, k-means cluster analysis of transformed (to percentiles) predicted outcome scores 
searched for multivariate clusters defining differential risk of the outcomes. 
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Table 2. Lasso GLM coefficients to predict subsequent course of DSM-IV major depressive 
disorder based on characteristics of the incident episodea

Percent of years in episode

Any 
episode

Episode lasting 
most of year Hospitalized Disabled

IDRb IDRb HRb ORb

I. Criterion A symptoms of major depression 

 Severe dysphoriac (ICD-10 severity specifier) 1.1 1.4 1.7 1.2

 Anhedonia 1.1

Weight loss 0.9

Weight gain 1.1 0.8

Insomnia 1.3

Hypersomnia 1.5

Psychomotor agitation 1.2

Psychomotor retardation 1.2

Suicidality 1.1 1.6 1.5

II. Symptoms of dysthymia 

 Inability to cope 1.9 1.4

III. Symptoms of anxiety

 Irritability 1.1 0.8 1.2

 Panic 1.1 1.3 1.5

IV. Symptoms of mixed episode

 Racing thoughts 0.8

 High energy 1.2

V. Multivariate symptom profiles 

AOO < 19 and suicidality 1.3

AOO < 19 and anxiety 1.1 1.3 1.2

AOO ≥ 35 and suicidality and anxiety 1.2

VI. Other predictorsd 

Endogenous 0.7

Parental history of depression 1.2 1.2 1.2

N (2,869) (3,958) (6,465) (8,261)

a  Based on Lasso GLM penalized regression models, with the size of penalty determined by 10-fold cross-
validation to select the penalty yielding cross-validating results with minimum mean squared prediction 
error. No confidence intervals are reported because standard errors of such simulated models are biased. 
See the text for a discussion of differences in link functions and sample sizes. 

b IDR = Incidence density ratio; HR=Hazard ratio; OR = Odds ratio

c  This is not the DSM-IV Criterion A symptom of dysphoria but the ICD-10 symptom for somatic depression 
that the dysphoria is so severe that the patient has a lack of emotional reaction to events or activities that 
normally produce an emotional response. The DSM-IV symptom of dysphoria, in comparison, was not a 
significant predictor in any of the models.

d  An additional 12 predictors were included in the Lasso GLM models that had coefficients of either zero 
or near zero across all outcomes. These predictors are dysphoria, fatigue/loss of energy, worthlessness or 
excessive guilt, diminished ability to concentrate or indecisiveness, social withdrawal, nervousness-worry-
anxiety, multivariate symptoms profiles of childhood (before age 13) onset with anxiety and/or suicidality, 
multivariate symptom profiles of AOO before 19 with anxiety and suicidality, other multivariate symptom 
profiles of AOO either before 13 or before 19 or after 34 with either anxiety and/or suicidality, little need 
for sleep, total number of symptoms, age of onset, and time between onset and age at interview. 
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Inspection of mean percentile scores for solutions between three and eight clusters showed all 
solutions defined one class with the highest mean scores on all outcomes, a second class with 
lowest mean scores on all outcomes, and other classes with consistently intermediate mean scores 
on all outcomes (Figure 1a-1f). Based on this observation, alternative three-cluster solutions were 
constructed from the original four- through eight-cluster solutions by collapsing the intermediate 
clusters. AUC was then compared across these solutions to predict dichotomous versions of 
the measures of years in episodes (distinguishing the 5-10 top percentiles of respondents with 
highest scores), hospitalization, and disability to see if classifications of high-risk or low-risk 
clusters were refined in solutions with more than three clusters. None of the collapsed solutions 
had higher AUCs than the original three-cluster solution (0.64 for years in episode, 0.61 for years 
in episodes lasting more than half the year, 0.70 for hospitalization, and 0.72 for disability). 

The distribution of membership in the three-cluster solution was 30.7% high-risk, 35.6% 
intermediate-risk, and 33.7% low-risk. Respondents in the high-risk cluster were 2.1-5.1 times 
as likely as others and 2.5-11.3 times as likely as respondents in the low-risk cluster to have high 
levels of long-term MDD persistence and severity (Table 3). Respondents in the high-risk cluster 
includes 52.9-69.7% of all those with high levels of long-term MDD persistence and severity and 
68.4-71.1% of those with two or more such adverse outcomes. 

Cluster membership was strongly associated (Cramer’s V greater than 0.50) with only one 
baseline predictor, suicidality (V=0.54), and moderately associated (Cramer’s V in the range 0.30-
0.50) with eight others, including one Criterion A depressive symptom (worthlessness/excessive 
guilt, V=0.34), the ICD-10 severe dysphoria marker (V=0.47), one symptom of dysthymia 
(inability to cope, V=0.50), two of the three symptoms of anxiety (irritability, panic attacks, 
V=0.30-0.44), and the early-AOO multivariate symptom profiles retained in the Lasso GLMs 
(early AOO with either suicidality or anxiety, V=0.35-0.46) (Table 4). Scores on these variables 
were consistently higher in the high-risk than intermediate-risk cluster and in the intermediate-
risk than the low-risk cluster. However, proportional high-risk versus intermediate-risk 
differences were relatively modest in most cases (1.1-1.4 risk-ratios) other than for panic (1.7) 
and the early-AOO multivariate symptoms profiles (2.0-3.2), while proportional intermediate-
risk versus low-risk differences were consistently larger, with the highest risk-ratios for panic 
(2.8), inability to cope (2.5), suicidality (2.0), and the multivariate symptoms profiles (2.4-7.1).
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Table 3. Associations of cluster membership with positive screening characteristics 

Relative-riska in the high-risk cluster vs. 

All othersb

Those in the 
low-risk cluster

Positive  
predictive valuec Sensitivityc

Est (95% CI) Est (95% CI) % (se) % (se)

Percent of years in any episode

Top 5 percentile                   2.7 (1.7-3.7) 3.3 (1.7-4.9) 7.9 (0.8) 60.0 (4.3)

Top 10 percentile                   2.5 (1.9-3.1) 3.1 (1.9-4.2) 16.4 (1.1) 58.0 (3.0)

Percent of years in episodes lasting most of the year

Top 5 percentile                   2.7 (1.8-3.5) 4.0 (1.9-6.1) 8.2 (0.8) 59.3 (3.5)

Top 10 percentile                   2.1 (1.6-2.5) 2.5 (1.7-3.3) 14.4 (0.9) 52.9 (2.5)

Hospitalized 5.1 (3.4-6.7) 10.4 (4.3-16.6) 9.6 (0.8) 69.7 (3.5)

Disabled  4.6 (2.5-6.7) 11.3 (2.9-19.8) 3.4 (0.4) 67.1 (4.9)

Summary outcomes using top 5 percentile

Anyd                               3.2 (2.4-3.9) 4.5 (3.0-6.0) 25.4 (1.6) 64.2 (3.0)

Multiple e 4.3 (1.8-6.9) 6.5 (0.9-12.1) 5.6 (0.8) 71.1 (5.6)

Summary outcomes using top 10 percentile

Anyd                             2.6 (2.1-3.1) 3.1 (2.3-4.0) 33.0 (1.9) 59.3 (2.6)

Multiple e 3.8 (2.3-5.3) 4.8 (1.9-7.7) 11.2 (1.1) 68.4 (4.3)

a  Relative-risk is the ratio of the percent of respondents in the high-risk cluster that experienced the adverse 
outcome compared to the percent in the other clusters or in the low-risk cluster.

b  Others = Respondents in either the intermediate-risk or low-risk clusters.

c  Positive Predictive Value is the percent of respondents in the high-risk cluster that experienced the adverse 
outcome; Sensitivity is the percent of observed adverse outcomes that occurred in the high-risk cluster.

d  These are dichotomous variables that differentiate respondents who had one or more of the following four 
adverse outcomes: in the top 5 percentile (or 10 percentile) of years with episodes, in the top 5 percentile 
(or 10 percentile) of years with episodes lasting most of the year, hospitalized, or disabled. 

e  These are dichotomous variables that differentiate respondents who had two or more of the four adverse 
outcomes. 



55

M
ajor depressive disorder subtypes to predict long-term

 course

3

Ta
bl

e 
4.

 S
ym

pt
om

s a
ss

oc
ia

te
d 

w
ith

 th
e 

hi
gh

-r
isk

, i
nt

er
m

ed
ia

te
-r

isk
, a

nd
 lo

w
 ri

sk
 cl

us
te

rs
H

ig
h

-r
is

k
In

te
rm

ed
ia

te
-r

is
k

Lo
w

-r
is

k
To

ta
l

%
(s

e)
%

(s
e)

%
(s

e)
%

(s
e)

χ 
2

C
ra

m
er

’s
 V

I. 
C

ri
te

ri
o

n
 A

 s
ym

p
to

m
s 

o
f 

m
aj

o
r 

d
ep

re
ss

io
n

 
D

ys
ph

or
ia

99
.6

(0
.2

)
98

.9
(0

.2
)

96
.1

(0
.4

)
98

.2
(0

.2
)

57
.0

*
0.

11
Se

ve
re

 d
ys

ph
or

ia
97

.8
(0

.4
)

91
.0

(0
.7

)
56

.0
(1

.1
)

81
.3

(0
.5

)
71

3.
6*

0.
47

A
nh

ed
on

ia
95

.0
(0

.5
)

88
.7

(0
.7

)
79

.0
(0

.9
)

87
.3

(0
.5

)
20

5.
1*

0.
20

W
ei

gh
t 

lo
ss

74
.9

(1
.0

)
74

.8
(1

.0
)

76
.4

(1
.0

)
75

.4
(0

.6
)

1.
8

0.
02

W
ei

gh
t 

ga
in

18
.0

(0
.8

)
14

.8
(0

.8
)

12
.0

(0
.7

)
14

.8
(0

.5
)

28
.5

*
0.

07
In

so
m

ni
a

85
.3

(0
.9

)
83

.1
(0

.8
)

78
.5

(0
.9

)
82

.2
(0

.5
)

28
.4

*
0.

07
H

yp
er

so
m

ni
a

10
.5

(0
.8

)
9.

0
(0

.6
)

9.
7

(0
.6

)
9.

7
(0

.4
)

2.
4

0.
02

Ps
yc

ho
m

ot
or

 a
gi

ta
tio

n
16

.9
(0

.8
)

17
.7

(0
.9

)
14

.8
(0

.8
)

16
.5

(0
.5

)
6.

4*
0.

03
Ps

yc
ho

m
ot

or
 r

et
ar

da
tio

n
67

.7
(1

.0
)

55
.0

(1
.0

)
41

.0
(1

.1
)

54
.2

(0
.6

)
24

7.
9*

0.
22

Fa
tig

ue
/lo

ss
 o

f 
en

er
gy

89
.4

(0
.8

)
86

.6
(0

.8
)

81
.2

(0
.8

)
85

.7
(0

.5
)

54
.4

*
0.

10
W

or
th

le
ss

ne
ss

 o
r 

ex
ce

ss
iv

e 
gu

ilt
98

.2
(0

.3
)

88
.4

(0
.7

)
68

.3
(1

.0
)

84
.6

(0
.4

)
72

4.
0*

0.
34

D
im

in
is

he
d 

ab
ili

ty
 t

o 
co

nc
en

tr
at

e/
in

de
ci

si
ve

ne
ss

96
.2

(0
.4

)
91

.7
(0

.6
)

84
.5

(0
.7

)
90

.7
(0

.4
)

16
7.

9*
0.

16
Su

ic
id

al
ity

98
.8

(0
.2

)
76

.9
(1

.0
)

38
.2

(1
.1

)
70

.6
(0

.6
)

14
49

.6
*

0.
54

II.
 S

ym
p

to
m

s 
o

f 
d

ys
th

ym
ia

 
In

ab
ili

ty
 t

o 
co

pe
86

.0
(0

.8
)

59
.5

(1
.0

)
24

.0
(1

.0
)

55
.7

(0
.7

)
12

96
.2

*
0.

50
So

ci
al

 w
ith

dr
aw

al
/t

ea
rf

ul
ne

ss
99

.2
(0

.2
)

94
.4

(0
.5

)
88

.0
(0

.8
)

93
.7

(0
.3

)
26

1.
3*

0.
19

III
. S

ym
p

to
m

s 
o

f 
an

xi
et

y
Irr

ita
bi

lit
y

77
.7

(1
.0

)
62

.9
(1

.0
)

41
.1

(1
.1

)
60

.1
(0

.6
)

54
1.

3*
0.

30
N

er
vo

us
ne

ss
-w

or
ry

-a
nx

ie
ty

88
.4

(0
.9

)
76

.2
(1

.0
)

56
.6

(1
.1

)
73

.3
(0

.6
)

36
9.

6*
0.

29
Pa

ni
c

66
.4

(1
.1

)
38

.1
(1

.1
)

13
.5

(0
.7

)
38

.5
(0

.6
)

84
2.

1*
0.

44
IV

. S
ym

p
to

m
s 

o
f 

m
ix

ed
 e

p
is

o
d

e
Li

tt
le

 n
ee

d 
fo

r 
sl

ee
p

47
.1

(1
.2

)
47

.0
(1

.2
)

41
.7

(1
.1

)
45

.2
(0

.7
)

14
.2

*
0.

05
Ra

ci
ng

 t
ho

ug
ht

s
10

.6
(0

.8
)

12
.4

(0
.7

)
15

.7
(0

.9
)

12
.9

(0
.4

)
16

.6
*

0.
06

H
ig

h 
en

er
gy

3.
2

(0
.4

)
3.

0
(0

.4
)

3.
3

(0
.4

)
3.

1
(0

.2
)

0.
3

0.
01

V.
 M

u
lt

iv
ar

ia
te

 s
ym

p
to

m
 p

ro
fi

le
s 

A
O

O
 <

 1
9 

an
d 

su
ic

id
al

ity
48

.6
(1

.2
)

17
.7

(0
.9

)
4.

9
(0

.5
)

22
.9

(0
.6

)
85

3.
0*

0.
43

A
O

O
 <

 1
9 

an
d 

an
xi

et
y

48
.9

(1
.2

)
24

.4
(1

.1
)

9.
9

(0
.7

)
27

.1
(0

.6
)

65
8.

4*
0.

35
A

O
O

 <
 1

9 
an

d 
su

ic
id

al
ity

 a
nd

 a
nx

ie
ty

47
.8

(1
.2

)
14

.9
(0

.9
)

2.
1

(0
.3

)
20

.7
(0

.5
)

91
9.

8*
0.

46
A

O
O

 ≥
 3

5 
an

d 
su

ic
id

al
ity

 a
nd

 a
nx

ie
ty

16
.4

(0
.8

)
21

.9
(0

.9
)

9.
1

(0
.6

)
15

.9
(0

.4
)

17
9.

2*
0.

15
V

I. 
O

th
er

 p
re

d
ic

to
rs

 
En

do
ge

no
us

 
17

.0
(0

.9
)

16
.2

(0
.9

)
14

.7
(0

.8
)

15
.9

(0
.6

)
4.

3
0.

03
Pa

re
nt

al
 h

is
to

ry
 o

f 
de

pr
es

si
on

9.
9

(0
.7

)
5.

8
(0

.6
)

3.
2

(0
.4

)
6.

2
(0

.4
)

63
.8

*
0.

11

N
(2

,5
20

)
(2

,8
99

)
(2

,8
42

)
(8

,2
61

)

*S
ig

ni
fic

an
t a

t t
he

 0
.0

5 
le

ve
l, 

tw
o-

sid
ed

 te
st



56

M
ajor depressive disorder subtypes to predict long-term

 course

3

Discussion 

The above results are limited by being based on retrospective data collected in fully-structured 
interviews excluding information on such potentially important predictors as temporally 
primary comorbid disorders and treatment status. Sample biases could also have been introduced 
by differential response related to predictors or predictor effects or differential mortality. The 
limitations involving use of a fully-structured interview and restricted predictors almost certainly 
led to downward bias in the estimated strength of associations, but the other limitations could 
have introduced either conservative or anti-conservative biases. Results should be considered 
only exploratory because of these limitations, although the results have value both as a proof of 
concept and as a source of ideas about prediction patterns that warrant analysis in future studies. 

Within the context of these limitations, three results emerged that could serve as a starting 
point for future prospective clinical studies. First, the recursive partitioning found an early-
onset-anxious-suicidal subtype associated with all four outcomes (persistence, chronicity, 
hospitalization, disability) and a late-onset-anxious-suicidal subtype associated with chronicity. 
Second, the GLMs found that a number of index episode symptoms were significant predictors 
of all outcomes. The most consistent and powerful of these was severe dysphoria, while others 
included parental history of major depression, suicidality, panic attacks, and multivariate profiles 
of pediatric onset with anxiety and/or suicidality. Third, strong clustering was found in these 
predicted values across the outcomes, with the roughly 30% of respondents in the high-risk 
cluster accounting for more than two-thirds of cases with multiple indicators of high long-term 
persistence, chronicity, and severity.

Several previous epidemiological studies examined baseline predictors of long-term course 
either in treatment [47, 48] or community [49-51] samples, but did not attempt to search for 
depression subtypes. While these studies found several replicated predictors, including co-
occurring anxiety, pain-physical comorbidity, and family history of depression [50, 52-54], no 
attempt was made in those studies to examine synergistic effects of predictor clusters other than 
for summary measures of overall depression symptom number. Importantly, we included a total 
count of depressive symptoms in our GLMs but this measure was not significant. 

As noted in the introduction, subtyping analyses more similar to those reported here have been 
done to predict treatment response [19, 20] and naturalistic patterns of remission among patients 
[23] or in the placebo control group of a depression clinical trial [21]. A number of recent clinical 
studies have also used methods similar to ours either to predict suicidality during [22, 25, 26] or 
after termination of treatment [24]. However, none of those analyses used ensemble methods or 
combined recursive partitioning with GLM to assess both synergistic and additive predictor effects. 

In considering the possibility of future extensions to prospective studies, it is important to 
note that although we found an early-onset anxious-suicidal depression subtype that predicts 
all the outcomes (suicidality being the critical element in predicting disability and anxiety in 
predicting the other outcomes), we failed to find recursive partitioning profiles associated with a 
larger set of predictors despite the sample being much bigger than in existing prospective studies 
(i.e., affording good statistical power to detect synergistic symptom profiles if they existed) and 
the symptoms considered being quite broad. Taken together with the results of a recent secondary 
analysis that failed to find stable symptom-based MDD subtypes defined by internal consistency 
[10], our failure to find more elaborate subtypes argues against the existence of complex MDD 
subtypes defined exclusively on the basis of synergistic associations among index depressive 
episode symptoms other than the early-onset anxious-suicidal subtype. 
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It is important to note that broader MDD predictive subtypes not defined exclusively by index 
episode symptoms might be found in either of two other ways. One possibility would involve 
expanding the search for subtypes beyond symptoms of an index episode. Included here, for 
example, could be information about temporally primary comorbid mental disorders (e.g., 
early-onset distress, fear-circuitry, or impulse-control disorders), physical disorders (e.g., 
metabolic syndrome), socio-demographics, and (neuro)biological factors  to define subtypes. 
We purposefully did not include such expansions here, as we wanted to focus on subtypes 
defined by index episode symptoms, but future analysis should do so to broaden the search for 
subtypes to include these other predictors. It would be interesting for future research to examine 
the possibility that the significant association found here between later-AOO-anxious-suicidal 
depression in the index episode with later chronicity but no other outcome might reflect the 
importance of a late-onset depression subtype that might occur in conjunction with a physical 
comorbidity, such as cardio-metabolic illness [55] associated with episodes of long duration but 
not high persistence or severity. 

Such a possibility can only be examined by broadening the search for subtypes to include 
comorbid physical disorders. The potential value of expanding the search for subtypes to include 
information about biomarkers is illustrated in recent studies showing that the course of atypical 
and melancholic depression is differentially predicted by HPA-axis, metabolic syndrome and 
inflammatory parameters [56] and that inflammatory dysregulation is associated with the onset 
of ‘mixed state depression’ [57]. Such analyses have the potential to discover clinically meaningful 
and biologically valid disease clusters across a range of clinically relevant outcomes, an approach 
consistent with the recent call for what has been referred to as a stratified medicine approach [58] 
that bypasses the search for a gold standard and focuses instead on the discovery of subtypes 
associated with a range of clinically meaningful outcomes.

A second possibility would be to look more closely within the high-risk cluster found in 
our analysis to search for embedded subtypes. To understand this suggestion it is important 
to recognize that the clusters we discovered cannot themselves be thought of as subtypes in 
the classical sense because they were discovered by clustering predicted outcome scores rather 
than the predictors themselves. A great many different combinations of predictors could yield 
the same predicted outcome scores. This means that further effort is needed to define subtypes 
within the high-risk cluster by considering multivariate profiles among the predictors that 
determine cluster membership so as to take into consideration the differential importance of 
these predictors within and across outcomes. No attempt was made to do this here, but it is 
clearly something that warrants future investigation in future studies based on the analysis of a 
more complete set of predictors. 

It would also be useful, finally, if future studies expanded the range of outcomes considered 
here. The four outcomes in our analysis were selected purely based on availability. Given the 
discovery that predicted values are strongly correlated across these outcomes, it would be useful 
to develop an understanding of the range of outcomes over which this consistency occurs. Such 
an investigation could be carried out informally using the simple correlational methods used 
here, or a more formal approach might be conceived along the lines of the canonical regression 
models used to study latent mediators in the development of comorbidity among mental 
disorders [59-61]. Or it might be possible to address this issue by adapting the data mining 
methods developed to discover what have been called master regulators [62] in molecular genetic 
studies of physical disorders [63-65]. Regardless of method, though, the discovery of common 
predictors of multiple indicators of persistence, chronicity, and severity call out for a more 
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diverse and integrated analysis of clusters and within-cluster subtypes among the predictors of 
such outcomes. 

In thinking of these future developments, it is important to recognize that the recursive 
partitioning methods used here require a much larger sample size than is likely to exist 
in prospective clinical samples. This means that the most feasible way to extend the current 
results in prospective clinical studies would be to evaluate the significance of the synergistic 
symptom profiles found here rather than to attempt independent data mining exercises, although 
independent Lasso and cluster analyses using larger sets of predictors (possibly including 
measures of endophenotypes) and alternative indicators of outcomes would be quite feasible 
in such studies. Although it is unlikely that clinicians would be willing to collect such data for 
purposes of making the subtyping distinctions made here, it is conceivable that future studies 
will document powerful effects of other predictors that could be examined using similar methods 
and shown to have sufficiently important clinical implications that it would motivate clinicians to 
collect such information as a routine part of their initial evaluations to guide treatment planning. 
The technology described here holds great promise in facilitating analyses aimed at documenting 
such predictors. 

Conclusion

Despite our analysis being based on retrospective reports, our results suggest that useful 
symptom-based MDD subtyping distinctions can be made with data mining methods that focus 
on prediction rather than internal consistency and that the resulting subtypes have meaningful 
relationships with course of illness. The practical value of this approach, though, can only be 
judged by replication with prospective data, ideally expanding the analysis to use a wider range 
of predictors and outcomes.



59

M
ajor depressive disorder subtypes to predict long-term

 course

3

References
1. Cooper C, Jones L, Dunn E, Forty L, Haque S, Oyebode F, Craddock N, Jones I: Clinical presentation of 

postnatal and non-postnatal depressive episodes. Psychol Med 2007, 37(9):1273-1280.
2. Cooper PJ, Murray L: Course and recurrence of postnatal depression. Evidence for the specificity of the 

diagnostic concept. British Journal of Psychiatry 1995, 166(2):191-195.
3. Fink M, Rush AJ, Knapp R, Rasmussen K, Mueller M, Rummans TA, O’Connor K, Husain M, Biggs M, 

Bailine S, Kellner CH: DSM melancholic features are unreliable predictors of ECT response: A CORE 
publication. J ECT 2007, 23(3):139-146.

4. Uher R, Dernovsek MZ, Mors O, Hauser J, Souery D, Zobel A, Maier W, Henigsberg N, Kalember P, 
Rietschel M, Placentino A, Mendlewicz J, Aitchison KJ, McGuffin P, Farmer A: Melancholic, atypical 
and anxious depression subtypes and outcome of treatment with escitalopram and nortriptyline. J Affect 
Disord 2011, 132(1-2):112-120.

5. Andreasen NC, Grove WM: The classification of depression: traditional versus mathematical approaches. 
Am J Psychiatry 1982, 139(1):45-52.

6. Romera I, Delgado-Cohen H, Perez T, Caballero L, Gilaberte I: Factor analysis of the Zung self-rating 
depression scale in a large sample of patients with major depressive disorder in primary care. BMC 
Psychiatry 2008, 8:4.

7. Lamers F, Burstein M, He J, Avenevoli S, Angst J, Merikangas KR: Structure of major depressive 
disorder in adolescents and adults in the US general population. The British Journal of Psychiatry 2012, 
201(2):143-150.

8. Baumeister H, Parker G: Meta-review of depressive subtyping models. J Affect Disord 2012, 139(2):126-140.
9. Carragher N, Adamson G, Bunting B, McCann S: Subtypes of depression in a nationally representative 

sample. J Affect Disord 2009, 113(1-2):88-99.
10. Van Loo HM, De Jonge P, Romeijn J, Kessler RC, Schoevers RA: Data-driven subtypes of major 

depressive disorder: a systematic review. BMC Med 2012, 10(1):156.
11. Glahn DC, Curran JE, Winkler AM, Carless MA, Kent JW,Jr, Charlesworth JC, Johnson MP, Goring 

HH, Cole SA, Dyer TD, Moses EK, Olvera RL, Kochunov P, Duggirala R, Fox PT, Almasy L, Blangero J: 
High dimensional endophenotype ranking in the search for major depression risk genes. Biol Psychiatry 
2012, 71(1):6-14.

12. Hasler G, Northoff G: Discovering imaging endophenotypes for major depression. Mol Psychiatry 2011, 
16(6):604-619.

13. Strobl C, Malley J, Tutz G: An introduction to recursive partitioning: Rationale, application, and 
characteristics of classification and regression trees, bagging, and random forests. Psychol Methods 
2009, 14(4):323-348.

14. Zhang H, Singer B: Recursive partitioning and applications: 2nd ed. New York: Springer; 2010.
15. Hastie T, Tibshirani R, Friedman J: The Elements of Statistical Learning: Data Mining, Inference, and 

Prediction, Second Edition: New York, NY: Springer; 2009.
16. Van der Laan MJ, Rose S: Targeted Learning: Causal Inference for Observational and Experimental Data: 

New York, NY: Springer; 2011.
17. Chang YJ, Chen LJ, Chung KP, Lai MS: Risk groups defined by Recursive Partitioning Analysis of patients 

with colorectal adenocarcinoma treated with colorectal resection. BMC Medical Research Methodology 
2012, 12:2.

18. Chao ST, Koyfman SA, Woody N, Angelov L, Soeder SL, Reddy CA, Rybicki LA, Djemil T, Suh JH: 
Recursive partitioning analysis index is predictive for overall survival in patients undergoing spine 
stereotactic body radiation therapy for spinal metastases. International Journal of Radiation Oncology, 
Biology, Physics 2012, 82(5):1738-1743.

19. Andreescu C, Mulsant BH, Houck PR, Whyte EM, Mazumdar S, Dombrovski AY, Pollock BG, Reynolds 
CF,3rd: Empirically derived decision trees for the treatment of late-life depression. Am J Psychiatry 2008, 
165(7):855-862.

20. Jain FA, Hunter AM, Brooks JO, 3, Leuchter AF: Predictive socioeconomic and clinical profiles of 
antidepressant response and remission. Depress Anxiety 2013, 30(7):624-630.

21. Nelson JC, Zhang Q, Deberdt W, Marangell LB, Karamustafalioglu O, Lipkovich IA: Predictors of 
remission with placebo using an integrated study database from patients with major depressive disorder. 
Curr Med Res Opin 2012, 28(3):325-334.



60

M
ajor depressive disorder subtypes to predict long-term

 course

3

22. Rabinoff M, Kitchen CM, Cook IA, Leuchter AF: Evaluation of quantitative EEG by classification and 
regression trees to characterize responders to antidepressant and placebo treatment. Open Med Inform 
J 2011, 5:1-8.

23. Riedel M, Möller H, Obermeier M, Adli M, Bauer M, Kronmüller K, Brieger P, Laux G, Bender W, 
Heuser I, Zeiler J, Gaebel W, Schennach-Wolff R, Henkel V, Seemüller F: Clinical predictors of response 
and remission in inpatients with depressive syndromes. J Affect Disord 2011, 133(1-2):137-149.

24. Ilgen MA, Downing K, Zivin K, Hoggatt KJ, Kim HM, Ganoczy D, Austin KL, McCarthy JF, Patel JM, 
Valenstein M: Exploratory data mining analysis identifying subgroups of patients with depression who 
are at high risk for suicide. J Clin Psychiatry 2009, 70(11):1495-1500.

25. Musil R, Zill P, Seemuller F, Bondy B, Meyer S, Spellmann I, Bender W, Adli M, Heuser I, Fisher R, 
Gaebel W, Maier W, Rietschel M, Rujescu D, Schennach R, Moller HJ, Riedel M: Genetics of emergent 
suicidality during antidepressive treatment--data from a naturalistic study on a large sample of inpatients 
with a major depressive episode. European Neuropsychopharmacology 2013, 23(7):663-674.

26. Seemüller F, Riedel M, Obermeier M, Bauer M, Adli M, Mundt C, Holsboer F, Brieger P, Laux G, 
Bender W, Heuser I, Zeiler J, Gaebel W, Jager M, Henkel V, Moller HJ: The controversial link between 
antidepressants and suicidality risks in adults: data from a naturalistic study on a large sample of in-
patients with a major depressive episode. International Journal of Neuropsychopharmacology 2009, 
12(2):181-189.

27. Kessler R, Üstün T: The WHO World Mental Health Surveys: Global Perspective on the Epidemiology of 
Mental Disorders: New York: Cambrdige University Press; 2008.

28. Alonso J, Chatterji S, He Y: The Burden of Mental Disorders: Global Perspectives from the WHO World 
Mental Health Surveys: New York: Cambridge University Press; 2013.

29. Nock MK, Borges G, Ono Y: Suicide: Global Perspectives from the WHO World Mental Health Surveys: 
New York, NY: Cambridge University Press; 2012.

30. Von Korff MR, Scott KM, Gureje O: Global Perspectives on Mental-Physical Comorbidity In the WHO 
World Mental Health Surveys: New York, NY: Cambridge University Press; 2009.

31. World Bank: Data & Statistics, Country Groups by Income. 2009 [cited 2009 May 12]. Available at: 
http://go.worldbank.org/D7SN0B8YU0

32. Heeringa SG, Wells EJ, Hubbard F, Mneimneh ZN, Chiu WT, Sampson NA, Berglund PA: Sample 
designs and sampling procedures. In Edited by Kessler RC, Üstün TB.    New York, NY: Cambridge 
University Press; 2008:14-32.

33. Harkness J, Pennell BE, Villar A, Gebler N, Aguilar-Gaxiola S, Bilgen I: Translation procedures and 
translation assessment in the world mental health survey initiative. In Edited by Kessler RC, Üstün 
TB.  New York: Cambridge University Press; 2008:91-113.

34. Pennell B, Mneimneh Z, Bowers A, Chardoul S, Wells JE, Viana MC, Dinkelmann K, Gebler N, Florescu 
S, He Y, Huang Y, Tomov T, Vilagut G: Implementation of the world mental health surveys. In Edited by 
Kessler RC, ÃœstÃ¼n TB.  New York, NY: Cambridge University Press; 2008:33-57.

35. Kessler RC, Üstün TB: The World Mental Health (WMH) Survey Initiative Version of the World Health 
Organization (WHO) Composite International Diagnostic Interview (CIDI). International Journal of 
Methods in Psychiatric Research 2004, 13(2):93-121.

36. Haro JM, Arbabzadeh-Bouchez S, Brugha TS, de Girolamo G, Guyer ME, Jin R, Lepine JP, Mazzi F, 
Reneses B, Vilagut G, Sampson NA, Kessler RC: Concordance of the Composite International Diagnostic 
Interview Version 3.0 (CIDI 3.0) with standardized clinical assessments in the WHO World Mental 
Health surveys. International Journal of Methods in Psychiatric Research 2006, 15(4):167-180.

37. Altman D, Machin D, Bryant T, Gardner S: Statistics with Confidence: Confidence intervals and statistical 
guidelines, Second Edition: London: BMJ Books; 2000.

38. Endicott J, Andreasen N, Spitzer RL: Family History Research Diagnostic Criteria. New York, NY: 
Biometrics Research, New York State Institute; 1978.

39. Thernau T, Atkinson B, Ripley B: Rpart: Recursive Partioning. R Package 4.1-0; 2012.
40. Draper N, Smith H: Applied Regression Analysis, Second Edition: New York, NY: Wiley; 1981.
41. Berk RA: Regression Analysis: A Constructive Critique: Newbury Park, CA: Sage; 2003.
42. Tibshirani R: Regression shrinkage and selection via the lasso. J Roy Stat Soc B 1996, 58(1):267-288.
43. Berk RA: Statistical Learning from a Regression Perspective: New York, NY: Springer; 2008.
44. Friedman J, Hastie T, Tibshirani R: Regularization Paths for Generalized Linear Models via Coordinate 

Descent. J Stat Softw 2010, 33(1):1-22.



61

M
ajor depressive disorder subtypes to predict long-term

 course

3

45. R Core Team: R: A language and environment for statistical computing. http://www.R-project.org/; 2014.
46. Chambless LE, Diao G: Estimation of time-dependent area under the ROC curve for long-term risk 

prediction. Stat Med 2006, 25(20):3474-3486.
47. Judd LL, Schettler PJ, Coryell W, Akiskal HS, Fiedorowicz JG: Overt irritability/anger in unipolar major 

depressive episodes: past and current characteristics and implications for long-term course. JAMA 
Psychiatry 2013, 70(11):1171-1180.

48. Penninx BW, Beekman AT, Smit JH, Zitman FG, Nolen WA, Spinhoven P, Cuijpers P, De Jong PJ, Van 
Marwijk HW, Assendelft WJ, Van DM, Verhaak P, Wensing M, De Graaf R, Hoogendijk WJ, Ormel J, 
Van Dyck R: The Netherlands Study of Depression and Anxiety (NESDA): Rationale, objectives and 
methods. International Journal of Methods in Psychiatric Research 2008, 17(3):121-140.

49. Bottomley C, Nazareth I, Torres-Gonzalez F, Svab I, Maaroos HI, Geerlings MI, Xavier M, Saldivia S, 
King M: Comparison of risk factors for the onset and maintenance of depression. Br J Psychiatry 2010, 
196(1):13-17.

50. Patten SB, Wang JL, Williams JV, Lavorato DH, Khaled SM, Bulloch AG: Predictors of the longitudinal 
course of major depression in a Canadian population sample. Can J Psychiatry 2010, 55(10):669-676.

51. Spijker J, de Graaf R, Bijl RV, Beekman AT, Ormel J, Nolen WA: Determinants of persistence of major 
depressive episodes in the general population. Results from the Netherlands Mental Health Survey and 
Incidence Study (NEMESIS). J Affect Disord 2004, 81(3):231-240.

52. Coryell W, Fiedorowicz JG, Solomon D, Leon AC, Rice JP, Keller MB: Effects of anxiety on the long-term 
course of depressive disorders. Br J Psychiatry 2012, 200(3):210-215.

53. Gerrits MM, Vogelzangs N, van Oppen P, van Marwijk HW, van der Horst H, Penninx BW: Impact of 
pain on the course of depressive and anxiety disorders. Pain 2012, 153(2):429-436.

54. Wardenaar KJ, Giltay EJ, van Veen T, Zitman FG, Penninx BW: Symptom dimensions as predictors of the 
two-year course of depressive and anxiety disorders. J Affect Disord 2012, 136(3):1198-1203.

55. Vogelzangs N, Beekman AT, Boelhouwer IG, Bandinelli S, Milaneschi Y, Ferrucci L, Penninx BW: 
Metabolic depression: a chronic depressive subtype? Findings from the InCHIANTI study of older 
persons. J Clin Psychiatry 2011, 72(5):598-604.

56. Lamers F, Vogelzangs N, Merikangas KR, de Jonge P, Beekman AT, Penninx BW: Evidence for a 
differential role of HPA-axis function, inflammation and metabolic syndrome in melancholic versus 
atypical depression. Mol Psychiatry 2013, 18(6):692-699.

57. Becking K, Boschloo L, Vogelzangs N, Haarman BCM, Riemersma-van der Lek R, Penninx BWJH, 
Schoevers RA: The association between immune activation and manic symptoms in patients with a 
depressive disorder. Transl Psychiatry 2013, 22(3):e314.

58. Kapur S, Phillips AG, Insel TR: Why has it taken so long for biological psychiatry to develop clinical tests 
and what to do about it? Mol Psychiatry 2012, 17(12):1174-1179.

59. Kessler RC, Cox BJ, Green JG, Ormel J, McLaughlin KA, Merikangas KR, Petukhova M, Pine DS, 
Russo LJ, Swendsen J, Wittchen HU, Zaslavsky AM: The effects of latent variables in the development of 
comorbidity among common mental disorders. Depress Anxiety 2011, 28(1):29-39.

60. Kessler RC, Ormel J, Petukhova M, McLaughlin KA, Green JG, Russo LJ, Stein DJ, Zaslavsky AM, 
Aguilar-Gaxiola S, Alonso J, Andrade L, Benjet C, de Girolamo G, de Graaf R, Demyttenaere K, Fayyad 
J, Haro JM, Hu C, Karam A, Lee S, Lepine JP, Matchsinger H, Mihaescu-Pintia C, Posada-Villa J, Sagar R, 
Üstün TB: Development of lifetime comorbidity in the World Health Organization world mental health 
surveys. Arch Gen Psychiatry 2011, 68(1):90-100.

61. Kessler RC, Petukhova M, Zaslavsky AM: The role of latent internalizing and externalizing 
predispositions in accounting for the development of comorbidity among common mental disorders. 
Curr Opin Psychiatry 2011, 24(4):307-312.

62. Chan SS, Kyba M: What is a master regulator? J Stem Cell Res Ther 2013, 3:e114.
63. Rabinowitz JD, Silhavy TJ: Systems biology: metabolite turns master regulator. Nature 2013, 

500(7462):283-284.
64. Rayner BS, Figtree GA, Sabaretnam T, Shang P, Mazhar J, Weaver JC, Lay WN, Witting PK, Hunyor SN, 

Grieve SM, Khachigian LM, Bhindi R: Selective inhibition of the master regulator transcription factor 
egr-1 with catalytic oligonucleotides reduces myocardial injury and improves left ventricular systolic 
function in a preclinical model of myocardial infarction. J Am Heart Assoc 2013, 2(4):e000023.

65. Ryu B, Kim DS, Deluca AM, Alani RM: Comprehensive expression profiling of tumor cell lines identifies 
molecular signatures of melanoma progression. PloS One 2007, 2(7):e594.





CHAPTER 4
The effects of comorbidity in defining  
major depression subtypes associated  

with long-term course and severity
Klaas J. Wardenaar, Hanna M. van Loo, Tianxi Cai,  

Maurizio Fava, Michael J. Gruber, Junlong Li, Peter de Jonge,  
Andrew A. Nierenberg, Maria Petukhova, Sherri Rose,  

Nancy A. Sampson, Robert A. Schoevers, Marsha A. Wilcox,  
Jordi Alonso, Evelyn J. Bromet, Brendan Bunting, Silvia E. Florescu, 

Akira Fukao, Oye Gureje, Chiyi Hu, Yueqin Huang, A. N. Karam,  
D. Levinson, Maria Elena Medina Mora, Jose Posada-Villa,  

Kate M. Scott, Nezar I. Taib, Maria C. Viana, Miguel Xavier,  
Zahari Zarkov, Ronald C. Kessler

Psychological Medicine 2014, 44: 3289-3302



64

Th
e effects of com

orbidity in defining m
ajor depression subtypes

4

Abstract

Background: Although variation in long-term course of major depressive disorder (MDD) is not strongly 
predicted by existing symptom subtype distinctions, recent research suggests that prediction can be improved 
by using machine learning methods. However, it is not known whether these distinctions can be refined by 
added information about comorbid conditions. The current report presents results on this question. 

Methods: Data come from 8,261 respondents with lifetime DSM-IV MDD in the World Health Organization 
World Mental Health (WMH) Surveys. Outcomes include four retrospectively reported measures of 
persistence/severity of course (years in episode; years in chronic episodes, hospitalization for MDD; disability 
due to MDD). Machine learning methods (regression tree analysis; lasso, ridge, and elastic net penalized 
regression) followed by k-means cluster analysis were used to augment previously detected subtypes with 
information about prior comorbidity to predict these outcomes.

Results: Predicted values were strongly correlated across outcomes. Cluster analysis of predicted values 
found 3 clusters with consistently high, intermediate, or low values. The high-risk cluster (32.4% of cases) 
accounted for 56.6-72.9% of high persistence, high chronicity, hospitalization, and disability. This high-risk 
cluster had both higher sensitivity and likelihood-ratio positive (relative proportions of cases in the high-risk 
cluster versus other clusters having the adverse outcomes) than in a parallel analysis that excluded measures 
of comorbidity as predictors.

Conclusions: Although results using the retrospective data reported here suggest that useful MDD 
subtyping distinctions can be made with machine learning and clustering across multiple indicators of illness 
persistence/severity, replication with prospective data is needed to confirm this preliminary conclusion.
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Introduction

Patients with major depressive disorder (MDD) vary substantially in illness course and treatment 
response. Recognition of this variation has led researchers to search for depression subtypes 
defined by distinctions assessed at the beginning of treatment, such as supposed causes (e.g., 
postnatal depression) [1, 2], clinical presentation (e.g., atypical or melancholic depression) [3, 
4], and empirically-derived (e.g., factor analysis, latent class analysis) symptom profiles [5, 6], 
in anticipation that these subtypes would tap into underlying psychopathological processes that 
predict treatment response or course of illness [7, 8]. 

Although some promising results have emerged regarding significant associations of baseline 
biomarkers (e.g., [9]) and psychosocial variables (e.g., [10]) with depression treatment response, 
subtyping distinctions based on empirically-derived symptom profiles have been disappointing 
due to profile instability [7, 11, 12]. However, an alternative approach to symptom-based 
subtyping, given the desire to predict treatment response and course of illness, would be to define 
subtypes using recursive partitioning [13, 14] and related machine learning methods [15, 16] 
that search for synergistic associations of baseline measures with subsequent outcomes. 

The latter methods have been useful in discovering stable synergistic predictors of clinical 
outcomes in others areas of medicine [17, 18]. However, other than small studies of depression 
treatment response [19-23], we are aware of only one previous study using machine learning 
to search for depression subtypes in predicting course of illness. That study, by van Loo and 
colleagues [24], analyzed retrospectively reported data on associations of DSM-IV MDD 
symptoms in incident episodes with four measures of long-term illness persistence/severity in a 
sample of 8,261 respondents with lifetime MDD in the World Health Organization World Mental 
Health (WMH) surveys. Significant subtyping distinctions were found based on the conjunction 
of child/adolescent onset, suicidality, and symptoms of anxiety occurring during incident 
depressive episodes. Respondents in the high-risk cluster (less than one-third of respondents) 
accounted for 53-71% of high persistence/severity. 

The predictors in the van Loo analysis were limited, though, to variables characterizing 
incident episode symptoms. A question can be raised about whether an expanded set of 
predictors might improve subtyping accuracy. In particular, information about prior lifetime 
comorbidities might be especially valuable given that van Loo found symptoms of anxiety to 
be powerful predictors of illness course and that evidence exists in the larger literature that 
comorbidity is related to the course of MDD [25]. The current report presents an expanded 
WMH analysis evaluating whether information about temporally primary comorbid disorders 
improves on the van Loo results.

Methods

Sample 
The WMH surveys are well-characterized epidemiological surveys of prevalence and correlates 
of commonly-occurring mental disorders [26-29] administered in six countries classified by the 
World Bank as high income (Israel, Japan, New Zealand, Northern Ireland, Portugal, United 
States), five upper-middle income (Brazil, Bulgaria, Lebanon, Mexico, Romania), and five low/
lower-middle income (Colombia, Iraq, Nigeria, Peoples Republic of China, Ukraine) [30]. Most 
surveys featured nationally representative household samples, while two (Colombia, Mexico) 
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were representative of all urban areas in the country, one of selected states (Nigeria), and three of 
selected Metropolitan Areas (Brazil, Japan, Peoples Republic of China). A total of 93,167 adults 
(age ≥18) participated. Sample sizes ranged from 2,357 (Romania) to 12,790 (New Zealand). 
Informed consent was obtained using procedures approved by local Institutional Review Boards. 
The average weighted response rate was 73.7% (55.1-96.2% range). Weights were used to adjust 
for differential probabilities of selection and discrepancies with population socio-demographic/
geographic distributions. Further details about WMH sampling and weighting are available 
elsewhere [31]. The subsample considered here includes 8,261 WMH respondents who met 
lifetime DSM-IV criteria for MDD. More detailed information on the descriptive characteristics 
of the sample is presented by van Loo et al. [24].

Measures
MDD: DSM-IV MDD was assessed with the Composite International Diagnostic Interview 
(CIDI), Version 3.0 [32], a fully-structured diagnostic interview administered by trained lay 
interviewers. The CIDI translation, back-translation, and harmonization protocol required 
culturally competent bilingual clinicians in participating countries to review, modify, and approve 
key phrases describing symptoms [33]. Standardized procedures for interviewer training and 
quality control were employed [34]. The likelihood-ratio positive (LR+; the relative proportions 
of clinical cases among respondents screened positive versus others) was 8.8, which is close to 
the 10.0 level typically considered definitive for ruling in clinical diagnoses from fully-structured 
approximations [35].

Respondents with lifetime DSM-IV/CIDI MDD were asked retrospective questions about 
age-of-onset (AOO), whether their first lifetime depressive episode “was brought on by some 
stressful experience” or happened “out of the blue,” all DSM-IV Criterion A-D MDE symptoms 
for the index episode (including separate questions about irritability, weight loss and weight 
gain, insomnia and hypersomnia, psychomotor agitation and retardation, and about thoughts 
of death, suicide ideation, suicide plans, and suicide gestures-attempts), ICD-10 severity 
specifiers, questions to operationalize diagnostic hierarchy rule exclusions, and questions about 
marker symptoms of (i) a mixed episode (sleep much less than usual and still not feel tired; 
racing thoughts) and (ii) anxious depression (feeling nervous- anxious-worried; having sudden 
attacks of intense fear or panic). We also included in the initial subtyping analysis a dichotomous 
measure of whether either of the respondent’s parents had a history of major depression based on 
respondent reports in the Family History Research Diagnostic Criteria Interview [36]. 

Four retrospective questions were asked about subsequent lifetime MDD persistence/
severity: number of years since AOO when the respondent had an episode (i) lasting two weeks or 
longer (referred to below as persistence) or (ii) lasting most days throughout the year (referred to 
below as chronicity); (iii) whether the respondent was ever hospitalized for depression and, if so, 
the age of first occurrence (referred to below as hospitalization); and (iv) whether the respondent 
was currently (at the time of interview) sufficiently disabled because of his or her depression 
that he/she was either unable to work or had a limitation of at least 50% in the ability to perform 
paid work (referred to below as disability). These are the four outcomes considered here. The 
persistence and chronicity measures were divided by number of years between age-at-interview 
(AAI) and AOO to create continuous outcomes in the range 0-100%, while hospitalization and 
disability were treated as dichotomies. 



67

Th
e effects of com

orbidity in defining m
ajor depression subtypes

4

Prior history of other DSM-IV/CIDI disorders. The CIDI assessed 14 other lifetime DSM-IV 
disorders, including three other distress disorders (generalized anxiety disorder, post-traumatic 
stress disorder, obsessive-compulsive disorder), five fear disorders (separation anxiety disorder, 
specific phobia, social phobia, panic disorder, agoraphobia), and six externalizing disorders 
(attention-deficit/hyperactivity disorder, intermittent explosive disorder, oppositional-defiant 
disorder, conduct disorder, substance [alcohol or drug] abuse with or without dependence, and 
substance dependence with abuse). Age-of-onset (AOO) of each disorder was assessed using 
special probing techniques shown experimentally to improve recall accuracy [37]. 

DSM-IV organic exclusion rules and diagnostic hierarchy rules among the disorders assessed 
were used in making diagnoses other than for oppositional-defiant disorder, which was defined 
with or without conduct disorder, and substance abuse, which was defined with or without 
dependence. As detailed elsewhere [38], generally good concordance was found between these 
diagnoses based on the CIDI and blinded clinical diagnoses based on reappraisal interviews with 
the SCID [39]. 

We considered not only the 14 disorders themselves but also aggregated combinations and 
disaggregated subsets in predicting the course of MDD. The aggregated combinations included 
nested dichotomous measures of numbers of distress disorders (≥1 and ≥2), fear disorders (≥1, 
≥2, and ≥3), and externalizing disorders (≥1, ≥2, ≥3). The disaggregated subsets included child-
adolescent onset versus adult onset cases, where child-adolescent onset was defined as AOO less 
than or equal to 18 years of age. Given differences in the age-of-onset distributions of mental 
disorders [40], the proportion of cases with child-adolescent versus adult onsets varies across 
disorders.

Analysis methods
We followed van Loo et al. [24] in predicting persistence and chronicity in the subsamples of 
respondents where AAI-AOO was either ≥10 years (chronicity) or ≥15 years (persistence) based 
on preliminary inspection carried out by van Loo showing that outcome scores stabilized after 
these cut-points. The chronicity and persistence models both used a Poisson link function. 
Proportional hazards survival analysis was used, in comparison, to predict first hospitalization 
among respondents who were not hospitalized at AOO. Finally, logistic regression analysis was 
used to predict current disability in the total sample. The sample size used to predict the four 
outcomes varied widely because of these differences in sample. Only the 2,869 respondents with 
first onset of depression ≥15 years prior to interview were included in the persistence analysis. 
Only the 3,958 respondents who had a first onset of depression ≥10 years prior to interview were 
included in the chronicity analysis. Only the 6,465 respondents who were not hospitalized in 
conjunction with their incident episode of depression were included in the analysis of subsequent 
first hospitalization. All 8,261 respondents, in comparison, were included in the analysis of 
current disability.

The analyses were carried out in two steps designed to generate optimal prediction equations 
for the outcomes using a number of different machine learning search methods. In the first step, 
regression trees were estimated to find important interactions among the temporally primary 
comorbid disorders and between these disorders and the symptoms of MDD in incident 
episodes. The WMH weights were used in generating these trees. In order to minimize risk of 
overfitting, 100 trees were estimated, each in a separate bootstrapped pseudo-sample [13, 41, 42]. 
The R-package rpart [43] was used for this purpose. Inspection of the frequencies with which 
unique terminal interactions (i.e., subsamples defined by the conjunction of the dichotomous 



68

Th
e effects of com

orbidity in defining m
ajor depression subtypes

4

predictors selected to optimize prediction of the outcome) occurred across the 100 trees was 
inspected and further analysis was limited to the subset of interactions that appeared in at least 
10% of trees.

In the second step, a separate dummy variable for each temporally primary comorbid 
disorder, a dummy predictor for each of the terminal interactions found in 10% or more of 
trees, and an offset term for the predicted values of the outcome from the models estimated 
in the earlier van Loo analysis [24] were used to predict each outcome in multiple regression 
analyses. The central difficulty in estimating second-step models was that the predictors were 
highly inter-correlated, leading to coefficient instability when all predictors were included in 
a single equation. The classic way to address this problem is with stepwise regression [44], but 
this method overfits and performs poorly when used to predict in new samples [45]. A number 
of machine learning methods have been developed to improve on stepwise regression. We used 
one of these methods, penalized regression. This method trades off a certain amount of bias to 
reduce overfitting by shrinking coefficients (either constraining the sum of absolute values and/
or the variances of nonzero standardized regression coefficients in the equations) by including 
fixed values of the penalties as constants and estimating model parameters under the constraints 
of these penalties [46]. 

Three different penalized regression models were used in our analysis. These three differ 
in the mixing parameter penalties (MPPs) used in estimation. One of these three was the lasso 
penalty (MPP=1), which favors a sparse model that forces coefficients for all but one predictor 
in each strongly correlated set to zero. A second was the ridge penalty (MPP=0), which uses 
proportional coefficient shrinkage to retain all predictors in the model. The third was the elastic 
net penalty, which uses simulation to vary MPP in the range 0.0-1.0 to select a penalty value with 
the best cross-validated fit [47]. The R-package glmnet [48] was used to estimate all the penalized 
regression models. Glmnet implemented external 10-fold cross-validation to select the MPP 
yielding best overall model fit. Internal cross-validation was then used to select the coefficient in 
front of the penalty. This means that rather than choosing the predictors to retain by setting an 
entry or exit p-value as in stepwise regression, simulation is used to select coefficients to maximize 
overall model fit under the penalty in cross validation. Coefficients were exponentiated to create 
incidence density ratios (IDRs) for predictors of persistence and chronicity, hazard ratios (HRs) 
for predictors of hospitalization, and odds-ratios (ORs) for predictors of disability.

The coefficients in the three penalized regression models were then used to generate 
predicted values for each outcome for each respondent. Importantly, these predicted values were 
generated for all 8,261 respondents even though three of the four equations were estimated using 
subsamples based on the idea that we wanted to predict the likelihood that each respondent 
would eventually have each outcome regardless of how long ago the respondent had a first 
depressive episode. 

Inspection of a correlation matrix among the predicted values in the total sample documented 
high correlations, suggesting that the predicted values could be combined to develop a summary 
measure of risk across all outcomes. This was done by transforming the predicted values from 
each equation to percentiles and using these transformed scores as input to k-means cluster 
analysis. This clustering partitioned the sample into subtypes with similar multivariate profiles 
of predicted scores across outcomes. The R-package stats [49] was used for this purpose, with 
100 random starts generated for each number of clusters to avoid local minimization problems. 

Inspection of observed (as opposed to predicted) mean dichotomized outcome scores 
across clusters was used to determine the optimal number of clusters to retain in predicting the 
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outcomes based on area under the receiver operating characteristic curve (AUC; the proportion 
of times a randomly selected respondent with the outcome and a randomly selected respondent 
without the outcome could be differentiated correctly by cluster membership). Once this optimal 
number of clusters was determined, operating characteristics of a dichotomous screening scale 
that distinguished respondents in the cluster with the highest risk of the outcomes from other 
respondents were calculated for each outcome. Included here were measures of sensitivity (SENS; 
the percentage of all respondents with the adverse outcome who were in the high-risk cluster), 
positive predictive value (PPV; risk of the adverse outcome among respondents in the high-
risk cluster), and LR+ (relative proportions of cases in the high-risk cluster versus other clusters 
having the adverse outcomes).

All analyses used the WMH weights to adjust for differential probabilities of selection in 
generating samples. All prediction equations additionally included dummy predictor variables 
for country to adjust for between-country differences in outcomes. The effects of weights but 
not geographic clustering were taken into consideration in cross-validations. Standard errors 
of operating characteristics were estimated using the design-based Taylor series linearization 
method [50], which accounted for the effects of both weights and clustering, using the R-package 
survey [51]. 

Results

Machine learning models 
The only terminal interactions emerging repeatedly in regression trees involved number of fear 
disorders without regard to AOO. Nested dichotomies for number of fear disorders (≥1, ≥2, ≥3) 
were consequently included as dummy predictor variables in the penalized regression analyses. 
The best-fitting penalized regression model for each outcome was an elastic net with MPP=0.1. 
This means the coefficients are especially hazardous to interpret because many highly correlated 
predictors remain in the model with proportional coefficient shrinkage to maximize overall 
model fit at the expense of interpretability of individual coefficients. Nonetheless, as individual-
level predicted values are very similar in the sparser lasso model compared to the optimal elastic 
net model across outcomes (r=0.78-0.98), it is possible to inspect lasso coefficients to get some 
sense of predictor importance. 

All but one of the 22 predictors retained under the lasso penalty across outcomes had 
positive coefficients, indicating increased persistence/severity associated with prior disorders 
(Table 1). The proportion of retained coefficients was highest for the fear disorder interactions 
(42%; 5/12), next highest for the distress disorders (33%; 8/24), next highest for individual fear 
disorders (15%; 6/40), and lowest for externalizing disorders (6%; 2/48 positive associations, 1/48 
negative associations). The five retained predictors of hospitalization had HRs in the range 1.09-
1.34. The five positive retained predictors of disability had ORs in the range 1.09-1.84. The one 
negative predictor had an OR of 0.83. The seven retained predictors of persistence had IDRs in 
the range 1.03-1.14. The three retained predictors of chronicity had IDRs in the range 1.10-1.16. 
The relatively modest size of these coefficients reflects strong inter-correlations among retained 
predictors. 
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Table 1. Lasso penalized regression coefficients to predict subsequent adverse MDD outcomes 
based on incident episode characteristicsa and prior comorbidity prior to the first depressive 
episodeb

Persistence Chronicity Hospitalization Disability
IDR IDR HR OR

I. Comorbid fear disorders
 ≥1 fear disorder 1.05 1.09
 ≥2 fear disorders 1.14 1.41
 ≥3 fear disorders 1.04 1.00
II. Fear disorders c 
 Specific phobia
  Total 1.24
 Social phobia
  AOO ≤18years 1.12 1.14
 Panic disorder 
  Total 1.34
  AOO ≤18years 1.13 1.10
 Agoraphobia
  Total 1.87
III. Distress disorders d

 Generalized anxiety disorder 
  Total 1.06 1.10
  AOO ≤18years 1.16 1.54
 Post-traumatic stress disorder 
  Total 1.04
  AOO ≤18years 1.14 1.16
Obsessive-compulsive disorder 
  AOO ≤18years 1.09
IV. Externalizing disorders e

 Intermittent explosive disorder 

  Total 1.08
 Oppositional-defiant disorder
  Total 0.83
 Substance dependence 
  Total 1.34
(n) (2,869) (3,958) (6,465) (8,261)

HR=Hazard ratio; OR=Odds-ratio; IDR=Incidence density ratio

a Predicted values based on MDD episode characteristics were used as an offset in the models. The following 
variables were previously found to be important and used to compute the offset scores: Incident episode 
symptoms of severe dysphoria, anhedonia, weight loss, weight gain, insomnia, hypersomnia, psychomotor 
agitation, psychomotor retardation, suicidality, inability to cope, panic, irritability, racing thoughts, high 
energy, endogenous onset, parental history of depression; interactions involving  AOO <19 and suicidality’, 
AOO <19 and anxiety symptoms (panic, worry, or irritability), AOO <35 and suicidality and anxiety.   

b  Coefficients based on 10-fold cross-validation with a lasso penalty. The link functions were Poisson for 
persistence and chronicity’, Cox proportional hazards for hospitalization, and logistic for disability.  No 
Confidence intervals are reported because standard errors of such simulated models are biased. Retained 
coefficients were selected based on evidence in cross validation that the predictors improved overall model 
fit rather than that coefficients fell outside of a pre-specificed confidence interval. 

c  The initial predictor set also included separation anxiety disorder (both total and with AOO ≤18years), 
specific phobia with AOO ≤18years, total social phobia, and agoraphobia  with AOO ≤18years, but none of 
these predictors was retained in the lasso penalized regression model for any of the outcomes. 
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d  The initial predictor set also included total obsessive-compulsive disorder , but that predictor was not 
retained in the lasso penalized regression model for any of the outcomes. 

e  The initial predictor set also included attention-deficit/hyperactivity disorder, intermittent explosive 
disorder with AOO ≤18years, oppositional-defiant disorder with AOO ≤18years, conduct disorder (both 
total and with AOO ≤18years), substance abuse (both total and with AOO ≤18years), and substance 
dependence with AOO ≤18years, but none of these predictors was retained in the lasso penalized regression 
model for any of the outcomes.

 
Cluster analysis
Predicted values of each outcome were calculated for each respondent in the total sample based 
on the ridge, lasso, and optimal elastic et model coefficients. Spearman correlations among these 
predicted values were in the range 0.76-0.98. Principal axis exploratory factor analysis across 
outcomes showed that the correlations were consistent with the existence of a single underlying 
factor (factor loadings in the range 0.77-0.96). (Detailed results are available on request). Based 
on these results, k-means cluster analysis of transformed (to percentiles) predicted outcome 
scores was used to search for empirically-derived multivariate clusters defining subtypes with 
differential outcome risk. 

As in the earlier van Loo analysis [24], inspection of mean percentile scores for solutions 
in the range between three and eight clusters showed that all solutions defined one class that 
had the highest mean scores on all outcomes, a second class that had the lowest mean scores 
on all outcomes, and between one and six other classes that had intermediate mean scores on 
all outcomes (Figure 1a-1f). Based on this observation, alternative three-cluster solutions were 
constructed from the original four-cluster through eight-cluster solutions by collapsing the 
intermediate clusters in each solution. AUC was then compared for the original three-cluster 
solution and the alternative collapsed three-cluster solutions to predict dichotomized versions 
of the outcomes (top 10 percentiles of persistence and chronicity along with yes-no measures 
of hospitalization and disability). None of the collapsed higher-order cluster solutions had 
a higher AUC than the original three-cluster solution on any outcomes (0.68 for persistence, 
0.62 for chronicity, 0.70 for hospitalization, and 0.73 for disability). The distribution of cluster 
membership in the three-cluster solution was 32.4% in the high-risk cluster, 35.6% in the 
intermediate-risk cluster, and 32.0% in the low-risk cluster. 

Associations of cluster membership with course of illness 
Concentration of risk of adverse outcomes in the high-risk cluster was examined in the sub-
sample of respondents with AAI-AOO of ≥15 years because, as noted in the section on analysis 
methods, this was the most restrictive subsample used in the analyses. Cross-tabulations with 
dichotomized versions of outcomes show that the proportions of all cases with positive scores 
on the dichotomized outcomes occurring in the high-risk cluster (i.e., estimates of SENS) were 
60.6% for persistence, 56.6% for chronicity, 61.8% for hospitalization, and 72.9% for disability 
(Table 2). The high-risk cluster also captured 55.8% of all cases with any of the four adverse 
outcomes and 70.5% of those with two or more of those outcomes. Between 4.6% (disability) 
and 18.8% (high persistence) of cases in the high-risk cluster experienced each of the four 
adverse outcomes (PPV), while 40.7% experienced at least one and 13.8% more than one of these 
outcomes. These proportions were in the range 2.6-5.4 times as high as among cases not classified 
as being in the high-risk cluster (LR+). 
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Figure 1. Mean predicted outcome scores in the three-cluster through eight-cluster k-meansa

* Per = the percentile-transformed predicted score on the persistence outcome variable in the lasso (1), ridge 
(2), and elastic net (3) models; Chr = the percentile- transformed predicted score on the chronicity outcome 
in the lasso (4), ridge (5), and elastic net (6) models; Hos = the percentile-transformed cumulative predicted 
probability of hospitalization in the lasso (7), ridge (8), and elastic net (9) models; Dis = the percentile-
transformed predicted probability of disability in the lasso (10), ridge (11), and elastic net (12) models.

a  k-means cluster analysis of percentile-transformed predicted scores on the four outcomes for all 
respondents based on the Lasso GLM

 
Improvement in prediction when considering comorbidity 
Comparison of the operating characteristics of the high-risk cluster based on the current 
analysis with the high-risk cluster based on the earlier van Loo analysis [24] allowed assessment 
of the extent to which prediction improved when we added information about temporally 
primary comorbid disorders. (Detailed results are available on request.) Three observations are 
noteworthy. First, the percent of respondents classified in the high-risk cluster increased from 
31.2% to 32.4% in the current analysis (a 3.8% increase on the base in the earlier analysis). Second, 
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SENS increased more than the 3.8% proportional increase in size of the high-risk cluster, with 
a 7.7% increase for having any adverse outcome (i.e., 1-55.8/51.8 based on SENS being 55.8% 
in the current analysis vs. 51.8% in the earlier analysis) and an 8.7% increase for having two or 
more of these outcomes (i.e., 1-70.5/64.8 based on SENS being 70.5% in the current analysis vs. 
64.8% in the earlier analysis). Third, LR+ increased as a result of the higher increases in SENS 
than relative prevalence, with LR+ of 2.6 for having any of the 4 outcomes vs. 2.4 in the earlier 
analysis and LR+ of 4.8 for having more than one of these outcomes vs. 4.1 in the earlier analysis.

Table 2. Operating characteristics of the dichotomized distinction between cases in the high-
risk cluster versus other cases in predicting course of MDD in the sub-sample of cases having 
all outcomes (n=2,435)

Sensitivitya Positive predictive valueb Likelihood-ratio positivec

% (se) % (se) Est. (95% CI)

Persistence 60.6 3.3 18.8 1.4 3.1 (2.4 - 4.0)

Chronicity 56.6 3.1 17.1 1.3 2.6 (2.1 - 3.3)

Hospitalization 61.8 3.4 18.6 1.4 3.3 (2.5 - 4.3)

Disability 72.9 6.2 4.6 0.7 5.4 (2.9 - 10.1)

Any of the above 55.8 2.2 40.7 1.9 2.6 (2.2 - 3.0)

Two or more 70.5 3.8 13.8 1.2 4.8 (3.4 - 6.9)

a Sensitivity is the percent of observed adverse outcomes that occurred in the high-risk cluster.
b  Positive predictive value is the percent of respondents in the high-risk cluster that experienced the adverse 
outcome.

c  Likelihood-ratio positive is the relative proportions of cases in the high-risk cluster versus the remainder 
of the sample that experienced the adverse outcome. 

Discussion

In this study, data limitations included use of retrospective reports based on fully structured 
diagnostic interviews that included only a limited set of predictors. An especially important 
limitation regarding predictors is that personality disorders were not assessed, as personality 
disorders are known to predict depression treatment outcome [10]. Nor did we consider other 
predictors of depression persistence/severity other than depressive symptoms and comorbidity 
(e.g., gender, other socio-demographics, stress exposure) because of our interest in focusing on 
symptoms and comorbidity in defining subtypes. Future extensions should include a wider range 
of predictors and outcomes based on clinical assessments and prospective designs. 

The machine learning methods used here, although designed to minimize model 
overfitting, were not completely conservative because they failed to adjust for within-
country geographic clustering. This means that predictor effects might not hold up as well 
in other samples as if data had been based on simple random samples. At the other extreme, 
the tree and penalized regression methods do not exhaust all available machine learning 
methods. As a result, other synergistic associations might be discovered if future studies 
used a wider range of integrated machine learning methods [52]. 
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In interpreting predictor coefficients it is important to appreciate that machine learning methods 
are designed to maximize overall model prediction at the expense of coefficient accuracy. The 
predictors selected under the Lasso penalty, in particular, are the ones that best represent the joint 
effects of the larger sets of predictors to which they are related. It is consequently important not 
to overinterpret the importance of the specific predictors retained in these models. Within the 
context of this and the other limitations noted above, we found that temporally primary fear and 
distress disorders are much more consistent predictors of long-term major depression persistence/
severity than are externalizing disorders. We also found synergistic effects among fear disorders, 
but not distress disorders or between fear and distress disorders. The failure to find synergistic 
effects among distress disorders is striking given that major depression is a distress disorder [53]. 

We found that multivariate predictions are strongly correlated across outcomes and 
that distinct subsets of respondents had high or low predicted risk across all outcomes. This 
high-risk cluster included one-third of respondents and accounted for 56.6-72.9% of adverse 
outcomes. This clustering was stronger than in the van Loo analysis [24], documenting the 
importance of comorbidity in predicting long-term depression persistence/severity. Although 
the finding of strong correlations among predicted scores across outcomes is not surprising 
given that all outcomes assessed long-term disorder persistence/severity, the finding of distinct 
high-risk and low-risk clusters was not preordained by these high bivariate associations. 

Although several previous epidemiological studies have examined baseline predictors of 
long-term depression course in treatment samples [54, 55] or community samples [56, 57], 
none searched for depression subtypes among predictors. As noted in the introduction, though, 
other subtyping analyses similar to those reported here have been carried out, including 
analyses to predict treatment response [19, 20] and naturalistic patterns of remission among 
patients in treatment [23] as well as in the placebo control group of a depression clinical trial 
[21]. In addition, a number of recent clinical studies used methods similar to ours to predict 
onset of suicidality during the course of depression treatment [22, 58, 59] or after termination 
of treatment [60]. Our results suggest that similar efforts in prospective samples might be able 
to document subtypes that predict long-term persistence/severity of depression. 

In considering the extension of our analyses to prospective studies, it is important to 
recognize that we failed to find strong higher-order predictor profiles based on complex trees 
despite the sample being quite large. Taken together with the results of a recent systematic 
review that failed to find support for stable symptom-based MDD subtypes defined by 
internal consistency (e.g., factor analysis, latent class analysis) [12], this argues against the 
existence of strong MDD subtypes defined exclusively by synergistic associations among 
symptoms or comorbidities. However, broader MDD predictive subtypes might be found 
by focusing more closely within the high-risk cluster identified in our analysis. Importantly, 
this cluster is not a classical subtype because it was discovered by examining multivariate 
predicted outcome scores rather than the predictors themselves. Many different predictor 
combinations could lead to the same predicted outcome scores. This means that more work 
is needed to identify subtypes within the high-risk cluster by considering multivariate 
profiles among the predictors that determine cluster membership. This would require other 
methods than used in the current report. In addition, it would be useful if future studies 
expanded the outcomes beyond the four considered here to gain more insight into the range 
over which prediction occurs. Such an investigation could be carried out informally using 
the simple correlational methods employed here or more formally using machine learning 
methods developed to discover genetic master regulators [61-64]. 
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Abstract

Background: It is difficult to predict recurrence of depressive episodes in patients with major depression 
(MD): evidence for many risk factors is inconsistent and general prediction algorithms are lacking. The 
aim of this study was to develop a prediction model for recurrence of depressive episodes in women using 
improved methodology.

Methods: We used prospective data from a general population sample of female twins with a last-year MD 
episode (n=194). A rich set of baseline predictors was analyzed with Cox proportional hazards regression 
subject to elastic net regularization to find a model predicting recurrence of depressive episodes. Prediction 
accuracy of the model was assessed in an independent test sample (n=133), which was limited by the 
unavailability of a number of key predictors.
 
Results: A wide variety of risk factors predicted recurrence of depressive episodes in women: depressive and 
anxiety symptoms during the index episode, the level of symptoms at the moment of interview, psychiatric 
and family history, early and recent adverse life events, being unmarried, and problems with friends and 
finances. Kaplan Meier estimated survival curves showed that the model differentiated between patients at 
higher and lower risk for recurrence; estimated areas under the curve were in the range of 0.61-0.79.

Conclusions: Recurrence of episodes of MD in women is highly multifactorial. Future studies should take 
this into account for the development of clinically useful prediction algorithms.
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Introduction

Patients with major depression (MD) differ considerably in their course of illness: most patients 
have recurrent episodes, but others suffer only one single depressive episode during their lifetime 
[1-3]. These course differences complicate clinical decisions concerning monitoring and long-
term treatment, and can result in both under- and overtreatment of patients [4].

In order to differentiate between MD patients with distinct course types, a number of prior 
studies have sought to identify predictors of relapse and recurrence. Although some predictors 
have been found to consistently increase the risk of recurrence – the number of previous episodes, 
the level of residual symptoms, and childhood maltreatment [1, 5] – evidence for other predictors 
is inconsistent [1]. Moreover, general prediction algorithms, which quantify risk for recurrence 
based on a combination of risk factors that can be applied in clinical practice, are lacking [1, 
4]. Such instruments might guide clinical decision making, comparable to instruments in for 
instance cardiology [6, 7]. This makes it difficult to discriminate between patients with a benign 
course versus those with recurrent episodes [1, 8, 9], and personalize treatments in order to 
prevent future episodes. 

However, research on prediction algorithms for psychiatry is growing. Several recent studies 
have investigated multivariate prediction algorithms for MD onset [10, 11], MD treatment 
resistance [12], suicide [13, 14], and persistence and severity of course of MD [15, 16]. One 
study developed a multivariate prediction model for recurrence of MD, which resulted in an 
algorithm with 19 unique factors and a C-statistics of 0.72 in independent test data [17]. Our 
aim was to contribute to the development of prediction algorithms by studying recurrence of 
MD in a female sample from the general population. We did this from a novel perspective using 
a rich set of predictors in a regularized multivariate prospective design, focusing on maximizing 
prediction accuracy in cross-validation instead of model fit, and testing our model in an 
independent validation sample. 

Methods

Samples
The data for this study consisted of subsamples of female-female twin pairs from the Virginia 
Adult Twin Study of Psychiatric and Substance Use Disorders (VATSPSUD), a population-
based longitudinal study of Caucasian twins (for details, see [18]). We studied female-female 
twin pairs because their follow up included four interview waves. Moreover, studying females 
and males separately might lead to more accurate prediction models because risk factors can be 
sex-dependent, which has been shown for episodes of MD [19]. Female-female twin pairs born 
during 1933–1972 were initially contacted by a mailed questionnaire, the response to which was 
64% (n=2,435). Participants were then interviewed face-to-face in 1988–1989 (FF1 interview), at 
which time the refusal rate was 12%. These twins completed three more telephone interviews in 
1990–1991 (FF2), 1992–1994 (FF3), and 1995–1997 (FF4), with cooperation rates ranging from 
85%–93%. All participants provided written informed consent for face-to-face interviews and 
verbal consent prior to all telephone interviews; the study was approved by the Office of Research 
Subjects Protection at Virginia Commonwealth University.

For this report, we used two independent samples from the full dataset to find an optimal 
prediction model (training sample – model selection) and to evaluate its performance (test sample 
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– model assessment). The goal was to obtain estimates of prediction accuracy: if a prediction 
model is overfitting the training data (i.e. the modeling process capitalizes on “noise” in the 
training data), the training data will give an overly optimistic estimate of prediction accuracy. 
Thus, new data are needed to get an estimate of the prediction accuracy and generalizability of 
the model [20, 21].

The training sample – used for model selection – included 194 twins who reported a DSM-III 
MD episode in the year prior to FF1 interview and who completed at least the subsequent FF2 
interview. To minimize recall bias, we used twin reports of a depressive episode in the last year 
rather than those reported for a lifetime episode. Of 2163 twins interviewed at FF1, 217 females 
reported a MD-episode in the year prior to FF1, of whom 196 completed at least the subsequent 
FF2 interview. In addition, we excluded two twins who reported a chronic episode lasting from 
the year prior to FF1 up to the first follow up interview (FF2), so as to focus on the prediction of 
MD recurrence instead of chronicity. Thus, all 194 twins included in our training sample had a 
depression-free period between the first episode in the year prior to FF1 and the interview at FF2. 

The test sample – used for model assessment – included 133 twins who reported a DSM-
III MD episode in the year prior to FF2 interview, and who completed at least the subsequent 
FF3 interview. Of 2002 twins interviewed at the subsequent FF2 interview, 200 females reported 
a MD-episode in the year prior to FF2, of whom 182 completed at least the subsequent FF3 
interview. A female who had not recovered from this episode at the time of the FF3 interview 
was excluded, again to focus on MD recurrence instead of chronicity. From this sample of 181 
twins, we excluded 48 additional twins who also reported an episode at FF1 interview to keep 
the training sample independent. Due to this selection procedure, all subjects in the test sample 
were by definition depression-free for a period (i.e., the year preceding FF1) unlike the training 
sample. We were unable to draw two random mixed samples from the total 327 females because 
the design of the FF1 and FF2 interview diverged too much: many relevant predictors that were 
expected to be predictors of recurrence of MD were not assessed at the FF2 interview, as this 
interview focused more on parent-child relationships. A flow chart of the selection of both 
samples is presented in additional figure 1.

Assessment of Major Depression
At all interview waves, participants were asked about all the depressive symptoms in the 12 
months prior to interview by a structured psychiatric interview based on the Structured Clinical 
Interview for DSM-III-R (SCID) [22]. If depressive symptoms occurred, respondents were asked 
if they clustered together temporally into a syndrome and then when they occurred and the 
months of their onset and remission. The diagnosis of major depression was based on the DSM-
III-R criteria, which had to be present for at least 2 weeks, with the exception of criterion B2 (which 
excludes depressive syndromes considered to be “uncomplicated bereavement”). Recurrence of 
a depressive episode was defined as the first episode meeting DSM-III-R criteria after a period 
of not meeting the criteria (remission or recovery) for at least 4 months. Time to recurrence was 
the number of months elapsed since the inclusion interview (i.e. FF1 for the training sample, 
FF2 for the test sample). Almost all participants completed two follow up interviews (90.7% and 
92.5% for the training and test sample); the majority of the training sample completed all three 
waves (79.4%). Data were right censored for subjects not reporting a recurrence during the year 
prior to the last follow-up interview (FF4), and for subjects that were lost to follow up at FF3 or 
FF4. Median follow up time was 5.5 years for the training sample (interquartile range (IQR) 2.9), 
and 6.1 years (IQR 2.6) for the test sample. In some cases, the scheduling of follow-up interviews 
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exceeded one year, resulting in periods of time that may not have been reported on if the twin 
accurately followed instructions to report on only their experiences over the prior year. The 
interval between baseline and FF2 was slightly longer than one year (median 16, IQR 4 months), 
so a median of 4 months was not covered by the FF2 interview. The intervals between FF2-FF3 
and FF3-FF4 were longer which resulted in longer periods of missing information (median 31, 
IQR 4 months between FF2-FF3; median 19, IQR 9 months between FF3-FF4). 

Predictor variables
We included 81 putative predictor variables covering eight major risk domains:

1) Characteristics of the depressive episode in the 12 months prior to FF1 included information 
on the symptoms, duration, and severity of the index depressive episode. In total we included 
20 symptom predictors: 16 depressive symptoms of MD (representing the nine aggregated 
symptoms of criterion A for MD in DSM-III-R [23]; 2 symptoms of generalized anxiety (feeling 
anxious, nervous, worried or tense and shaky) and 2 symptoms of panic (unexpected attacks of 
feeling frightened or physical experiences of panic such as palpitations or shortness of breath). 
In addition, we included a count variable of the positively endorsed aggregated MD symptoms 
as a measure of episode severity. Other severity measures included the duration of the longest 
episode and the number of depressive episodes lasting at least 5 days in the past year (note that 
only for this predictor variable we used a shorter duration criterion than the 14 days indicated 
by the DSM-III-R). Finally, we included the degree to which the episode interfered with work, 
social and leisure time activities.

2) Current state included age at the time of the initial interview (after the index episode) and 
the current level of internalizing symptoms (past 30 days) to account for residual symptoms [1, 
24]. The latter variable was operationalized as the first principal component of depression and 
anxiety scales of the Symptom Checklist in the past 30 days [25].

3) Psychiatric history involved both a lifetime history of MD as well as other psychiatric 
disorders. Predictors included the age at the first MD episode, the number of episodes prior 
to the index episode, and the duration of the most severe lifetime episode. Other predictors 
concerned a lifetime history of generalized anxiety disorder, alcohol dependence, and bulimia, 
all according to DSM-III-R criteria [23]. Furthermore, early-onset anxiety was included as a 
binary predictor, indicating the onset of generalized anxiety disorder, panic or phobia before the 
age of 18 years.

4) Family history was made up of six separate predictors for a history of MD or GAD in 
cotwin, mother or father. Family history diagnoses were assessed using the Family-History 
Research Diagnostic Criteria [26].

5) Personality included measures of neuroticism and extraversion based on the short version 
of the Eysenck Personality Questionnaire [27].

6) Early adverse life events consisted of childhood adversity and distal traumas. Predictors 
included disturbed family environment (measured by 14 items chosen from the Family 
Environment Scale) [28], low parental warmth (measured with a modified version of the Parental 
Bonding Instrument) [29], and parental loss during childhood or adolescence (parent left the 
home due to death, divorce, or parental separation before the age of 17). Childhood sexual abuse 
was included as an ordinal predictor variable defined as unwanted sexual contact before the age 
of 16 with an older individual. The variable was categorized as no abuse, moderate abuse (physical 
contact without attempted intercourse), and severe abuse (attempted or completed intercourse), 
as previous study showed that the severest class was at highest risk for MD [30]. Other distal life 
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events were measured by the number of 10 possible lifetime traumas including life-threatening 
accidents or illnesses, the unexpected death of a loved one, and sexual or physical assault.

7) Recent adverse life events included a history of divorce and the number of stressful life 
events in the past year, such as life-threatening illness or death of a close relative, interpersonal 
conflicts, or legal problems.

8) Current social and economic environment included marital status and satisfaction; number 
of confidants; support from or problems with friends or relatives; and the frequency of meetings 
with friends or clubs. Also, this domain included the numbers of years of education and financial 
problems (problems affording food, clothes or leisure activities). 
All predictors of the training sample were measured utilizing a face-to-face interview and 
questionnaire at baseline (FF1), except parental warmth and disturbed family environment (FF2) 
and childhood abuse (self-report FF4). Predictors were categorized to minimize the impact of 
non-normal distributions or when cross tabulations of raw data indicated possible non-linear 
relationships with recurrence of depression.

Model selection
Elastic net penalized regression was used to find a sparse prediction model in the training 
sample. Penalized linear regression methods include a penalty for model complexity resulting 
in the selection of variables and shrinkage of beta-coefficients. The aim of these methods is to 
increase prediction accuracy and model interpretation by reducing overfitting, which makes 
them more appropriate for studies among large numbers of predictors such as in the current 
study [20, 21], or in genome wide association studies [31]. One of the advantages of regularized 
methods is that these models are likely less variable than those based on subset selection because 
the selection process is continuous instead of discrete [32]. Different types of penalties can be 
included. Since some predictors were highly inter-correlated (e.g., 0.7 for appetite and weight 
loss), we used the elastic net penalty – a mixture of the lasso and ridge penalty – as it can improve 
prediction accuracy variables by encouraging a grouping effect among collinear variables (i.e., 
highly correlated variables tend to be dropped or retained in the model together) [33].

All statistical analyses were performed in R [34]. Elastic net regression analyses were 
performed with R-package glmnet for Cox’s proportional hazard models, which fits penalized 
cox models for a range of low to high penalties for model complexity (version 1.9-5) [35, 36]. 
Higher penalties resulted in more predictors driven to zero and a sparser prediction model. The 
optimal type (alpha) and overall strength (lambda) of the penalty were selected that minimized 
prediction error. Prediction error was defined in terms of average partial likelihood deviance in 
100 runs of 10-fold cross-validation; the cross-validation was repeated to diminish the influence 
of random folds. All predictors were standardized; dummy variables were created for different 
levels of categorical variables. 

Model assessment
Performance of a prediction model can be assessed by estimating model discrimination (do 
patients with recurrent MD have higher risk predictions than those who have no recurrent MD?), 
and calibration (do about x of 100 patients with a risk prediction of x% report MD recurrence?) 
[37, 38]. Discrimination of the selected multivariate model was first assessed by averaging areas 
under the receiving operating characteristic-curve (AUC) for a range of different time points in 
the training and test data (R package survivalROC, Kaplan Meier method, time points included 
all months in the interquartile range of follow up) [39]. Second, Kaplan Meier survival curves 
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were used to assess cumulative recurrence estimates for different tertile risk groups based on 
linear predictor scores of the selected prediction model to get a general impression of both model 
calibration and discrimination [38] (R packages survival and GGally) [40, 41]. 

Due to different research goals for that phase of the project, the FF2 interview lacked 
predictors such as social support, marital satisfaction, and financial problems. In case of missing 
information at FF2, values of FF1 were used for the calculation of a risk score (linear predictor), 
which would be expected to result in substantial reduction in estimated prediction accuracy. The 
aim of the model assessment in the test data was therefore not to achieve precise estimates of 
prediction accuracy, but to get an impression of the expected range of prediction accuracy (the 
actual accuracy is expected to lie somewhere in between estimates in the training and test data).

Results

Recurrence of depression
The participants in the training sample – females who reported a depressive episode in the year 
prior to FF1, and who completed at least the FF2 interview – had a mean age of 30.7 years at FF1 
interview (Table 1). The mean duration of their longest episode in the 12 months prior to the FF1 
interview was 2.7 months. Most females reported a history of MD previous to the index episode 
(62.9%) with a median of 3 prior episodes (mean=10.1). Kaplan Meier cumulative recurrence 
estimates were 26.8% (95% confidence interval (CI) 20.3-32.8), 43.1% (CI 35.5-49.8), and 52.3% 
(CI 44.3-59.2) in the years prior to FF2, FF3, and FF4 respectively (Figure 1a). 

The participants in the independent test sample – females who reported a depressive episode 
in the year prior to FF2, but not in the year prior to FF1, and who completed at least the FF3 
interview – had a higher mean age at interview (32.4 years) and a milder depression history than 
the training sample: their average age at depression onset was higher, and a smaller proportion 
of females reported a history of prior MD (44.4%), in which case they reported fewer episodes 
(median 2; mean 5.1). Also the numbers of early and recent adverse life events were lower in the 
test sample (Table 1). Despite these baseline differences, cumulative recurrence estimates were 
relatively similar to these in the training data: 23.3% (CI 15.8-30.2), and 42.7% (CI 33.4-50.7) in 
the years prior to FF3, and FF4, respectively (Figure 1b).

Predictors of recurrence
In the training sample, a wide and diverse set of variables contributed to the prediction 
of recurrence of MD in the best prediction model. From each domain at least one predictor 
ended up being retained in the best predictive model (Table 2). In total, 26 different predictors 
out of 81 (dummy) variables were part of this model, of which 24 increased the risk for rapid 
recurrence. Effect sizes for these 24 risk factors were generally small and comparable, with an 
average penalized HR of 1.05. The strongest predictors came from four different domains: the 
depressive symptom loss of interest (HR 1.10), severe financial problems (HR 1.15), number 
of recent life events, and the level of residual symptoms (HR’s of 1.03 per unit increase). Two 
predictors reduced recurrence risk, viz., weight gain and a modest duration of the most severe 
lifetime episode (as opposed to the reference class without lifetime episodes or long lasting 
lifetime episodes), but effect sizes were small (HR’s of 0.99 and 0.98).
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Table 1. Baseline characteristics

Mean
training data 

(n=194) (SD)

Mean
test data 
(n=133) (SD) t-testa p-value

Demographics

 Age at interview (years) 30.7 (7.1) 32.4 (7.1) -2.1 0.04

 Unmarried 53% 47% 1.06 0.29

 Number of years of education 13.2 (1.9) 13.5 (2.2) -1.28 0.20

Psychiatric history

 Age at MD onset (years) 22.1 (9.4) 26.1 (9.5) -3.74 0.00

 History of MD 63% 44% 3.34 0.00

 Number of episodes (if history of MD is present) 10.1 (20.0) 5.1 (9.1) 2.33 0.02

 History of early anxiety 58% 53% 0.87 0.39

Episode prior to FF1 (training data) / FF2 (test data)

 Sum of 9 MD criteria 6.3 (1.2) 6.4 (1.1) -0.95 0.34

 Duration of longest episode previous (months) 2.7 (3.0) 2.7 (2.8) 0.19 0.85

 Number of episodes in year prior to interview 2.3 (2.0) 2.4 (2.3) -0.47 0.64

Adverse life events (early and recent)

 Number of lifetime traumas 2.3 (1.8) 2.0 (1.6) 1.81 0.07

 Number of stressful life events past year 4.0 (2.4) 2.7 (2.0) 5.16 0.00

a Welch’s t-test

Figure 1. Recurrence of MD in the years preceding the follow up interviews 

 

 Figure 1a. Training sample (n=194) Figure 1b. Test sample (n=133) 

Kaplan Meier estimated proportion of subjects without recurrence (solid line) with 95% confidence 
interval band (dashed lines). Diamonds indicate censored subjects. FF1, interview wave 1 (1988-1989); 
FF2, interview wave 2 (1990-1991); FF3, interview wave 3 (1992-1994); FF4, interview wave 4 (1995-1997).
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Prominent predictor variables retained in the final prediction model included depressive 
symptoms, anxiety, lifetime history of MD and trauma’s or stressful life events. Certain symptoms 
used to define the index episode (e.g. interest loss, weight loss, insomnia, concentration problems), 
and the level of (residual) symptoms predicted a rapid recurrence. In addition, four predictors 
related to anxiety were included in the prediction model: two symptoms of GAD present during 
the index episode (feeling anxious, nervous, or worrisome and feeling tense, jumpy, shaky), a 
history of early anxiety (the onset of GAD, panic or phobia before age 18) and a history of GAD 
in the cotwin. Other prominent predictors were related to a more severe lifetime history of MD 
(early onset of MD, longer lifetime episode, and more lifetime episodes) and both past and recent 
adversity (parental loss, disturbed family environment, childhood sexual abuse, the number of 
lifetime traumas and recent life events). 

Prediction accuracy
We then examined the performance of the best model in the training and test sample to get an 
impression of its performance. Kaplan Meier survival curves showed that higher risk scores were 
associated with more recurrences in both data sets, but more so in the training data (Figure 2). 
In the training data, all three risk groups based on tertiles of linear predictor scores had different 
estimates of recurrence (Figure 2a). After two interview waves (i.e. FF3), the lowest risk group had 
a cumulative recurrence estimate of 16.4% (CI 6.6-25.3), the intermediate risk group of 39.2% (CI 
25.6-50.4) and the highest risk group of 73.6% (CI 60.0-82.5). In the test data, the lowest risk group 
suffered fewer recurrences than the higher two risk groups, which had similar recurrence estimates 
(Figure 2b). After two interview waves (i.e. FF4) the lowest risk group had a cumulative recurrence 
estimate of 20.5% (CI 7.6-31.6), whereas the intermediate and highest risk group had equal 
recurrence estimates: 53.8% (CI 36.0-66.7) and 54.7% (CI 36.6-67.6), respectively. The comparable 
KM-curves for the two lower risk groups in both datasets suggest that the model is well-calibrated 
for patients with a lower risk of recurrence. However, the KM-curves differed for the highest risk 
groups: more recurrences occurred in the training data than in the test data. This suggests that the 
model is less well-calibrated and might overpredict risk of recurrence in high risk patients.

The widely separated Kaplan Meier curves indicated good discrimination in the training 
data, and good discrimination between the lowest and two higher risk groups in the test data, 
but poorer discrimination was evident between the two higher risk groups in the test data. As 
expected, estimates of discrimination accuracy were higher in the training sample (AUC 0.79) 
than in the test sample (AUC 0.61), suggesting that the actual model accuracy can be anticipated 
to lie somewhere in the range between these values. 

Discussion

A broad range of risk factors predicted recurrence of MD in females: depressive and anxiety 
symptoms during the index episode, the level of internalizing symptoms at the time of interview, 
psychiatric and family history, personality, early and recent adverse life events, marital status 
and problems with friends and finances. Our best prediction model showed that recurrence of 
depression depends on the combination of many risk factors, each having a small effect. 
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Table 2. Predictors of recurrence in penalized multivariate Cox model

I) Recent depressive episodea HRb

 Loss of interest 1.10

 Appetite loss 1.02

 Weight loss 1.05

 Weight gain 0.99

 Insomnia 1.07

 Concentration difficulties 1.07

 Feeling anxious, nervous, worried 1.03

 Feeling tense, jumpy, shaky 1.06

 Sum of 9 MD criteria 1.02

II) Current state

 SCL past 30 daysc 1.03

III) Psychiatric history (lifetime)d

 Age at first depressive MD episode (<=15 years) 1.06

 Number of MD episodes (≥6) 1.05

 Duration of most severe MD episode (1-3 months) 0.98

 Duration of most severe MD episode (≥3 months) 1.03

 Early anxiety 1.06

IV) Family history

 GAD cotwin 1.06

V) Personality

 Extraversion 1.02

VI) Adverse life events (early)

 Parental loss childhood / adolescence 1.03

 Disturbed family environment 1.02

 Sum of lifetime traumas (3-4) 1.06

 Childhood sexual abuse (severe) 1.04

VII) Adverse life events (recent)

 Number of stressful life events in past year 1.03

VIII) Social and economic environment

 Marital status (never married) 1.03

 Low marital satisfaction (not married) 1.04

 Problems with relatives 1.02

 Financial problems (severe) 1.15

GAD, generalized anxiety disorder; HR, hazard ratio; MD, major depression; SCL, Symptom Checklist 

a Characteristics of episode in the year prior to FF1 interview.

b  Penalized hazard ratios of all predictors with effect sizes ≤0.99 or ≥1.01 based on elastic net regression 
including all 81 (dummy) variables in the training sample (n=194). 

c 1st principal component of depression and anxiety scales of the Symptom Checklist past 30 days.

d Lifetime: prior to last year (≥ 1 year ago). 
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Figure 2. Survival curves for different tertile risk groups 

 

 Figure 2a: Training sample (n=194) Figure 2b: Test sample (n=133)

Kaplan Meier survival curves for subjects in the lowest one third (green), intermediate one third (blue), and 
highest one third risk group (red) based on linear predictor scores derived from the full prediction model. 
In case of missing information on predictors at FF2, FF1 information was used for the linear predictor score 
of the test sample. Diamonds indicate censored subjects. FF1, interview wave 1 (1988-1989); FF2, interview 
wave 2 (1990-1991); FF3, interview wave 3 (1992-1994); FF4, interview wave 4 (1995-1997).

 
Estimates of prediction accuracy in the training and test sample were found to differ: the model 
discriminated well between the different risk groups in the training data, but more poorly 
between patients with intermediate or high risk of recurrence in the test data. We attribute this 
difference partly to data restrictions in the test sample, and partly to overfitting in the training 
data. The model’s accuracy in the test sample was likely underestimated for several reasons. In 
order to obtain an independent test set, we excluded females with a depressive episode in the 
year prior to FF1 interview from the test sample, which resulted in a necessary ‘depression-free’ 
interval of at least one year. As a consequence, the independent test sample was less severely 
affected than the training sample, with fewer subjects reporting a history of MD or a young age 
of onset. This might have biased the estimates of prediction accuracy downwards and might 
explain why fewer events were observed especially in the highest risk group. Furthermore, due 
to missing data at FF2 interview, we used older FF1 values to calculate risk scores for the test 
sample for over 40% of the predictors (11 of 26) included in the model. The use of FF1 values for 
time-dependent variables (such as financial problems, problems with relatives, and current level 
of symptoms), might also have led to lower accuracy estimates in the test data than if current 
values, assessed at the FF2 interview, could have been used. Then, the difference between model 
performance in training and test set could suggest that the use of penalized regression did not 
entirely prevent overfitting. Therefore, we expect the actual performance of the model to lie 
somewhere in between the estimates in the training and test set, i.e., an AUC within the range 
of 0.61-0.79. These estimates are similar to AUC’s of prediction models, identified with similar 
statistical methods, for different aspects of course of illness of MD in a large general population 
study (AUC’s 0.62-0.73 in training data) [42] and somewhat lower than AUC estimates in the 
most comparable study, specifically for the test data (AUC’s of 0.72-0.75 in test and training data) 
[17]. We will compare our studies in further detail below.
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Relation to previous studies
Although many studies have focused on predictors of MD recurrence, only one previous study 
– similar to this study – attempted to develop and validate a multivariate prediction algorithm in 
order to calculate individuals’ risk of developing recurrent MD. The study by Wang et al. used a 
sample of 1,518 subjects with current or lifetime MD of the National Epidemiological Survey on 
Alcohol and Related Condition dataset to develop a prediction algorithm [17]. Similar to our study, 
Wang et al. investigated a large number of potential predictors and validated their model in an 
independent test sample from the same dataset. The general results of both studies are comparable: 
large numbers of variables from different risk domains were included in the final prediction models 
(31 and 26 coefficients in Wang et al.’s and this study). Similar to this study, Wang et al.’s model 
included risk factors from different domains with relatively small (penalized) effect sizes, such as 
marital status, number of previous episodes, childhood adversities, and concentration difficulties). 

However, some risk factors were included in our model but not in Wang et al.’s model (MD 
onset before the age of 15, family history of anxiety, recent adverse life events), and vice versa 
(e.g. discrimination, race). Some differences might have arisen because of sample characteristics: 
we studied a smaller sample of Caucasian females who reported a MD episode in the past year, 
whereas Wang et al. studied a larger multiracial male and female sample with a current or 
lifetime depressive episode. Hence Wang et al.’s data might be more representative of a broader 
population, but our data are probably more reliable because of the shorter recall period (e.g., more 
reliable reports of depressive and anxiety symptoms). Second, some of the differences between 
the models might be due to different statistical methodology: this study used regularized Cox 
proportional hazards modeling, whereas Wang et al. used stepwise logistic regression modeling. 
The latter method is expected to show more variability in the resulting models because of the 
discrete selection process of relevant predictors [32]. Furthermore, as noted above, the estimates 
of prediction accuracy of Wang et al.’s model in their test data were higher than estimates of our 
model in the test data, which might be due to the aforementioned limitations of our test data. 

Compared with other previous studies, both our and Wang et al.’s studies consistently found 
a larger number of risk factors contributing to prediction of recurrence in a multivariate context. 
Some of the predictors – a large number of episodes, residual symptoms, traumas including 
childhood adversity and abuse – have been consistently found by previous studies to recurrence 
of depression [1, 5, 24, 43, 44]. Also comorbid anxiety symptoms and a history of (early) anxiety 
were associated with a severe course of depression with frequent and long-lasting episodes 
[15, 16]. The contribution of other predictors, however, is less consistent in previous studies: 
associations were significant in some studies, but insignificant in others (such as age of onset, 
marital status) [1]. There are several possible explanations for why our study and Wang et al. 
found a wider variety of risk factors than those reported in previous studies, and why we believe 
this multifactorial model provides a more realistic picture of risk prediction for women with MD. 

First, the set of predictors was larger than used previously, involving many domains usually 
assessed in a thorough clinical evaluation. Previous studies have tested up to 45 predictors in 
univariate analyses [45, 46], but usually the number of investigated predictors was much lower 
and few broad sets of predictors have been investigated in a multivariate context (e.g. in the range 
of 6-19) [2, 44, 47].

Second, instead of studying both sexes, we studied females only. This might have influenced 
the prediction model because of sex differences, such as they have been demonstrated for the 
onset of MD [19]. 
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Third, in this study we presented all variables that were part of the best prediction model, instead 
of only significant predictors. Whether a predictor is significant – i.e. the probability (p-value) 
of getting the observed result is small, assumed that the predictor’s effect is zero – is a different 
question than whether a variable contributes to predicting an outcome in a multivariate context. 
Moreover, p-values can be unstable especially when samples and effect sizes are small [48].

Strengths and limitations
The results of this study should be considered within the context of five limitations. First, the 
follow up interviews instructed twins to report on recurrences in the year prior to interview 
as opposed to recurrences over the entire period between each successive interview. Due to 
this design and variation in scheduling of interviews, there may have been periods that were 
unreported on for recurrences for some twins. This might have resulted in an underestimation 
of the time to recurrence, despite our overall recurrence rates exceed previous estimates in the 
general population [2, 43, 44, 49]. Since this source of missing data was most likely the result 
of unsystematic features of the interview scheduling process of the study – as opposed to being 
dependent on subject characteristics – it is unlikely that the periods of missing data affected the 
prediction model to a large extent, although this should be demonstrated in follow-up studies. 
In addition, the strength of this design is that it involved short one-year recall periods so that 
reports of MD are more reliable than if longer recall periods were used.

Second, we studied a relatively small heterogeneous group of female twins with regard to 
their longitudinal history of depression: some females reported a first episode, but most had a 
more extensive history of depression. Analyzing these subgroups might lead to more accurate 
prediction models if risk factors are different for patients with a first episode than for patients 
with an extensive depression history [50, 51]. Larger prospective samples of patients with first 
episodes would be needed to explore this. In general, larger study samples would be expected to 
result in more stable and generalizable prediction models.

Third, despite our rich set of predictors, certain potentially relevant predictors were not 
available, such as biological variables, chronic somatic diseases [52], information on current 
treatment and prior treatment response [53], and workload and stress [54].

Fourth, as described in the foregoing, our model validation procedure was limited because of 
data restrictions of the test sample. This could have biased the estimates of prediction accuracy 
in the test data downwards. 

Fifth, the identified model was relatively complex containing many predictors with small 
effects, which can complicate attempts to translate these findings into clinical practice. However, 
progress in computerized data collection and computation offer opportunities to use more 
complex prediction models in clinical practice. For example, a complex risk algorithm could 
be implemented as software that automatically calculates risk scores for each patient combining 
large numbers of variables. Thus, we believe that the greatest benefits will come from improving 
the accuracy of prediction models instead of focusing on reducing their complexity.

Beside these limitations, this study improves on previous studies of recurrence of depression 
by combining a very rich and diverse set of predictors in multivariate analyses aimed at 
maximizing prediction accuracy in a general population sample, with only a one year recall 
period. We used statistical methods which are specifically developed to deal with large sets of 
predictors and we tested our prediction model in independent test data. 
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Multifactorial nature of MD recurrence
In this study, the best prediction model consisted of diverse, relatively small sized, predictors 
drawn from different risk domains. The model suggests that the course of MD is multifactorial, 
involving many risk factors and in this sense is similar to predictive models for the onset of 
MD [55, 56]. Thus, risk assessment presumably improves when a diverse set of predictors 
representing various domains is taken into account. In addition, the wide variety of risk factors 
supports the idea that the development and course of MD depends upon a complex interplay 
between biological, psychological, and environmental factors [57, 58], although caution is 
advised regarding causal inference based on statistical results in observational data.

While part of the limited predictive accuracy of the best model in the test data is probably 
due to data restrictions and overfitting in the training sample, another relevant consideration is 
related to the complexity of all factors associated with the course of MD, such as life events, social 
and economic circumstances, which can be highly personal (certain events might be traumatic 
for some individuals, but not for others), subject to change, and in itself difficult to predict.

For clinical practice, this study implies that it is preferable to base risk assessment on an 
extensive set of predictors from multiple domains, and that – even with a rich set of baseline 
information – prediction of the course of illness over several years can be challenging. Given that 
some risk factors vary over time, risk estimation in individual patients will probably be more 
accurate when changes over time are taken into account, such as when patients experience life 
events or changes in their social and economic situation. 

Future research
This study has implications for future studies aimed at developing accurate and sparse prediction 
models to differentiate between patients with high and low risk for MD recurrence in clinical 
practice. First, prediction models based on a broad set of biological, psychological and environmental 
predictors will probably outperform models including only a few predictors from a narrow set 
of domains. Second, the time-dependency of risk factors related to recurrence suggests that 
longitudinal data collection and analysis should benefit prediction models, as recently illustrated 
in prediction of treatment remission status in MD [59]. Third, another opportunity to improve 
prediction accuracy would be to find prediction models for more homogeneous subgroups of MD 
patients: patients with a first episode versus patients with a history of MD, male versus female 
patients, patients with a younger versus older age of onset [9, 19]. Fourth, to get an impression of 
the actual performance, prediction models need to be cross-validated in new data, as good model 
performance in the training data does not guarantee generalizability to future data [60]. Fifth, a 
future study in a male sample could clarify whether sex dependent variations in predictors of MD 
are present, which have been shown for the onset of MD [19]. 

Conclusion

The results of our study suggest that many different types of risk factors contribute to predicting 
recurrence of depressive episodes in women. These identified predictors can serve as a starting-
point for future studies aiming to identify clinically useful prediction models.
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Additional figure 1. Flow chart
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Abstract

Background: Although a number of risk factors are known to predict mortality within the first years after 
myocardial infarction, little is known about interactions between risk factors, whereas these could contribute 
to accurate differentiation of patients with higher and lower risk for mortality. This study explored the 
effect of interactions of risk factors on all-cause mortality in patients with myocardial infarction based on 
individual patient data meta-analysis.

Methods: Prospective data for 10,512 patients hospitalized for myocardial infarction were derived from 16 
observational studies (MINDMAPS). Baseline measures included a broad set of risk factors for mortality, 
such as age, sex, heart failure, diabetes, depression and smoking. All two-way and three-way interactions 
of these risk factors were included in Lasso regression analyses to predict time-to-event related all-cause 
mortality. The effect of selected interactions was investigated with multilevel Cox regression models. 

Results: Lasso regression selected five two-way interactions, of which four included sex. The addition of these 
interactions to multilevel Cox models suggested differential risk patterns for males and females. Younger 
women (age < 50) had a higher risk for all-cause mortality than men in the same age group (HR 0.7 vs. 0.4), 
while men had a higher risk than women if they had depression (HR 1.4 vs. 1.1) or a low left ventricular 
ejection fraction (HR 1.7 vs. 1.3). Predictive accuracy of the Cox model was better for men than for women 
(area under the curves: 0.770 vs. 0.754).

Conclusions: Interactions of well-known risk factors for all-cause mortality after myocardial infarction 
suggested important sex differences. This study gives rise to a further exploration of prediction models to 
improve risk assessment for men and women after myocardial infarction. 
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Background

About 8% of patients die within the first months after myocardial infarction, whereas approximately 
30% survive more than 20 years [1, 2]. Several risk assessment instruments have been developed to 
quantify the risk of mortality in individual patients, such as the Global Registry of Acute Coronary 
Events and Thrombolysis in Myocardial Infarction risk scores [3-5]. These instruments are based 
on a set of well-known risk factors for mortality, such as age, heart failure, and comorbidity. 
Unfortunately, interactions of these risk factors are rarely investigated optimally, while these could 
be of relevance in accurately differentiating the high risk from the low risk patients. 

Some interactions of this type have been identified, such as between sex and age and between 
sex and left ventricular ejection fraction (LVEF), in predicting mortality after myocardial 
infarction [2, 6-8]. These interactions suggested that mortality after myocardial infarction is 
higher in young women than in young men, while poor LVEF was associated with an increased 
risk of death, especially in men. However, previous studies have only investigated interactions 
sporadically and did not perform systematic searches through all or many interactions in a 
sufficiently large dataset to estimate interaction effects reliably. To discover currently unknown 
interactions of interest, we systematically investigated a large set of interactions that potentially 
influence prediction of all-cause mortality in patients with myocardial infarction with a novel 
combination of statistical learning methods [9, 10]. 

Methods

Data
Data were retrieved from the MINDMAPS dataset, an individual patient data meta-analysis 
dataset that combines information from 16 observational studies on baseline predictors of 
subsequent all-cause mortality among 10,512 patients with myocardial infarction [11]. All 
16 studies began with samples of patients hospitalized for myocardial infarction according to 
standardized diagnostic criteria, of whom survival was assessed during follow up. The included 
studies were performed in nine different countries: ten studies in Europe (Ireland, Italy, The 
Netherlands, Sweden, United Kingdom), four in North-America (Canada, United States of 
America), one in Asia (Japan), and one in the Middle-East (Iran). For a detailed description of 
the review process and study characteristics, we refer to Meijer et al. [11]. All individual studies 
obtained ethical approval and participants written informed consent [11]. 

Measures 
Predictors: The predictors included those considered in previous studies of risk factors for 
mortality after myocardial infarction: severity of the heart disease, general health, comorbidity, 
sex, and age [3, 5, 11]. Severity of heart disease was indicated by history of myocardial infarction, 
LVEF, clinical signs of heart failure (Killip class) and beta-blocker use. Beta-blocker use was 
selected as a measure of cardiovascular medication use because information on this drug was 
most often available. History of myocardial infarction and beta-blocker use were dichotomized 
into ‘yes’ and ‘no’; LVEF was dichotomized into significant left ventricular dysfunction present 
(<40%) and absent (≥40%); Killip class was dichotomized into no clinical signs of heart failure 
(class I) and clinical signs of heart failure (class II, III, IV) as the four-category scores were not 
available in all studies. Measures of general health were smoking, hyperlipidemia, and body mass 
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index (BMI). Smoking was dichotomized into ever (current or previous) versus never smoking. 
BMI was categorized into three classes: low (BMI<20); intermediate (BMI 20-30) and high 
(BMI>30). Comorbid diabetes mellitus, depression and use of antidepressants were also included 
as predictors. The latter variables were included because of evidence from previous meta-
analyses that depression independently predicts all-cause mortality in patients with coronary 
disease and myocardial infarction [11, 12]. The level of depression was measured as a total score 
on either self-report questionnaires (mostly the Beck Depression Inventory (BDI), or the Zung 
Self-rating Depression Scale (ZSDS)) or standardized structured diagnostic interviews (such 
as the Composite International Diagnostic Interview, or the Structured Clinical Interview for 
DSM Disorders) within three months after myocardial infarction. For a detailed description of 
questionnaires used in the different studies, we refer to Meijer et al. (2013)[11]. Total depression 
scores were standardized into z-scores within each study in order to account for the different 
questionnaires. These depression z-scores were categorized into three classes: low (z-score in 
lowest quartile), intermediate (z-scores in intermediate quartiles) and high (z-score in highest 
quartile). Finally, the demographic variables sex and age were included in the set of predictors. 
Age was categorized into low (<50 years), intermediate (50-70 years), and high (>70 years).

The continuous variables depression z-score, BMI and age were categorized into three 
levels to enable the discovery of possible non-linear associations between these predictors 
and all-cause mortality. Based on previous studies, we expected that patients with an 
extreme low or high BMI, age and depression score could potentially have a higher risk of 
mortality, as opposed to patients with an average score on these variables [13] or that there 
could be interactions with sex for extreme values of these variables, but not for average 
values [6, 7]. Categorization of these risk factors into a low, intermediate and high level 
enabled tracing such potential non-linear relationships. The intermediate classes were taken 
as reference classes, as they represented the largest group of patients seen in clinical practice. 
All logically possible two-way and three-way interactions of the predictors were included to 
enable a systematic data-driven investigation of interactions.

Outcome: All-cause mortality was chosen as primary outcome; time-to-event data were 
used.

Imputation
The extent of missing data varied across studies and some variables were not assessed in some 
studies. On average, 18.0% of values were missing. After pooling all studies, we imputed those 
values in one data set using the Multivariate Imputation by Chained Equations  algorithm in 
R with predictive mean matching for continuous variables and logistic regression for binary 
variables (20 iterations, R package mice, version 2.21)[14]. To account for possible systematic 
differences in the individual studies, we included the variable ‘study’ as a factor in the imputation. 
Survival data of cardiovascular events were included as extra predictors in the imputation to 
improve the imputation results, in addition to survival data of all-cause mortality and all 
predictors mentioned above [15].

Statistical analyses
Data were randomly divided into an 80% training sample (n=8,410) and a 20% validation sample 
(n=2,102). The training sample was used for model discovery with 10-fold cross-validation, and 
the independent validation sample was used to assess the predictive performance of the models. 
All analyses were performed in R.[16]
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Lasso regression analyses to identify interactions
Least Absolute Shrinkage and Selection Operator (Lasso) penalized Cox regression was used 
to trace two-way and three-way interactions in addition to main effects. Penalized linear 
regression methods include a penalty for model complexity, such as the Lasso [9]. This penalty 
constrains the sum of the absolute values of the regression coefficients, consequently shrinking 
the regression coefficients and selecting a limited set of predictors. The method is developed 
to increase prediction accuracy by diminishing variance or overfitting (which occurs when the 
model follows noise in the data too closely) in situations with many predictors. These features 
make Lasso regression well-suited for a situation like the current one in which a large set of 
interactions is analyzed and not all of them will be related to the outcome [10]. The method has 
been used before in other studies to select interactions in high dimensional analyses of genome-
wide association studies [17].

We used the Lasso implementation for Cox regression glmnet in R, which returns a range 
of more to less extensive regression models dependent on the size of the Lasso penalty (version 
1.9-5) [18, 19]. Predictors included all main effects and 518 two-way and three-way interactions. 
Standardization of coefficients was not needed as all predictors were binary (dummy) variables. 
We selected the Lasso model that resulted in minimal prediction error in 10-fold cross-validation 
in the 80% training sample (n=8,410). Prediction error for Cox Lasso models was measured in 
terms of partial likelihood deviance [19]. From the Lasso model with least prediction error, we 
selected interactions with penalized beta coefficients ≥0.1 or ≤-0.1 to retain the most relevant 
parameters. Consistency of the Lasso results was checked by repeating the same procedure 100 
times in 80% random draws of the training sample (n=6,728). The number of times that specific 
interactions were selected in those 100 Lasso regression models with beta-coefficients ≥0.1 or 
≤-0.1 was assessed and compared to the model on the full training sample (n=8,410). 

Multilevel Cox models 
Multivariate multilevel Cox regression analyses were used to estimate the unpenalized effect 
sizes of risk factors and interactions (R-package coxme, version 2.2-3, breslow ties)[20]. The 
proportional hazards assumption for Cox regression was met [11]. Similar to the study of Meijer 
et al. [11], we included the individual studies as separate levels by adding variable ‘study’ as a 
random effect in the models. This was done to account for systematic differences between studies 
and thus the expectation that different effect sizes could be underlying the different studies [21, 
22]. The multilevel Cox models were built with data of the training sample (n=8,410). First, we 
studied the model with main effects only. Subsequently, we checked the statistical significance 
of the interactions selected by the Lasso by including each to the main effects model one at a 
time. Stratified analyses were performed to estimate differences of effect sizes of risk factors for 
different subgroups of the sample in case of significant interactions.

Test model performance in independent validation sample
To account for overfitting, the predictive performance of the Cox regression model was determined 
in the independent 20% validation sample (n=2,102) and compared to the performance in 
the 80% training sample (n=8,410). Prediction accuracy was measured by  assessing the areas 
under the receiving operating characteristic-curve (AUC) for predicting mortality at 3 years 
after myocardial infarction (R package survivalROC, version 1.0-3, Kaplan Meier method) [23]. 
Bootstrapping was used to calculate confidence intervals of the AUC’s (R package boot, version 
1.3-13, 1,000 bootstrapped samples, percentile bootstrap) [24].
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Results

Patient characteristics 
Individual patient data from each study were combined, resulting in a sample of 10,512 patients 
with myocardial infarction. Since we used imputation in the current study, we included 337 
subjects, which is more than in the study of Meijer et al. [11]. The mean age of the sample was 
61 (SD 11.9 years), 71% of the patients were male and the mean BMI was 27 kg/m2 (Table 1). 
Concerning the cardiac disease severity at baseline: 19% of the patients had a history of myocardial 
infarction prior to the index episode, 18% showed clinical signs of heart failure (Killip class II-
IV) and 23% had a low LVEF (<40%). On average, 21% of the patients had comorbid diabetes, 
and 40% had an elevated depression score as assessed by structured diagnostic interviews and 
standard cut-off values on self-report questionnaires (such as a BDI-1A ≥10, or a ZSDS ≥40; 
for a full overview see Meijer et al. [11]). Patients with elevated depression scores might be 
overrepresented as some studies have oversampled patients with depression [11]. Subjects in 
the highest quartile of depression z-scores had a mean score on the BDI-1A of 21.0 and 10.7% 
used antidepressants, as opposed to 4.9% in the group with lower depression z-scores. The mean 
follow up time was 3.6 years (median 3.0 years). Maximum follow-up time varied across studies 
between 1.0 and 8.2 years. In total, 14% of the patients died during follow-up. 

Lasso regression: selection of interactions
Eight main effects and seven two-way interactions were found to be stable predictors of mortality 
with penalized beta coefficients ≥ 0.1 or ≤ -0.1 in Lasso regression analysis of the full training 
sample (n=8,410, Table 2). The main effects older age (>70 years), a history of myocardial 
infarction, and clinical signs of heart failure (Killip class II-IV) strongly predicted all-cause 
mortality. Also a poor LVEF, comorbid diabetes, and a low BMI were associated with a higher risk 
of all-cause mortality. Instead, a younger age (<50 years) and beta-blocker use were protective. 
Four of the selected interactions concerned sex, in combination with a younger age (<50 years), 
high depression score, low LVEF (<40%), and hyperlipidaemia. Two of the selected interactions 
were a combination of beta-blocker use and clinical signs of heart failure (Killip class II-IV) or 
diabetes. The last interaction consisted of a combination of heart failure and hyperlipidaemia. No 
three-way interactions had sufficiently large effect sizes to be selected. 

Five of the selected interactions were observed >50 times in the 100 Lasso analyses on different 
80% random subsamples of the training data which were performed to check the consistency of 
the results. These five concerned the four interactions including sex and the interaction of beta-
blocker use and heart failure (Killip class II-IV). No other interactions were selected more than 
50 times in the 100 Lasso runs (Additional Table 1). The five interactions that were observed 
more than 50 times were selected for inclusion in the multilevel Cox regression models. 

Cox regression: effect of interactions 
Nearly all predictors were significantly associated with all-cause mortality in the unstratified 
multilevel Cox model with main effects only (p-values <0.05; Table 3). Risk factors with the 
largest effect sizes were an older age (>70 years), diabetes, and all measures of heart disease: 
clinical signs of heart failure, history of myocardial infarction, and a low LVEF (hazard ratio 
(HR) range 1.6 to 2.8). Less strong, but also significantly predicting all-cause mortality, were a low 
BMI (< 20 kg/m2), high depression score and use of antidepressants (all HRs of 1.3). Significant 
protective factors were a younger age (<50 years) and beta-blocker use (HR’s of 0.5 and 0.8, 
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respectively). Further, a depression score in the lowest quartile predicted lower mortality (HR 
0.9), which indicated that depression scores were linearly associated with mortality, as opposed 
to predicting mortality only from a certain cut-off. Not significantly related to all-cause mortality 
were sex, smoking, a high BMI (>30 kg/m2), and hyperlipidaemia. The predictive accuracy of 
the model in the validation sample was fair (AUC 0.770). As expected, the model was more 
accurate in the training sample (AUC 0.812). Because the selected interactions mainly indicated 
sex differences, we tested the predictive accuracy of the model for men and women separately 
in post-hoc analysis of the validation data. The model was more accurate for men (AUC 0.770) 
than for women (AUC 0.754). 

Table 1. Baseline characteristics 

  Mean (s.d.) / % *

Demographics

 Age (years) 61.0 (11.9)

 Male 70.9

Heart disease

 History of MI 18.8

 LVEF < 40% 23.0

 Killip class II-IV 18.1

 Beta-blocker use 72.0

Comorbidity

 Diabetes 21.3

 Elevated depression score† 39.7

 BDI in highest quartile depression z-score‡ 21.0 (7.7)

 BDI in intermediate quartiles depression z-score‡ 8.8 (4.3)

 BDI in lowest quartile depression z-score‡ 2.3 (2.1)

 Antidepressant use 6.5

General health

 BMI (kg/m2) 27.0 (5.0)

 Smoking (ever) 44.7

 Hyperlipidemia 46.9

Abbreviations: BDI, Beck Depression Inventory version; BMI, body mass index; LVEF, left ventricular 
ejection fraction; MI, myocardial infarction. 

*  Means of age, BDI-scores and BMI, percentages otherwise of original data. Differences in baseline 
characteristics with respect to Meijer et al. (2013) [11] are due to the fact we included 377 patients more 
as we used imputation of missing values for depression. 

†  Elevated depression score as assessed by structured diagnostic interviews and standard cut-off values on 
self-report questionnaires.

‡  Mean BDI-1A scores for subjects in highest, intermediate and lowest quartile of depression z-scores for 
n=6423 subjects in which BDI-1A scores were measured.
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Table 2. Selected main effects and interactions in lasso regression analysis.

  β*    Frequency†

Demographics

 age < 50 -0.47

 age > 70 0.86

Heart disease

 history of MI 0.52

 LVEF < 40% 0.31

 Killip class II-IV 0.54

 beta-blocker use -0.53

Comorbidity

 diabetes 0.47

General health

 BMI < 20 0.20

Selected interactions

 Killip class * beta-blocker use 0.26 95/100

 male sex * LVEF < 40% 0.14 68/100

 male sex * age < 50 -0.18 64/100

 male sex * depression high ‡ 0.13 64/100

 male sex * hyperlipidemia -0.17 61/100

 diabetes * beta-blocker use 0.10 36/100

 Killip class * hyperlipidemia 0.10 34/100

Abbreviations: β, penalized beta-coefficient; BMI, body mass index; LVEF, left ventricular ejection fraction; 
MI, myocardial infarction. 

*  All main effects and interactions with a penalized beta-coefficient ≥0.1 or ≤-0.1 selected in lasso regression 
analysis in the training data (n=8,410). 

†  The number of times this interaction was found with a beta-coefficient ≥ 0.1 or ≤-0.1 in 100 lasso 
regression analyses in random 80% samples of the training data (n=6,728).

‡ Depression high: depression z-score in highest quartile.

Evaluation of the five selected interactions with multilevel Cox model showed that some risk 
factors had different effect sizes in specific subgroups of patients with myocardial infarction, and 
indicated sex differences in particular. Four out of five Lasso selected interactions were significant 
or borderline significant when they were added to the unstratified multilevel Cox model one at 
a time (p-values 0.02 to 0.08; Table 4). The only selected, non-significant interaction was sex in 
combination with hyperlipidaemia. The remaining sex-related two-way interactions, which were 
not selected by Lasso, were also not significant (p-values 0.17 to 0.99). With sex-stratified analysis 
we investigated the differential effect sizes of risk factors for men and women as suggested by 
the sex-related interactions. The interaction between sex and age <50 years suggested that for 
women a young age was less protective than for men (HR of 0.7 vs. 0.4 respectively, as compared 
to the reference class of 50 to 70 years; Additional figure 1). Second, the interaction between sex 
and LVEF < 40% suggested that a low LVEF was a stronger predictor of all-cause mortality in 
men (HR 1.7) than in women (HR 1.3; Additional figure 2). Third, the interaction between sex 
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and high depression score suggested that a high depression score increased the risk of all-cause 
mortality in men (HR 1.4), while it did not for women (HR 1.1; Additional figure 3). Thus, 
young age, poor LVEF, and high depression had different effect sizes for men and women, but 
the direction of the effects were similar in both sexes (as opposed to increasing risk for men 
and decreasing risk for women or vice versa). A second stratified analysis was performed to 
investigate the interaction most often selected by Lasso, which was between beta-blocker use and 
clinical signs of heart failure (Killip class II-IV). This interaction was significant and suggested 
that for patients without heart failure, beta-blocker use was more protective than for patients 
with heart failure (HR’s of 0.7 and 0.9 respectively, p-value 0.016; Additional figure 4).

Table 3. Effect sizes of risk factors in unstratified multilevel Cox model

  HR* 95% CI p

Demographics  

 male sex 1.0 (0.9-1.1) 0.86

 age < 50 0.5 (0.4-0.6) <0.001

 age > 70 2.7 (2.4-3.1) <0.001

Heart disease

 history of MI 1.8 (1.5-2.0) <0.001

 LVEF < 40% 1.6 (1.4-1.8) <0.001

 Killip class II-IV 2.1 (1.8-2.3) <0.001

 beta-blocker use 0.8 (0.7-0.9) <0.001

Comorbidity

 diabetes 1.8 (1.6-2.0) <0.001

 depression low † 0.9 (0.7-1.0) 0.04

 depression high † 1.3 (1.1-1.4) <0.001

 antidepressant use 1.3 (1.1-1.6) 0.01

General health

 hyperlipidemia 0.9 (0.8-1.0) 0.08

 smoking 1.1 (1.0-1.2) 0.22

 BMI < 20 1.3 (1.0-1.7) 0.03

 BMI > 30 0.9 (0.8-1.0) 0.09

Predictive accuracy 

 AUC (general) ‡ 0.770 (0.730-0.809)

 AUC (male - female) § 0.770 (0.714-0.825)  -  0.754 (0.687-0.816)

Abbreviations: AUC, area under the curve; BMI, body mass index; 95% CI, 95% confidence interval; HR, 
Hazard Ratio; 

LVEF, left ventricular ejection fraction; MI, myocardial infarction; p, p-value.

*  HR’s, 95% CI, p-values and predictive accuracy for multivariate multilevel Cox models with main effects 
only in the training data (n=8,410). 

† Depression low and high: depression z-score in the lowest and highest quartile.

‡ AUC in the validation data (n=2,102).

§ AUC for male patients (n=1,475) and female patients (n=627) in the validation data. 
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Table 4. Sex-stratified multilevel Cox models

Female Male Inter.

HR* 95% CI p HR*  95% CI p p†

Demographics

 age < 50 0.7 (0.4 - 1.1) 0.087 0.4 (0.3 - 0.6) <0.001 0.076‡

 age > 70 2.5 (2.0 - 3.1) <0.001 2.9 (2.5 - 3.3) <0.001 0.17

Heart disease

 history of MI 1.8 (1.4 - 2.3) <0.001 1.7 (1.5 - 2.0) <0.001 0.99

 LVEF < 40% 1.3 (1.1 - 1.6) 0.018 1.7 (1.5 - 2.0) <0.001 0.018‡

 Killip class II-IV 2.1 (1.7 - 2.6) <0.001 2.1 (1.8 - 2.4) <0.001 0.41

 beta-blocker use 0.7 (0.6 - 0.9) 0.001 0.8 (0.7 - 0.9) 0.001 0.72

Comorbidity

 diabetes 1.8 (1.4 - 2.2) <0.001 1.7 (1.5 - 2.0) <0.001 0.89

 depression low 0.8 (0.6 - 1.1) 0.27 0.9 (0.7 - 1.0) 0.13 0.67

 depression high 1.1 (0.9 - 1.4) 0.41 1.4 (1.2 - 1.6) <0.001 0.054‡

 antidepressant use 1.2 (0.8 - 1.6) 0.37 1.3 (1.1 - 1.7) 0.017 0.36

General health

 hyperlipidemia 1.0 (0.8 - 1.2) 1.0 0.8 (0.7 - 1.0) 0.037 0.26‡

 smoking 0.9 (0.7 - 1.2) 0.54 1.2 (1.0 - 1.4) 0.068 0.48

 BMI < 20 1.4 (1.0 - 2.1) 0.071 1.3 (0.9 - 1.8) 0.14 0.91

 BMI > 30 0.9 (0.7 - 1.1) 0.33 0.9 (0.7 - 1.1) 0.19 0.64

Abbreviations: BMI, body mass index; CI, confidence interval; HR, Hazard Ratio; Inter., interaction; LVEF, 
left ventricular ejection fraction; MI, myocardial infarction; p, p-value.

* HR’s, CI’s and p-values for sex-stratified multivariate multilevel Cox models in the training data (n=8,410). 

† p-value of two-way interactions between sex and all other risk factors based on addition of the interaction 
to the unstratified multilevel Cox model (such as in Table 3) one at the time.

‡ p-value of the sex related interactions selected by lasso. 

 
Incidence rates
As most interactions involved sex, we calculated in post-hoc analysis the incidence rates of all-
cause mortality in the 3 years after myocardial infarction among men and women in relation to 
age, depression score and LVEF in the entire dataset (n=10,512). In general, women had a higher 
risk of dying than men (3-year incidence rates of 17.0% vs. 12.0%). Nevertheless, men were more 
at risk of dying than women in the presence of certain combinations of risk factors. Most notable, 
the 3-year incidence rate of mortality for men was 65% when they were older than 70 years and 
had a high depression score and a low LVEF as compared to 55% for women with the same risk 
profile. Differences in 3-year incidence rates of all-cause mortality were more pronounced in 
men (min. 2% - max. 65%), than in women (min. 4% - max. 55%; Figure 1). 
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Figure 1. Incidence rates of all-cause mortality in relation to sex, age, LVEF, and depression

 
Abbreviation: LVEF, left ventricular ejection fraction.

*  Depression high: depression z-score in the highest quartile. Depression intermed. / low: depression 
z-score in the lower three quartiles.

Discussion

With a systematic data-driven search through all possible two-way and three-way interactions of 
risk factors for all-cause mortality after myocardial infarction, we found that some risk factors act 
differently in men and women. A high depression score was associated with increased mortality 
risk in men, but not in women. In addition, for women a younger age was less protective than 
for men; LVEF <40% was more strongly predicting mortality in men than in women. Another 
main finding was that in patients without heart failure, beta-blocker use was more protective 
than expected.

These results are limited in several ways. First, the data came from studies carried out between 
1985 and 2006. As the group of patients and treatment of myocardial infarction are changing over 
time (more older patients, more female patients and more comorbidity) [1, 25, 26], we should 
be cautious in generalizing the results to current patients with myocardial infarction. Indeed, 
replication is needed with newer data. Second, we could not include all relevant predictors such 
as blood pressure, heart rate, waist circumference, kidney function, electrocardiogram findings, 
or educational attainment, marital status, and socioeconomic status, in our analyses as these data 
were not available in all studies [3, 4, 5, 27, 28]. Inclusion of such measures could have led to 
more precise risk assessment and possibly lead to other interaction patterns. 

Within the context of these limitations, this is the first study performing a systematic search 
through a variety of interactions of risk factors for all-cause mortality after myocardial infarction 
using a large multi-study international sample. We applied statistical learning techniques 
to prevent overfitting, and tested the prediction of the identified model in an independent 
validation sample. Furthermore, selected interactions were clinically relevant as they indicated 
the importance of sex in differentiating patients with high and low risk for all-cause mortality 
after myocardial infarction. 

Some interactions that were identified were congruent with previous studies, while others 
represented novel associations. Certain interactions including sex have been reported before, 
such as the interaction between sex and age indicating that young women are at higher risk of 
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all-cause mortality than young men [6, 7, 29]. Likewise, the interaction between sex and LVEF 
– suggesting that a low LVEF is a more important risk factor for men than for women – was 
consistent with findings in patients with myocardial infarction[8] and heart failure [30]. Two 
studies that focused on the interaction between sex and depression did not find substantial sex 
differences with regard to depression as opposed to our study, but the former studies included a 
relatively low number of women (n=283 and n=155, respectively) and used major cardiac events 
or cardiac mortality as outcome measures rather than all-cause mortality [8, 31]. Finally, it has 
been previously shown that beta-blocker use is more protective after myocardial infarction in the 
absence of clinical signs of heart failure (Killip class I) than in the presence of these signs (Killip 
classes II-III) which is in agreement with the findings in this study [32].

Our study demonstrates the potential importance of interactions in risk assessment in 
medicine. If interaction effects are not taken into account, statistical models will return an average 
estimate of the effect of risk factors in the entire patient population (e.g., depression increases 
risk of all-cause mortality). Instead, interactions allow for possible differences within the patient 
population and show that a risk factor might have a different effect in the presence of another 
risk factor (e.g., depression increases risk of all-cause mortality in men but not in women). 
In our study, interactions repeatedly suggested sex differences. Although baseline differences 
between men and women with myocardial infarction are declining, there are still substantial 
dissimilarities. Men have a higher risk of myocardial infarction, but women have a higher 
risk of death following myocardial infarction. Women presenting with myocardial infarction 
are generally older, have more comorbidities such as diabetes, hypertension and heart failure, 
increasing the risk of all-cause mortality as compared to men [2, 33-35]. All these differences 
could explain why different risk factors might differentially predict all-cause mortality for men 
and women. 

The results reported here suggest three broad classes of extensions in further research. First, 
follow-up studies could focus on additional interactions of interest in order to obtain more 
specific risk assessment for subgroups of patients with myocardial infarction. The investigated 
set of interactions in this study was not comprehensive. Moreover, as Lasso tends to leave out 
correlated interactions, there could be interactions of interest that we did not identify in this study, 
such as diabetes and depression [36], smoking and sex [8], and LVEF and Killip class [37]. In 
addition, it would be worth looking at interactions including other well-known risk factors of all-
cause mortality after myocardial infarction such as cardiac arrest at admission, family history and 
anxiety disorders [5, 38, 39]. Second, more research is needed to identify mechanisms underlying 
the identified interactions. For instance, why is depression more strongly related to all-cause 
mortality in men than in women? A study in one of the datasets included in MINDMAPS found  
that part of this interaction effect can be explained by the fact that men with depression are more 
likely to have a poor LVEF than women with depression [40]. Depression reflected more severe 
heart disease in men but not in women, which partly explains why depressed men are more at risk 
for all-cause mortality than depressed women. Other confounders could underlie the remaining 
interaction effect between sex and depression found in this study after controlling for severity of 
heart disease. Thus, the interpretation of interactions should be done in the context of possible 
confounders. The finding that smoking did not have a significant main effect in this study should 
also be seen in this light. In addition to a broad set of important risk factors such as history of 
myocardial infarction, heart failure, age, and comorbidity, smoking did not significantly predict 
all-cause mortality risk, but this does not imply that smoking on itself does not increase risk of 
all-cause mortality after myocardial infarction.
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Finally, the interactions including sex lead to doubt on the performance of general risk assessment 
instruments for both sexes: are they equally accurate for men and women? Future studies 
could explore if different prediction algorithms for men and women would increase prediction 
accuracy, and if this benefit would outweigh the complexity for clinical practice of working with 
two different instruments instead of one. 

Conclusions

Interactions might increase understanding and prediction of all-cause mortality after myocardial 
infarction. Our key finding was that marked sex differences exist, indicating that future research 
is warranted in order to improve risk assessment for both men and women with myocardial 
infarction.
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Additional files

Additional Table 1. Selected interactions in 100 lasso regression analyses.

Selected interactions Frequency*
Killip class * beta-blocker use 95

male sex * LVEF < 40% 68

male sex * depression high† 64

male sex * age < 50 64

male sex * hyperlipidemia 61

diabetes * beta-blocker use 36

hyperlipidemia * Killip class 34

diabetes * beta-blocker use * depression high† 31

hyperlipidemia * LVEF < 40% * BMI > 30 26

LVEF < 40% * beta-blocker use * BMI > 30 20

hyperlipidemia * beta-blocker use 19

hyperlipidemia * depression low† 14

diabetes * LVEF < 40% * BMI > 30 12

male sex * hyperlipidemia * depression high† 12

male sex * hyperlipidemia * beta-blocker use 8

smoking * hyperlipidemia * depression high† 6

male sex * smoking 5

male sex * beta-blocker use 5

LVEF < 40% * beta-blocker use * depression high† 5

male sex * LVEF < 40% * depression high† 5

male sex * depression low† 4

smoking * depression high† 4

smoking * history of MI * age > 70 4

hyperlipidemia * beta-blocker use * depression high† 4

Killip class * depression low† 3

male sex * hyperlipidemia * history of MI 3

LVEF < 40% * BMI > 30 2

beta-blocker use * BMI > 30 2

beta-blocker use * age > 70 * depression high† 2

male sex * LVEF < 40% * beta-blocker use 2

smoking * age < 50 1

LVEF < 40% * beta-blocker use 1

LVEF < 40% * BMI < 20 1

history of MI * antidepressant use * age > 70 1

LVEF < 40% * Killip class * beta-blocker use 1

LVEF < 40% * Killip class * BMI > 30 1

male sex * LVEF < 40% * antidepressant use 1

male sex * diabetes * Killip class 1

male sex * diabetes * beta-blocker use 1

male sex * beta-blocker use * antidepressant use 1

Abbreviations: BMI, body mass index; LVEF, left ventricular ejection fraction; MI, myocardial infarction. 

*  The number of times this interaction was found with a penalized beta-coefficient ≥ 0.1 or ≤-0.1 in the 
models with minimal prediction error resulting from 100 lasso regression analyses in random 80% 
samples of the training data (n=6,728).

†  Depression low and high: depression z-score in the lowest and highest quartile. Intermediate depression 
z-score is the reference class.
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Additional figure 1:  
Survival by sex and age

Survival curves of all subjects (n=10,512) stratified 
by sex and age (in years) adjusted for all other risk 
factors. M, male; F, female. 

 
 
 
Additional figure 3:  
Survival by sex and depression 

Survival curves of all subjects (n=10,512) stratified 
by sex and depression z-score adjusted for all 
other risk factors. High depression: depression 
z-score in highest quartile. Low-med. depression: 
depression z-score in lower three quartiles. M, 
male; F, female; dep, depression z-score; med, 
inter mediate. 

Additional figure 2:  
Survival by sex and LVEF

Survival curves of all subjects (n=10,512) strati fied  
by sex and left ventricular ejection fraction 
(LVEF) adjusted for all other risk factors. M, male; 
F, female; LVEF, left ventricular ejection fraction. 

 
 
 
Additional figure 4:  
Survival by Killip class and beta-blocker use

Survival curves of all subjects (n=10,512) stratified 
by Killip class and beta-blocker use adjusted for 
all other risk factors. BB, beta-blocker. 
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Abstract

In psychiatry, comorbidity is the rule rather than the exception. Up to 45% of all patients are classified as 
having more than one psychiatric disorder. These high rates of comorbidity have led to a debate concerning 
the interpretation of this phenomenon. Some authors emphasize the problematic character of the high rates 
of comorbidity because they indicate absent zones of rarities. Others consider comorbid conditions to be 
a validator for a particular reclassification of diseases. In this paper we will show that those at first sight 
contrastive interpretations of comorbidity are based on similar assumptions about disease models. The 
underlying ideas are first, that high rates of comorbidity are the result of the absence of causally defined 
diseases in psychiatry, and second, that causal disease models are preferable to non-causal disease models. 
We will argue that there are good reasons to seek after causal understanding of psychiatric disorders, but that 
causal disease models will not rule out high rates of comorbidity – neither in psychiatry, nor in medicine in 
general. By bringing to the fore these underlying assumptions, we hope to clear the ground for a different 
understanding of comorbidity, and of models for psychiatric diseases.  
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Introduction

Recently, large epidemiological studies have showed that roughly one quarter to one third of 
the population suffered from a psychiatric disorder in the past year. Of this group of patients, 
35 to 45% satisfied the criteria for two or even more psychiatric disorders, and thus suffer from 
comorbidity [1-3]. This high co-occurrence of mental disorders has led to a debate concerning 
its background and interpretation. Why do we find these high co-occurrence rates of psychiatric 
disorders? First, the definition of comorbidity [4-6] and the measurement methods upon which 
they are based have been called into question [7, 8]. A second part of the debate focuses on 
the artificiality versus reality of comorbidity [6, 9-11]: are the high rates of comorbidity real or 
an artifact of the classification system in psychiatry? For instance, are they a consequence of 
considerable symptom overlap between disorders [12]? The third part of the discussion – the 
part we will focus on in this paper – concerns the interpretation of the comorbidity rates: should 
they be regarded as a problem for the validity of psychiatric disorders [13] or should they be 
welcomed as a validator for reclassifying them [14]? 

The concept of comorbidity was first introduced in medicine by Feinstein in 1970. Feinstein, 
at that time professor of Medicine and Epidemiology at Yale University, was involved in cancer 
research. He described comorbidity as “any additional co-existing ailment” in a patient with a 
particular index disease [15] (p.467). With the index disease he meant the disease being subject 
of study, e.g. primary cancer of the lung. Under co-existing ailments he understood roughly 
factors influencing the condition of the patient apart from the index disease, such as diabetes 
mellitus, pneumonia or even pregnancy. The main reason for this interest in comorbidity was his 
conviction that treatment results could not be evaluated without taking this into account. Since 
the 1980s-1990s comorbidity research in psychiatry took flight [7, 16]. Large studies were set up 
to determine the prevalence of psychiatric disorders, specifically including comorbidity patterns. 
As stated above, comorbidity rates were found to be remarkably high, and clearly above what can 
be expected by chance.

Interestingly, the high rates of comorbidity in psychiatry are interpreted in notably different, 
sometimes opposite, ways. In this paper we will specifically focus on the interpretations of 
comorbidity as a validator [14] versus comorbidity as a problem [13]. By reconstructing the 
arguments for the two different positions, we will show that both positions in fact rest upon 
the same assumptions about psychiatric disease models. That is, both positions presuppose (i) 
that there is a relationship between psychiatric comorbidity estimates and the absence of causal 
disease models in psychiatry, and (ii) that causal disease models are preferable to non-causal 
disease classifications. So, on a fundamental level, there is practically no disagreement between 
the two positions. In the following paragraphs we will discuss these contrasting views with the 
aim to bring to the fore the shared ideas underlying both the problem and validator position. 
Afterwards, we will reflect upon those shared ideas: why is there such a preference for causal 
disease models? And is the assumed relationship between comorbidity and causal disease 
models reasonable? Hereby, we hope to clear the ground for a more productive discussion on 
comorbidity and on psychiatric disease modeling more in general. 
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Conceptual analysis 

Comorbidity as a validator 
In the development of the fifth edition of the Diagnostic and Statistical Manual of Mental Disorders 
(DSM 5), the possibility of grouping all current diagnoses into five clusters is investigated [14, 17-
21]. The reason for this attempt is the complexity of the current system for clinical use: the DSM is 
far from parsimonious with 16 major categories comprising some 160 diagnoses. The hope is that 
a limited number of clusters could facilitate both research and clinical practice. Eleven validators 
are used to decide which diseases should be clustered. Andrews et al. [14] roughly divide them 
into ‘causal risk factors’ and ‘aspects of the clinical picture’. For instance, if two diseases share genes, 
neural substrates, or environmental risk factors, then there are arguments to group them in the 
same cluster. Likewise, high rates of comorbidity count as a validating criterion for grouping two 
diseases in one cluster and are “used as a systematic way of examining the relationships between 
disorders in terms of the risk and clinical factors” [14](p.1995). How do the authors defend this use 
of comorbidity? As we will see in the reconstruction of the argument, the assumption of a common 
causal structure for different diseases is of vital importance. The argument to use comorbidity 
patterns as a validator in reclassifying psychiatric diseases is the following.

Abduction
The fact in need of explanation is that the two diseases d1 and d2 occur far more frequently than 
their separate frequencies suggest, i.e. they have high rates of comorbidity.

If there is a common cause C for the two diseases d1 and d2, then their high rates of 
comorbidity are to be expected. 

Therefore, it is plausible that the two diseases d1 and d2 have a common cause. 

Advice for disease classification
A disease classification based on a common cause C has important benefits: it will “emphasize 
risk factors, increase clinical utility, and potentiate research into the cause and prevention of 
mental disorders” [14](p.1999).

If diseases d1 and d2 have high rates of comorbidity, then it is plausible that they have a 
common cause C (see Abduction).

Therefore, a disease classification that groups diseases d1 and d2 together has important 
benefits. 

Thus, a high rate of comorbidity of two diseases indicates the existence of a common causal 
background and therefore those diseases should be clustered. It follows that Andrews et al. 
[14] prefer a classification based on C to a classification not based on C. A complicating factor 
in understanding the argument is that C is not neatly defined, as the following terms are used 
for C: common cause [4], risk factors for disorders in a cluster, common etiological agent, and 
existence of higher-order dimensions of psychopathology [14]. Nevertheless, it is clear that at 
least some notion of causality underlies the justification of comorbidity as a criterion (‘validator’) 
in reclassifying diseases.

Comorbidity as a problem
Kendell and Jablensky see comorbidity in a different way [13](p.7): “Comorbidity poses a further 
problem that is becoming increasingly clamant as its full extent is revealed by community studies.” 
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That is, the scale of comorbidity between for instance anxiety disorders, depression and addictive 
syndromes has repeatedly been found to be exceptionally high [3, 22], which led to increasing 
disenchantment with the assumption that these diseases are discrete entities. But, what exactly is 
the problem that comorbidity poses? The answer becomes clear when we unravel the argument 
starting from the assumption about valid diagnoses:

A diagnosis is valid if and only if it satisfies at least one condition out of 1 and 2 [13]:

1. The defining syndrome, i.e. a set of signs and symptoms, can be separated from neighboring 
syndromes by a zone of rarity. This criterion means that two syndromes A and B are valid 
if some individuals in a population suffer from the symptoms of syndrome A, while other 
individuals have the symptoms of syndrome B, but not many individuals suffer from a 
mixture of symptoms of syndrome A and B. In this case there is a zone of rarity, which can 
be demonstrated by statistical techniques such as discriminant function analysis or cluster 
analysis. The absence of a zone of rarity entails that syndrome A cannot be separated from 
syndrome B in terms of symptoms suffered by patients.

2. Fundamental, qualitative criteria are part of the disease definition, without being part of 
other disease definitions with a similar syndrome. Fundamental criteria are “physiological, 
anatomical, histological, chromosomal, or molecular” abnormalities [13](p.8). Examples of 
psychiatric diseases satisfying this category are for instance Down’s syndrome, Huntington, 
Creutzfeld Jacob and fragile X syndrome. 

Next, Kendell and Jablensky argue that in psychiatry there are scarcely valid diagnoses. First, 
most disorders do not satisfy condition 2, since they are defined solely by a set of symptoms. 
Therefore, most psychiatric disorders have to meet condition 1 in order to be valid. Whether 
current psychiatric disorders meet condition 1 is doubtful. The few attempts which have been 
done to demonstrate a zone of rarity have ended in failure, i.e. have not shown a statistical 
difference between defining symptom sets [23]. Furthermore, the high rates of psychiatric 
comorbidity could indicate that zones of rarity are not existing.

So, comorbidity poses a problem since it indicates that zones of rarity are lacking between 
the defining symptom sets of psychiatric disorders. In other words, comorbidity shows that our 
sets of symptoms cannot be statistically separated from each other. But why is that a problem? 
Kendell and Jablensky say that if condition 1 is not met, disease definitions will most likely not 
“survive successful exploration of their biological substrate” [13](p.8). And  “..a diagnostic class 
..is valid, in the sense of delineating a specific, necessary, and sufficient biological mechanism” 
[13](p.7). Thus, ultimately, comorbidity is a problem for Kendell and Jablensky since it indicates 
that most psychiatric disorders do not delineate a necessary, and sufficient biological mechanism 
(NSBM). Obviously, it follows that the authors prefer a diagnostic class based on this NSBM to a 
class not based on NSBM. 

Comparison of both positions
Interestingly, if we compare the validator versus problem position, eventually the same 
assumptions regarding comorbidity and causal disease models underlie these both diverging 
positions. After all, Andrews et al. [14] regard comorbidity as a validator for reclassifying 
psychiatric disorders as (i) comorbidity is an indicator of a common causal structure (C) of 
diseases, therefore in our current classification system diseases do not coincide with C. Yet, 
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(ii) a classification based on C is preferred to a classification not based on C. Comparably, the 
evaluation of comorbidity as a problem [13] is justified by the assumptions that (i) comorbidity 
is an indicator of the fact that current diagnoses do not coincide with a necessary and sufficient 
biological mechanism (NSBM), while (ii) a classification based on a NSBM is preferred to a 
class not based on a NSBM. Thus, in principal, both views i) assume a relationship between 
psychiatric comorbidity and the absence of causal disease models in current psychiatry, and 
(ii) endorse a model, in which diseases are defined in terms of their causes. In the end, those 
positions, which are prima facie opposite, can be traced back to the same assumptions. The main 
difference between both positions concerns their views on the usefulness of the current disease 
categories. Kendell and Jablensky [13] doubt the value of the current categories in delineating 
separate syndromes with a specific accompanying biological mechanism whereas Andrews et 
al. [14] superimpose a new structure on the current categories and thus have less doubt on their 
usefulness. Those assumptions will be discussed in the remainder of this paper.

The preference for causal models of disease
Causal models of disease clearly have huge advantages. In the first place, they offer a large 
increase in understanding and explanation of diseases. Secondly, they increase opportunities 
to interfere in disease processes. The easiest way to illustrate those advantages is on the basis 
of the monocausal disease model, in which diseases are defined in terms of a single necessary 
and sufficient cause. As we saw, this is the model defended by Kendell and Jablensky [13]. A 
cause is necessary when the disease does not occur without the presence of the cause. A cause 
is sufficient when the presence of the cause indeed will lead to the disease [24, 25]. E.g., for 
tuberculosis (TB), infection with tubercle bacillus is necessary (one cannot have TB without 
the infection) and sufficient to speak of TB. A monocausal model of disease is advantageous 
as, in the presence of only one cause, all therapeutic or preventive measures in one case should 
be effective in a second case [25]. However, even multifactorial disease models, in which more 
than one causal mechanism is at stake [24], do increase our understanding and offer treatment 
possibilities as is illustrated by all preventive measures for noncommunicable diseases [26]. The 
drive for Kendell and Jablensky for NSBM disease models may be aimed too high, but the quest 
for causal understanding of disorders is indeed laudable. 

Although causal disease models are in principle to advantage, in reality, diseases are defined 
in a broad variety of ways. In psychiatry, the classification of diseases is almost entirely based 
on combinations of symptoms since the introduction of the DSM III in 1980 [27]. In the DSM I 
and II, the description of disorders was so general and brief, that clinicians had to decide largely 
by themselves whether a patient could be characterized as having the disease or not [27]. As 
a consequence, it was impossible to assess the efficacy of psychiatric treatments, since criteria 
for both diagnosis and treatment outcome were lacking [28]. Thus, there was a need for a more 
standardized way to classify patients with psychiatric disorders. However, there was much 
disagreement on the causes of psychiatric disorders. For instance, Freudian oriented psychiatrists 
ascribed symptoms to defensive operations keeping internal conflicts out of consciousness, while 
other psychiatrists ascribed panic complaints to biological mechanisms or learned avoidance 
responses. For the advancement of diagnostic consensus among psychiatrists, it seemed more 
fruitful to exclude causality from diagnoses altogether [27]. The idea was that the discovery 
of causal mechanisms and treatment possibilities would benefit from classifying patients in a 
standardized way based on symptoms. Nowadays, symptomatic classification of psychiatric 
disorders is still employed, and not exclusively in psychiatry.
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In medicine in general, before the 19th century causal disease models did not exist: extensive 
lists of causes of a varied nature could lead to one disease. For instance, pneumonia could be 
caused by contusions of the throat, depression, cooling, or violent effort and fatigue. However, in 
the 19th century disease modeling shifted. Defining diseases in terms of their causes – instead of 
their symptoms – turned out to be very fruitful. Once a disease like childbed fever was defined 
not in terms of symptoms as fever and endometritis, but as a disease due to decaying organic 
matter, rates of death dropped dramatically [25]. Since that time, many diseases have been 
redefined in terms of their causes.

At the moment, medical diseases are defined in terms of causes but also in many other ways. 
Some diseases are defined in terms of a certain abnormal state of affairs. Diabetes mellitus, for 
instance, is “characterized by hyperglycemia resulting from defects in insulin secretion, insulin 
action, or both” [29](p.264). Another example is heart failure, “a complex clinical syndrome 
that can result from any structural or functional cardiac disorder that impairs the ability of the 
ventricle to fill with or eject blood” [30] (p.e397). Other diseases are defined in terms of a set 
of symptoms (e.g., migraine, inflammatory bowel syndrome). Exclusively monocausal or even 
multifactorial disease models are far from medical reality. The comorbidity debate shows that 
this fact has not diminished the need for causal disease models in psychiatry.

Causal models of disease and comorbidity
In the previous sections we found that high rates of comorbidity are considered to show that 
current diagnoses do not coincide with their causes. But what would happen if we defined all 
diseases in terms of their causes? What kind of comorbidity patterns would then be expected? 
Would a classification system with exclusively causally defined diseases lead to chance expected 
comorbidity rates (i.e. p(d1 d2) = p(d1)p(d2))?  

The necessary condition for this to happen is to define diseases in a causally independent 
way, viz. to exclude by definition all possible causal connections between two diseases. In 
that case, diseases cannot have common causes, risk factors, nor influence each other’s 
occurrence. This, however, seems a strange condition for the majority of medical diseases. 
Many diseases are causally connected in several ways. Diabetes mellitus and heart failure, 
two common diseases mentioned above, co-occur regularly [31] and can be used as an 
example to illustrate possible causal connections between diseases (Figure 1). First, there are 
common causes or risk factors for both diseases such as hemochromatosis [29, 30]. Second, 
consequences of the one may be causes of the other, as is illustrated by for instance diabetic 
cardiomyopathy [32]. Even monocausally defined diseases may have causal links through 
shared basal mechanisms as protein-protein interactions [33] or since the one may increase 
the chances for the other as in case of HIV and TB [34]. Thus, to expect that comorbidity 
rates will follow chance if we define diseases in terms of causes is expecting too much. 

Conclusion

The high rates of comorbidity in psychiatry have led to different and opposing interpretations 
concerning the meaning of this phenomenon. In this paper, we showed that at least part of 
the debate concerning comorbidity actually focuses on the wrong subject. Fundamentally, 
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the discussion does not concern comorbidity but the existing models for psychiatric diseases. 
Therefore, the core issue is what models to adopt for psychiatry. A preference for causal disease 
models, which have for some time been absent in psychiatry, is underlying both interpretations 
of comorbidity as a problem versus a validator. 

In terms of usefulness there are great advantages of disease definitions based upon their causes. 
It increases understanding and possibilities to interfere in undesirable processes. However, we 
have shown that also in medicine in general a diversity of non-causal disease definitions is used. 
Furthermore, there are many connections between causally defined diseases underlying the high 
rates of comorbidity in medicine. The only way to achieve chance expected rates of comorbidity 
is by defining diseases in terms of completely independent causes. This is quite unlikely, even 
when we proceed and find out more and more about causal mechanisms of disorders.

Figure 1. Causal connections between heart failure and diabetes mellitus
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Important open ends remain after clarifying this debate on comorbidity. First, the term ‘common 
cause’ is vague. For sure, the discussed authors do not mean that ‘any cause’ should be adopted in 
a disease model for psychiatric diseases. However, what counts as a relevant cause for a disease 
model is an unanswered question. A second open end is the more exact connection between 
disease models, causal or non-causal, and comorbidity. We argued that at least some comorbidity 
remains, also in case of causal disease models. But to what extent do the high rates of comorbidity 
result from the absence of causality in disease models? Those issues will be addressed in a next 
paper, concerning the role of causality in disease models and the interplay between disease 
models, population characteristics and comorbidity.

As in other fields of medicine, psychiatric comorbidity will remain a fact of life. The term was 
originally introduced by Feinstein because it was helpful in the interpretation and generalization 
of findings from clinical trials. He acknowledged that patients with more diseases might have 
different treatment outcomes than patients with only one disease. We showed that, currently, 
the concept of comorbidity functions as an indicator for the absence of causal mechanisms in 
psychiatric disease definitions, which has a number of disadvantages. The search for causal disease 
models could resolve part of the problem of Feinstein, since an increase in our understanding of 
causal mechanisms can help us to focus and evaluate treatments despite the remaining rates of 
comorbidity. 
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Abstract

Background: High rates of psychiatric comorbidity are subject of debate: to what extent do they depend 
on classification choices such as diagnostic thresholds? This paper investigates the influence of different 
thresholds on rates of comorbidity between major depressive disorder (MDD) and generalized anxiety 
disorder (GAD).

Methods: Point prevalence of comorbidity between MDD and GAD was measured in 74,092 subjects from 
the general population (LifeLines) according to Diagnostic and Statistical Manual of Mental Disorders 
(DSM-IV-TR) criteria. Comorbidity rates were compared for different thresholds by varying the number of 
necessary criteria from ≥1 to all 9 symptoms for MDD, and from ≥1 to all 7 symptoms for GAD.

Results: According to DSM-thresholds, 0.86% had MDD only, 2.96% GAD only and 1.14% both MDD and 
GAD (odds ratio (OR) 42.6). Lower thresholds for MDD led to higher rates of comorbidity (1.44% for ≥4 of 
9 MDD-symptoms, OR 34.4), whereas lower thresholds for GAD hardly influenced comorbidity (1.16% for 
≥3 of 7 GAD-symptoms, OR 38.8). Specific symptom distributions explained this finding: 37.3% of subjects 
with core criteria of MDD and GAD reported subthreshold MDD symptoms, whereas only 7.6% reported 
subthreshold GAD symptoms. 

Conclusions: Lower thresholds for MDD increased comorbidity with GAD, but not vice versa, owing to 
specific symptom distributions in the population. Generally, comorbidity rates result from both empirical 
symptom distributions and classification choices and cannot be reduced to either of these exclusively. This 
insight invites further research into the formation of disease concepts that allow for reliable predictions and 
targeted therapeutic interventions.
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Background

Comorbidity rates between mental disorders are high with about 50% of patients having two 
or more disorders in the course of a year, and ‘pure’ disorders often having lower prevalence 
rates than combined disorders [1]. For example, most patients with major depressive disorder 
(MDD) also have generalized anxiety disorder (GAD) instead of MDD only [1]. The high overlap 
between disorders fuels the debate on the validity of the current classification of mental disorders 
[2]: what is the use of distinguishing a few hundred different disorders in the Diagnostic and 
Statistical Manual of Mental Disorders (DSM) [3] if the majority of patients have at least two or 
three of them? Although it is the intention to improve the quality of the classification of mental 
disorders in each subsequent version of DSM, rates of comorbidity have not decreased. Moreover, 
the clinical and construct validity of the disorders have not been improved, as the nature and 
etiology of these disorders remains by and large elusive [4]. The high level of comorbidity 
highlights broader ranging conceptual problems in our understanding of mental disorders: if 
there is so much comorbidity, does this reflect an artificial consequence of DSM classification 
rules, or is this a factual representation of psychiatric morbidity patterns? 

When looking at the high levels of comorbidity found in current classification systems, 
two largely opposing interpretations can be given. On the one extreme, comorbidity may be a 
representation of the fact that different mental disorders have common causes, such as precipitating 
factors (e.g. childhood trauma), genetic vulnerability, or neurobiological abnormalities. As an 
example, obesity may lead to diabetes and to hypertension [5], so it is not surprising that these 
disorders are often comorbid. Similar patterns have been suggested to explain the high rates 
of comorbidity in psychiatry [6, 7]. According to this ‘realist’ interpretation of comorbidity, its 
existence could be seen as a sign of a common etiology of the disorders that may be further 
investigated and elucidated in the future.

On the other end of the spectrum, comorbidity can be interpreted as a consequence of 
particular classification choices. The idea is that rates of comorbidity have increased by the 
expansion of the number of diagnoses, the reduction of exclusionary criteria, and the fact that 
different diagnoses may have overlapping symptoms [8, 9]. According to this view, a change in 
the diagnostic thresholds is supposed to have strong effects on the rates of comorbidity: reducing 
the number of necessary criteria and thus making a disorder more inclusive will increase 
comorbidity rates [9, 10]. If comorbidity depends heavily on classification choices, this suggests 
that comorbidity itself is not based on objective features of reality, but is an artifact of imposing 
definitions onto empirical reality. From this ‘constructivist’ interpretation it follows that 
comorbidity is not a reflection of different co-occurring disorders that are causally connected. 
Rather, high comorbidity illustrate that the classifications themselves are inadequate, and do not 
establish a strict partition of mental disorders in the population [2]. 

In this paper we will illuminate this issue by empirically exploring different classifications of 
major depressive disorder (MDD) and generalized anxiety disorder (GAD) in a large population 
sample of adults living in the Northern Netherlands. Our aim is to investigate whether changes 
in classification rules, specifically in terms of diagnostic thresholds, affect rates of comorbidity of 
MDD and GAD in order to clarify the origins of comorbidity. 
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Methods

Sample
Data were derived from LifeLines, a multi-disciplinary prospective population-based cohort 
study examining in a unique three-generation design the health and health-related behaviours of 
167,729 persons living in the North East region of The Netherlands [11, 12]. It employs a broad 
range of investigative procedures in assessing the biomedical, socio-demographic, behavioural, 
physical and psychological factors which contribute to the health and disease of the general 
population, with a special focus on multi-morbidity and complex genetics. From this dataset, 
individuals were selected with complete data of current depression and anxiety symptoms 
measured with the Mini-International Neuropsychiatric Interview (MINI) [13]. 

Since the beginning of 2012, a unique adaptation of the MINI was implemented in LifeLines 
that made the current study possible: although the MINI originally skipped several items (i.e. not 
all depressive symptoms were measured if the core symptoms depressed mood or interest loss 
were absent), we implemented a version in which all symptoms were scored in all participants. A 
total of 74,092 individuals were evaluated with this version in the period between February 2012 
and December 2013. All participants provided written informed consent; the medical ethical 
committee of the University Medical Center Groningen [12].

Different thresholds for MDD and GAD
Trained research assistants administered sections of the MINI concerning MDD, GAD and other 
internalizing disorders to all participants. The MINI is a short structured diagnostic interview 
designed to measure DSM-IV and ICD-10 disorders [13]. All nine symptoms representing 
criterion A for MDD in the DSM were rated as present if subjects had them almost daily during 
the past two weeks; the seven symptoms representing criteria A, B, and C of GAD in the DSM 
were rated as present if subjects experienced them on most days during the past six months, 
conform the duration criteria in the DSM [14].

We constructed dummy variables for MDD and GAD-classifications with both higher and 
lower threshold levels, i.e. with more and less necessary criteria. According to the DSM, MDD is 
present if a patient satisfies at least 5 out of 9 symptoms, with at least one of the core symptoms 
depressed mood and loss of interest [14]. For the present study we constructed 9 dummy 
variables for MDD-classifications with different diagnostic thresholds. For each dummy we used 
a different number of necessary criteria varying from a minimum of ≥1 of 9 to a maximum of 
all 9 symptoms, without changing the requirement of having one out of two core symptoms 
depressed mood and loss of interest. 

Likewise, we constructed dummy variables for GAD-classifications with different diagnostic 
thresholds. According to the DSM, GAD is present when a patient satisfies at least 4 of 7 
symptoms, including at least the core criterion excessive anxiety and worry, which is difficult 
to control, for the majority of the time in six months [14]. For the present study we constructed 
7 dummy variables for GAD-classifications with different diagnostic thresholds. For each 
dummy we used a different number of necessary criteria varying from a minimum of ≥1 of 7 to 
a maximum of all 7, without changing the requirement of the core criterion of excessive anxiety 
and worry. We did not account for the exclusionary rule that GAD should not be diagnosed if 
excessive anxiety is present exclusively in a period with MDD [14], to increase our comparability 
to other epidemiological studies [15-17].
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Assessment of comorbidity rates
Point prevalences of comorbid MDD and GAD, MDD only, and GAD only were assessed for 
all different threshold levels of MDD, while keeping the GAD threshold at DSM-level (≥4 of 
7). Likewise, we assessed these prevalences for all different threshold levels of GAD, while 
keeping the MDD threshold at DSM-level (≥5 of 9). In the same way, we calculated odds ratios 
and confidence intervals as measures of association between MDD and GAD for all different 
threshold levels, using logistic regression (R package stats) [18]. In addition, we assessed the 
number of depressive and anxiety symptoms in a subsample of 1,395 subjects who reported core 
criteria of both MDD and GAD (anxiety, difficult to control and depressed mood/interest loss). 

Assessment of symptom combinations
Since diagnoses of MDD and GAD are defined in terms of specific symptom combinations, we 
mapped the prevalence of combinations of six MDD and GAD symptoms (depressed mood/
interest loss; guilt; suicidality; anxiety; feeling tense; concentration difficulties) to illustrate 
how prevalent versus rare symptom distributions influence comorbidity rates. For the purpose 
of illustration, the number of symptoms in the analysis was limited to six, leading to a total 
number of 64 (26) possible symptom combinations. All possible combinations were plotted in 
heat maps; the basic structure of these plots was derived from Karnaugh maps [19]. All analyses 
were performed in R [18]; plots were made with R-package ggplot2 [20].

Results

Sample characteristics
The sample consisted of 41.7% men and 58.3% women, with a mean age of 45.0 years (standard 
deviation (SD) 13.5 years). 40.2% reported at least one symptom of MDD in the past two 
weeks or GAD in the past six months. Of the 9 MDD and 7 GAD symptoms, the GAD criteria 
fatigue and feeling tense were most common, with approximately 19.8% and 17.7% of subjects 
reporting these symptoms as frequently present during the past six months (Supplemental Table 
1). Other symptoms were relatively rare, such as feelings of guilt or worthlessness and suicidal 
thoughts (2.4% and 0.7%, resp.). In general, subjects reported fewer depressive symptoms in 
the past two weeks than general anxiety symptoms in the past six months (mean number of 9 
MDD symptoms 0.55 (SD 1.21), mean number of 7 GAD symptoms 0.96 (SD 1.70). Tetrachoric 
correlations between symptoms were high on average (mean rho 0.61, SD 0.12) (Supplemental 
Table 1 and Figure 1). Symptoms that were often co-occurring were depressed mood and interest 
loss (rho 0.87); feeling nervous and tense (rho 0.93); and the overlapping symptoms sleep 
difficulties (rho 0.91), fatigue (rho 0.84), and concentration problems (rho 0.82) (Supplemental 
Table 1). Correlations among GAD symptoms were in general higher (mean rho 0.72, SD 0.08) 
than among MDD symptoms (mean rho 0.61, SD 0.11).
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Figure 1. Highly correlated MDD and GAD symptoms

The highest tetrachoric correlations between all MDD and GAD symptoms, edges are displayed for rho 
correlation coefficients ≥ 0.5; the thicker edges indicate stronger correlations. The nodes on the left side of the 
network represent the GAD symptoms; the nodes on the right side of the plot represent the MDD symptoms. 
We used R-package qgraph for this plot [33]. Abbreviations: dep, depressed mood; int, loss of interest; wgt, 
appetite/weight loss or appetite/weight gain; slp, sleep disturbance; mot, psychomotor disturbance; fat, 
fatigue; glt, feelings of guilt or worthlessness; con, concentration difficulties; sui, suicidal thoughts; anx, 
excessive, difficult to control, anxiety and worries; nerv, nervous; ten, feeling tense; irr, irritability. The 
additional “m” or “g” indicates that the symptom is measured as part of MDD (“m”) or GAD (“g”).

 
Comorbidity of MDD and GAD according to different threshold levels
Point prevalence for MDD and GAD according to DSM-criteria was 2.00% and 4.10% respectively. 
Most prevalent was GAD only (2.96%, n=2,195), then comorbidity between MDD and GAD 
(1.14%, n=844), whereas least subjects reported MDD only (0.86%, n=635) (Table 1 and Table 
2). This ordering in prevalence turned out to be robust under most variations in threshold values 
that we considered, except for low threshold levels of MDD and high threshold levels of GAD. 
Varying MDD thresholds affected comorbidity rates more than varying GAD thresholds. A higher 
threshold for MDD resulted in fewer subjects with comorbidity than a higher threshold for GAD. 
The number of subjects with comorbid MDD and GAD decreased considerably if the MDD-
threshold increased from ≥1 of 9 to ≥7 of 9 symptoms (factor 3.8 decrease; from 1.74% to 0.46%), 
whereas the number of subjects with comorbidity remained relatively stable if the GAD-threshold 
increased from ≥1 of 7 to 7 of 7 symptoms (factor of 1.8 decrease; from 1.18% to 0.65%) (Figures 2a 
and 2b). Comorbidity rates remained remarkably stable for GAD-thresholds ranging from ≥1 up to 
≥5 out of 7 symptoms (comorbidity rates decreased slightly from 1.18% to 1.09%).

In general, a higher threshold for MDD resulted in a larger drop in total number of MDD-
patients than a higher threshold for GAD in total number of GAD-patients. The total number of 
subjects satisfying MDD reduced with a factor of 7.7 with an increasing MDD-threshold of ≥1 
of 9 to ≥7 of 9 symptoms present (from 5.20% to 0.67%), whereas the total number of subjects 
satisfying GAD decreased with a factor of 3.5 with an increasing GAD-threshold of ≥1 of 7 to 
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all 7 symptoms (from 4.95% to 1.42%). It follows that threshold levels influenced the number of 
subjects with MDD only and GAD only more than the number of comorbid MDD and GAD. 

As a result, odds ratios increased with higher threshold levels, indicating a stronger association 
between MDD and GAD. The presence of MDD increased the likelihood of also having GAD, 
especially when high thresholds required that many symptoms had to be present of one of both 
disorders. This effect, again, was much more outspoken for higher thresholds of MDD than for higher 
thresholds of GAD. ORs were relatively stable for different threshold levels of GAD (ranging from 
36.1-60.9), but varied considerably for different threshold levels of MDD (ranging from 19.7-94.9).
 
Figure 2. Comorbidity prevalence for different MDD and GAD thresholds

Point prevalences of comorbid MDD and GAD, MDD only and GAD only for different thresholds for 
MDD (Figure 2a, using a DSM-threshold for GAD) and GAD (Figure 2b, using a DSM-threshold for 
MDD) in a general population sample of adults (n=74,092). Figures 2c and 2d show proportions of subjects 
with comorbidity among all subjects with MDD or GAD. Dashed vertical lines represent current DSM 
thresholds for MDD (≥5 of 9 symptoms) and GAD(≥4 of 7 symptoms). 

 
Changing thresholds for MDD and GAD had different effects on the proportion of comorbidity 
among all subjects with at least one diagnosis (Figures 2c and 2d). According to the DSM-
thresholds for MDD and GAD, the proportion of subjects with comorbidity was 23.0% (1.14% of 
a total of 4.96% subjects with at least one diagnosis). The proportion of subjects with comorbidity 
changed considerably with a changing threshold for MDD. A higher threshold for MDD resulted in 
proportionally less comorbidity, with a minimum of 1.4% when all 9 symptoms were required for 
MDD, whereas a lower threshold for MDD led to more comorbidity with a maximum proportion 
of 25.8% for ≥3 or ≥4 of 9 symptoms. This is in accordance with the idea that making a disease 
definition more inclusive enlarges the overlap with other diseases and hence increases comorbidity. 



136

Psychiatric com
orbidity does not only depend on diagnostic thresholds

8

However, for very low MDD-thresholds, proportions of comorbidity between MDD and GAD 
showed a slight decrease (24.5% for ≥2 or 23.0% for ≥1 of 9 symptoms), as these thresholds resulted 
in relatively more patients with MDD only than patients with both MDD and GAD. 
 
Table 1. Prevalences of MDD, GAD and comorbidity for different thresholds of MDD

Threshold 
MDD

Population 
prevalence 

MDD only (%)

Population 
prevalence 

GAD only (%)

Population  
prevalence 

MDD & GAD (%)
Proportion 

comorbidity (%) OR 95% CI

1 3.46 2.36 1.74 23.0 19.7 (18.1-21.3)

2 2.90 2.39 1.72 24.5 23.0 (21.2-25.0)

3 2.21 2.47 1.63 25.8 27.9 (25.6-30.5)

4 1.49 2.66 1.44 25.8 34.4 (31.2-37.8)

5 0.86 2.96 1.14 23.0 42.6 (38.1-47.7)

6 0.46 3.31 0.79 17.3 49.0 (42.6-56.3)

7 0.21 3.64 0.46 10.7 56.9 (46.9-69.0)

8 0.06 3.89 0.22 5.2 85.2 (61.3-118.6)

9 0.02 4.04 0.06 1.4 94.9 (49.0-183.9)

Point prevalences of MDD only, GAD only and comorbidity between MDD and GAD for different 
thresholds of MDD and a fixed DSM-threshold for GAD (≥4 of 7 symptoms). 
a  Different thresholds for MDD, varying from ≥1 of 9 to all 9 necessary symptoms. The grey colored row 

indicates the current DSM-threshold (≥5 of 9 symptoms). 
b Proportion of subjects with comorbidity among all subjects satisfying a diagnosis.
c  Odds ratios and 95% confidence intervals representing the strength of association between MDD and GAD.
Abbreviations: GAD, generalized anxiety disorder; MDD, major depressive disorder; OR, odds ratio; 95% 
CI, 95% confidence interval. 

 
Table 2. Prevalences of MDD, GAD and comorbidity for different thresholds for GAD

Threshold 
GAD

Population 
prevalence 

MDD only (%)

Population 
prevalence 

GAD only (%)

Population  
prevalence    

MDD & GAD (%)
Proportion 

comorbidity (%) OR 95% CI

1 0.82 3.77 1.18 20.5 36.1 (32.3-40.3)

2 0.83 3.58 1.17 20.9 36.9 (33.1-41.3)

3 0.84 3.36 1.16 21.6 38.8 (34.7-43.3)

4 0.86 2.96 1.14 23.0 42.6 (38.1-47.7)

5 0.91 2.40 1.09 24.7 47.4 (42.1-53.1)

6 1.03 1.65 0.97 26.5 54.8 (48.8-61.6)

7 1.35 0.77 0.65 23.5 60.9 (53.1-69.8)

Point prevalences of MDD only, GAD only and comorbidity between MDD and GAD for different 
thresholds of MDD and a fixed DSM-threshold for MDD (≥5 of 9 symptoms). 
a  Different thresholds for MDD, varying from ≥1 of 9 to all 9 necessary symptoms. The grey colored row 

indicates the current DSM-threshold (≥5 of 9 symptoms). 
b Proportion of subjects with comorbidity among all subjects satisfying a diagnosis.
c  Odds ratios and 95% confidence intervals representing the strength of association between MDD and GAD.
Abbreviations: GAD, generalized anxiety disorder; MDD, major depressive disorder; OR, odds ratio; 95% 
CI, 95% confidence interval. 
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The proportion of subjects with comorbidity was less sensitive to changing thresholds for GAD, 
and the relation between threshold level and comorbidity rates was inverted. The proportion 
of comorbidity remained relatively stable, ranging from 20.5% for a threshold of ≥1 of 7 
symptoms to 26.5% for a threshold of ≥6 of 7 symptoms. In other words, the direction of the 
effect was different for the proportion of subjects with comorbidity: lower thresholds levels led 
to proportionally less comorbidity, whereas higher threshold levels led to proportionally more 
comorbidity. The reason is that, while higher thresholds obviously lead to the inclusion of more 
subjects into a disease profile, the number of newly included subjects with comorbidity does not 
increase in proportion to the total number of newly included subjects by the change in threshold.

Distribution of symptoms in subsample with core symptoms of MDD and GAD
In brief, we found a relative stability of comorbidity rates with changing GAD thresholds, but 
instability of comorbidity rates with changing MDD thresholds. These findings derived from 
the fact that most subjects who satisfy the core criteria of both MDD and GAD (a requirement 
for comorbidity) have many or all GAD symptoms, but fewer subjects have many or all MDD 
symptoms (Figure 3). Among 1,395 subjects who reported core criteria of MDD and GAD (anxiety 
and depressed mood/interest loss), 92.4% reported ≥4 GAD symptoms and most subjects reported 
6 or all GAD symptoms (26.9% and 41.4%). A high number of depressive symptoms was less 
likely: 62.7% reported ≥5 MDD symptoms, and most reported exactly 5 or 6 symptoms (19.4% and 
17.8%), whereas 8 or 9 symptoms were less frequently reported (8.4% and 3.3%). So, subthreshold 
GAD was rare, whereas subthreshold MDD was more common in this subsample. Hence, a shift 
in MDD-threshold had more consequences for comorbidity rates than a shift in GAD-threshold. 
 
Figure 3. Number of symptoms among subjects with core symptoms of MDD and GAD

Number of MDD and GAD symptoms of 1,395 subjects reporting core criteria of both MDD and GAD (i.e., 
anxiety and depressed mood or loss of interest). The horizontal line represents the current DSM-threshold for 
MDD (≥5 of 9 symptoms); the vertical line represents the current DSM-threshold for GAD (≥4 of 7 symptoms). 
Column and row sums are given above and to the right of the scatter plot, respectively.



138

Psychiatric com
orbidity does not only depend on diagnostic thresholds

8

Prevalence of specific symptom combinations
To gain further insight in such effects, we studied the prevalence of 64 symptom combinations 
of six depressive and anxiety symptoms. Some combinations were reported frequently, but 
others seldom or not at all (Figure 4). In total, 22.8% (n=16,900) of the sample reported one or 
more out of the six selected symptoms. 60.5% of these subjects reported three specific symptom 
combinations: feeling tense without any other symptoms, concentration difficulties only, and 
a combination of these two symptoms. Four other frequently observed symptom patterns 
concerned anxiety, combined with feeling tense with and without concentration difficulties, and 
depressed mood or feeling tense only. These four combinations were reported by approximately 
one sixth of the group of subjects having one or more symptoms (17.6%). Another one sixth 
of subjects (16.7%) had 13 relatively frequent symptom combinations, which were reported 
>100-500 times, including the combination of all six symptoms. Then there were 25 less 
common symptom combinations (reported by >10-100 subjects) and 17 uncommon symptom 
combinations (reported by ≥1-10 subjects). In total, 5.2% of subjects with symptoms were spread 
over these 42 uncommon combinations. Combinations that were reported infrequently for 
included combinations of guilt and suicidality, especially in absence of feeling tense. If suicidality 
was present, it was most likely in addition to all other symptoms. One symptom combination was 
not reported at all, which was the combination of anxiety, feelings of guilt and suicidality, without 
depressed mood, concentration difficulties and feeling tense.

Figure 4. Symptom combinations of six depression and anxiety symptoms
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Heatmap of observed symptom combinations of six depression and anxiety symptoms in the general 
population of LifeLines (n=74,092). Every cell represents an unique symptom combination; the numbers 
in each cell are the raw frequencies in the Lifelines sample (n=74,092), with lighter colors indicating higher 
frequencies and darker colors indicating lower frequencies. Column and row sums are given above and to 
the right of the heatmap, respectively. The six selected symptoms include three criteria of MDD, two criteria 
of GAD and one overlapping symptom, i.e. a criterion of both MDD and GAD. 

Abbreviations: anx: excessive rumination and worry about a number of activities in daily life, present 
during the majority of the days and difficult to control in the past 6 months, representing core criterion 
of GAD (criterion A and B for GAD) [14]; con: concentration difficulties in the past 6 months; additional 
symptom of both GAD and MDD; dep: persisting depressed mood and/or loss of interest in the past 2 
weeks combined into one binary variable representing the core symptoms of MDD (conform criterion A for 
MDD) [14]; glt: feelings of guilt or worthlessness in the past 2 weeks, additional MDD criterion; sui: death 
wishes or thoughts and plans of suicide in the past 2 weeks, additional MDD Criterion; ten: feeling tense in 
the past 6 months, additional GAD criterion.

Discussion

To investigate the influence of classification choices on rates of comorbidity, we analyzed rates of 
comorbidity between MDD and GAD for classifications with different thresholds. Comorbidity 
rates increased considerably for lower thresholds of MDD, but remained stable and proportionally 
decreased for lower thresholds of GAD, as subjects with core criteria mostly had all anxiety 
symptoms, but not all depressive symptoms. GAD symptoms were more highly correlated than 
MDD symptoms, and rates of GAD were thus less sensitive to changes in thresholds. Hence, 
comorbidity rates do not necessarily increase when the thresholds of diagnostic criteria are 
lowered, as would be expected from a constructivist view. Naturally, the absolute number of 
(comorbid) patients will not decrease if a disease definition is made less restrictive. But in terms 
of proportions, fewer people might suffer from comorbidity if a lower threshold leads to the 
inclusion of symptom combinations that are rarely occurring in a population.

This study thus shows that comorbidity rates are the result of both (as opposed to only) 
symptom distributions and classification choices. Comorbidity patterns are not independent of 
classification systems, nor completely determined by or an artefact of these systems. On the one 
hand, rates of comorbidity depend on classification choices that determine the range of potential 
disordered symptom profiles: thresholds, overlapping symptoms, exclusionary criteria, etcetera. 
On the other hand, rates of comorbidity depend on the actual occurrence of these symptom 
combinations in the population. Thus, neither a constructivist nor a realistic position fully 
explains rates of comorbidity. This finding corresponds to observations in other sciences, such as 
physics. Measurements in space and time depend on certain definitions or classification choices 
(e.g., straight lines, temperature, color), and on properties of actual space. Measurement results 
in physics are relative to these first definitions, but not fully determined by these definitions [21, 
22]. Our study illustrates that the same is true for comorbidity rates in psychiatry: comorbidity 
rates depend both on classification choices (which symptom profiles potentially satisfy both 
MDD and GAD?) and on population characteristics (which of these symptom profiles occur 
in the population?). Thus, comorbidity rates might be best seen from a position in-between a 
constructivist and realist stance [23].

The findings of this study should be interpreted in light of several strengths and limitations. 
First, like in other studies, the prevalence rates of MDD, GAD and comorbidity naturally 
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depend on the time frame in which they were measured. In LifeLines, participants reported on 
MDD symptoms that were present in the majority of the days during the past two weeks and 
reported on GAD symptoms that were often present during the past six months, conform current 
duration criteria in the DSM. The strength of this design is that it enables the estimation of 
point prevalences of these disorders, and that the recall period is minimal. However, prevalence 
estimates of MDD would probably have been higher if MDD symptoms were measured in the 
same time period as GAD symptoms, as suggested by the differences in prevalence rates of the 
symptoms which occur in both MDD and GAD: sleep problems, fatigue, and concentration 
difficulties. These overlapping symptoms were less often reported during the past two weeks 
(MDD) than during the past six months (GAD). Thus, prevalence estimates of MDD could 
have been higher if depressive symptoms were assessed in the past six months instead of in the 
past two weeks. Nevertheless, we do not expect that a different time frame would have affected 
the general finding of this study - comorbidity rates increase for lower thresholds of MDD, but 
remain stable for lower thresholds of GAD - as it is unlikely that all subjects reporting core 
criteria of both MDD and GAD would have reported (almost) all depressive symptoms in the 
past six months (conform GAD symptoms), as some depressive symptoms are known to be very 
rare in the general population [24].

Second, in this study we did not take disability into account, which is a requirement for 
diagnosing both disorders [14]. This might have increased our rates of MDD, GAD and 
comorbidity. Indeed, our estimates of GAD are higher than compared to other population 
studies in which year prevalences were found of 1.5% - 3.2% [1, 15, 25]. However, it is likely 
that reported prevalences are not much overestimated as they are lower than recently reported 
point prevalences in the Swedish population (MDD 5.2%; GAD 8.8%; MDD-GAD comorbidity 
28.2%) [17].

Third, this study demonstrated with one example (MDD and GAD) that comorbidity rates 
depend on both classification choices and population characteristics, but follow-up studies 
focusing on other psychiatric disorders are warranted to investigate the generalizability of our 
results. After all, MDD and GAD have particular characteristics: overlapping symptoms, high 
correlations between symptoms, and high comorbidity. Future studies with different disorders 
could investigate how stable comorbidity rates are with respect to threshold levels to test the 
generalizability of our findings.

Fourth, this study is not the first to show that MDD and GAD are highly comorbid disorders. 
In fact, an anxiety specifier for MDD has recently been added in the DSM-5 [3], to account for 
the fact that anxiety often occurs in patients with MDD, and also predicts a more severe course 
of illness and less favorable treatment reaction [26-28].

Despite these limitations, this is the first study that systematically investigated different 
threshold levels of MDD and GAD in a large general population sample of whom reliable data 
were available of all MDD and GAD symptoms, and contributes to the literature on comorbidity.

Our findings have several implications for the interpretation of comorbidity. First, since rates 
of comorbidity are partly determined by objective features of psychiatric diseases, they might hint 
at possible pathways underlying different psychiatric disorders. For instance, there are specific 
comorbidity patterns with somatic disorders, such as that depression predicts the development 
of diabetes [29]. Such patterns might inform us on the nature and causal background of different 
psychiatric and somatic diseases. Second, high comorbidity rates should not necessarily be 
avoided in future disease classifications. Our findings show that comorbidity is to some extent 
inherent to how symptoms are distributed in the population. It would therefore be artificial 
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to purge our classification system from all comorbidity, by imposing that disorders form a 
collection of mutually exclusive or hierarchical sets of symptom profiles. Such a restriction might 
well stand in the way of developing a classification that optimizes on research goals or clinical 
use. Also a redefinition of psychiatric disorders in terms of specific causes [2] will probably not 
rule out high rates of comorbidity [30]. As is frequently the case in medicine, there are many 
causal associations that are relevant to several disorders, also when these are defined in terms of 
causes (e.g., between human immunodeficiency virus and tuberculosis) [31]. 

Future studies could expand these analyses in order to be informative for the design of 
classification systems. In the foregoing we focused on symptom profiles only, without studying 
their associations with other clinically relevant criteria. For instance, we might ask which 
symptom profiles are most predictive for a certain treatment reaction or a severe course of 
illness? This could inform clinicians dealing with heterogeneous classes of patients, and it could 
eventually be useful for revisions of the DSM (at least as long as symptoms are the most important 
part of classifications of psychiatric disorders). A natural criterion for diagnostic systems is their 
ability to identify groups of patients that are similar in causal background, course of illness, and 
treatment reaction [32]. So the challenge would be to find definitions of disorders that capture a 
relatively homogeneous group of patients concerning these clinically relevant aspects. Whether 
or not alterations in the definitions will then lead to higher rates of comorbidity can justifiably 
be discarded as a secondary issue. Another direction in which we might improve the analyses 
exploits longitudinal studies. In the examples above we have used cross-sectional data. It would 
be interesting to investigate with prospective data how individuals move within the landscape 
of symptom profiles. For instance, we might ask which symptom profiles predict spontaneous 
recovery and which symptom profiles predict a move to a more severe combination of symptoms. 
Can we see general patterns, or are patterns highly individual? If certain symptoms combinations 
present specific risks, this might warrant the definition of a separate disorder or subtype.

Conclusions

Comorbidity patterns depend on both our classification scheme and on robust distributions of 
symptoms in the population, and cannot be traced back exclusively to either of these. Thus, rates 
of comorbidity are informative about psychiatric reality, and can be used to evaluate possible 
alterations in the definition of disorders in a systematic way. This insight invites further research 
into the formation of disease concepts that allow for reliable predictions and facilitate targeted 
therapeutic interventions.
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Supplemental Table 1. Distribution of and correlations among MDD and GAD symptoms

MDD symptoms GAD symptoms

% dep int wgt slp.m mot fat.m glt con.m sui anx nerv ten fat.g con.g irr

MDD symzptoms

dep 3.5 1

intz 3.7 0.87 1

wgt 5.0 0.49 0.51 1

slp.m 14.1 0.50 0.50 0.41 1

mot 6.7 0.66 0.65 0.52 0.57 1

fat.m 12.7 0.66 0.72 0.48 0.56 0.64 1

glt 2.4 0.77 0.75 0.50 0.48 0.63 0.66 1

con.m 6.3 0.70 0.71 0.49 0.52 0.68 0.70 0.75 1

sui 0.7 0.68 0.67 0.47 0.43 0.56 0.56 0.75 0.64 1

GAD symptoms

anx 5.0 0.69 0.65 0.42 0.46 0.59 0.58 0.70 0.71 0.60 1

nerv 12.6 0.64 0.61 0.40 0.45 0.67 0.56 0.66 0.66 0.55 0.76 1

ten 17.7 0.64 0.62 0.41 0.45 0.63 0.58 0.67 0.66 0.57 0.78 0.93 1

fat.g 19.8 0.57 0.63 0.43 0.48 0.58 0.84 0.60 0.65 0.51 0.67 0.72 0.75 1

con.g 10.4 0.59 0.61 0.42 0.44 0.60 0.62 0.64 0.82 0.53 0.74 0.76 0.76 0.78 1

irr 13.7 0.59 0.61 0.42 0.41 0.56 0.57 0.62 0.62 0.51 0.68 0.75 0.80 0.74 0.74 1

slp.g 17.2 0.48 0.47 0.37 0.91 0.55 0.55 0.50 0.53 0.43 0.57 0.62 0.64 0.64 0.61 0.60

 
Distribution of symptoms of major depressive disorder in the past two weeks and symptoms of generalized 
anxiety disorder in the past six months in a general population sample (column 2, n=74,092). Note that 
the common symptoms sleep problems, fatigue and concentration difficulties are more prevalent in GAD 
than MDD, which can be explained by the different criteria for GAD (often in six months) and MDD 
(almost daily in past 2 weeks). Columns 3 to 17 show the tetrachoric correlations among all MDD and 
GAD symptoms.

Abbreviations: dep, depressed mood; int, loss of interest; wgt, appetite/weight loss or appetite/weight gain; 
slp, sleep disturbance; mot, psychomotor disturbance; fat, fatigue; glt, feelings of guilt or worthlessness; con, 
concentration difficulties; sui, suicidal thoughts; anx, excessive, difficult to control, anxiety and worries; 
nerv, nervous; ten, feeling tense; irr, irritability. The additional “m” or “g” indicate that the symptom is 
measured as part of MDD (“m”) or GAD (“g”).
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Abstract

The frequent occurrence of comorbidity has brought about an extensive theoretical debate in psychiatry. 
Why are the rates of psychiatric comorbidity so high and what are its implications for the ontological and 
epistemological status of comorbid psychiatric diseases? Current explanations focus either on classification 
choices, or on causal ties between disorders. Based on empirical and philosophical arguments, we propose a 
conventionalist interpretation of psychiatric comorbidity instead. We argue that a conventionalist approach 
fits well with research and clinical practice and resolves two problems for psychiatric diseases: experimenter’s 
regress and arbitrariness. 
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Introduction

This paper investigates the nature of comorbidity among psychiatric diseases, and considers 
how this reflects on psychiatric disease classification. Psychiatric disorders as described in the 
Diagnostic and Statistical Manual of Mental Disorders (DSM) are a topic of continuing debate.1 
This debate reached a climax with the development of the fifth edition (DSM-5) [1], which 
provoked considerable controversy in the field of psychiatry, as well as in the broader community 
(e.g., [2-4]). The controversy touched on a wide range of issues: the transformation of normal 
emotional experiences to disorders, the pros and cons of defining disorders in dimensions 
instead of categories, the influence of the pharmaceutical industry on the development of new 
categories, and so on. Many of these issues are inextricably connected to a fundamental question 
about the status of current psychiatric disorders, to wit, how should we interpret categories in the 
DSM? What kind of structures are they? Do they refer to something real, or are they rather the 
product of our own categorizing efforts?

Comorbidity in psychiatry
We will approach these questions by an analysis of the phenomenon of comorbidity in psychiatry, 
i.e., the presence of two or more mental disorders in one individual. Comorbidity is an important 
concern for professionals and researchers. It occurs frequently in psychiatry: as many as 45% 
of patients satisfy the criteria for more than one disorder in the course of a year. Disorders that 
co-occur often are mood and anxiety disorders, such as major depressive disorder (MDD) and 
generalized anxiety disorder (GAD) [5]. In addition, comorbidity is associated with a more severe 
course of illness. Patients suffering from both MDD and GAD tend to have a poorer prognosis 
and a disproportionally higher functional disability when compared to patients suffering from 
only one disorder [6]. 

Comorbidity’s high prevalence and its influence on disease severity make it an important 
subject of study, certainly insofar as the aim of research is to improve the lot of psychiatric 
patients. In addition to this, comorbidity patterns have led to more theoretical debates on the 
nature of disease classification in psychiatry. The debate we will focus on concerns the artificiality 
or else reality of high rates of comorbidity. Some argue that comorbidity is an artefact of our 
current diagnostic system, caused by all types of classification choices [7-9]. Other researchers 
in psychiatry contend that psychiatric comorbidity is indicative of something genuine about the 
nature of psychiatric disease by pointing to commonalities in the causal background of different 
disorders (cf. [10-12]). The discussion of comorbidity is thus reminiscent of the main positions 
on the epistemological and ontological status of psychiatric disorders in general, which can be 
divided into a constructivist and realist camp.

The aim of this paper is to scrutinize the phenomenon of comorbidity in psychiatry, and 
thereby shed light on the nature of psychiatric disease classification. Do those categories reveal 
something real and robust about the psychiatric domain? Or are they rather the result of our own 
way of organizing the subject matter? Rather than opting for either of these extreme positions, 
we will argue for a conventionalist position, which escapes the opposition above: categories 
in the DSM offer a robust picture of the world of psychiatric disorders, yet they do so relative 
to a number of conventions. This way of viewing psychiatric disorders resolves two particular 

1  In what follows we will use the terms “mental disorder”, “psychiatric disease”, “mental illness” and 
permutations thereof interchangeably, as is custom in the literature.
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problems for the DSM regarding definitional circularity and arbitrariness. Moreover, we will 
argue that conventionalism might benefit psychiatric science by clarifying the definitional status 
of the DSM without discarding current empirical findings as artificial.

The paper is set up as follows. We start by reviewing the debate over psychiatric comorbidity, 
showing that this debate can be structured by grouping authors according to constructivist and 
realist sympathies. We then illustrate, by analysing comorbidity data from the Netherlands Mental 
Health Survey and Incidence Study (NEMESIS) [13], that both types of explanation are insufficient 
to account for the high rates of comorbidity in psychiatry. Using our empirical example, we will 
spell out conventionalism regarding mental illness as an alternative. We illustrate this position by 
referring back to a debate in the philosophy of science over the ontological and epistemological 
status of geometrical descriptions of physical space [14-16]. Furthermore we will discuss the 
definitional circularity and related problems for the DSM. The upshot of the paper is an improved 
understanding of comorbidity in psychiatry, and of psychiatric disease classification in general.

The DSM and comorbidity

The DSM is the most important classification system in psychiatry: it provides definitions for 
psychiatric disorders and is extensively used in clinical practice and research.2 The new edition 
(DSM-5) describes a few hundred psychiatric disorders varying from schizophrenia, depressive 
disorders and dementia to feeding and eating disorders [1]. Most psychiatric disorders are 
defined in terms of a set of symptoms, of which a certain number is necessary and sufficient. 

Comorbidity as dependent on classification choices
Specific definitional choices made in the DSM play a central role in the theoretical debate on 
comorbidity, as a broad range of these choices is thought to influence the rates of comorbidity. 
This leads some authors to claim that comorbidity rates are overstated, and perhaps entirely 
artificial [7, 8]. An often-mentioned example of those choices is the continuously increasing 
number of diseases in the DSM. The idea is that the proliferation of psychiatric categories 
increases comorbidity rates [7]. Secondly, comorbidity rates are thought to increase by lowering 
the necessary number of criteria to be satisfied for diagnoses, the so-called “threshold” [8]. In 
case of anorexia nervosa, the number of criteria for the diagnosis in the DSM-5 is reduced from 
four to three necessary symptoms, which invokes the idea that more individuals will suffer from 
anorexia nervosa, and thus increase comorbidity rates [1]. Third, the progressive reduction of 
exclusionary rules is assumed to increase rates of comorbidity [7, 9]. Some disease definitions 
contain exclusionary rules that exclude the diagnosis in case of the presence of certain criteria. 
For example, the diagnosis MDD is excluded if the symptoms for a mixed episode are met, or if 
the symptoms derive from substance abuse or another medical condition [1]. 

A fourth, and often discussed phenomenon is the presence of symptom overlap: some 
symptoms are part of the defining sets of more than one disorder, and are thus overlapping. For 
instance, the symptoms of sleep disturbance, difficulty in concentrating, and fatigue are part of 
the defining sets of both MDD and GAD in the DSM-5. Overlapping symptoms are thought to 
increase the co-occurrence of diseases with similar symptoms in their defining sets [18, 19]. A 

2   Similar conclusions hold for mental disorders described in the International Classification of Disease 
[17].
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last point of concern is the non-specificity of defining symptoms. Symptoms are non-specific 
for a disease if they also occur frequently in individuals without this particular disease. E.g., all 
patients suffering from depression are thought to suffer from feeling gloomy, sleeping badly, etc., 
but these symptoms also occur regularly in persons with other emotional disorders in which these 
symptoms are not included as defining criteria [18]. The addition of non-specific (‘accessory’) 
symptoms to define disorders is supposed to increase rates of comorbidity as well [8].

Comorbidity as dependent on causality
Instead of ascribing comorbidity to classification choices, other authors have emphasized the real 
character of psychiatric comorbidity, by referring to common causal structures (e.g. [10-12, 19]). 
They stress that if there is a common causal structure for two diseases, those two diseases will 
co-occur more often than expected by chance. Consequently, comorbidity is seen as a signal that 
current diagnoses do not track all the underlying causes, and hence as a guide for improving our 
classificatory system. In other words, the high rates of comorbidity in psychiatry are believed to 
indicate the causal connections between disorders as they are currently defined.

Recently, a debate has developed over the level at which these causal links between 
psychiatric disorders occur. In psychometrics, disorders are standardly approached as 
latent variable models. According to such models, correlations among the symptoms 
can be traced back to underlying constructs, i.e., variables that are latent and hence 
not directly observable. The comorbidity of two disorders can then be explained by 
a causal connection between the underlying constructs (Figure 1).3 For example, the 
latent disorder GAD might cause the latent disorder MDD, or vice versa, and such 
relations between disorders can be measured by the development of depressed mood, 
anhedonia, and so on. In this setup, the symptoms themselves are supposed to be 
causally unconnected.
 
Figure 1. Comorbidity under assumptions of latent variable modeling 

A model of comorbidity between disorders 1 and 2, under the standard assumptions of latent variable 
modeling. The circles represent the disorders (i.e., latent variables) and the rectangles represent the 
observable core symptoms of those disorders (i.e., X1-X5 for disorder 1, and Y1-Y5 for disorder 2). In 
this model, comorbidity is viewed as a correlation between the latent variables, visualized by the thick 
bidirectional edge between disorders 1 and 2. Figure reprinted from “Comorbidity: a network perspective” 
by Cramer et al. 2010 [21] with minor adjustments, with permission from Cambridge University Press.

3   It is not inherent to a latent variable approach that the latent variables function as entities and obtain a 
causal role, but often researchers do interpret the latent variables in this way [20].
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Alternatively, psychiatric disorders can be modelled as networks in which symptoms are directly 
causally connected (Figure 2) [21, 22]. In this understanding of psychiatric disorders, the level 
of latent variables is missing, and all the causal relations among disorders are realized in terms 
of those causal relations between symptoms. The presence of one symptom (say insomnia) 
might stimulate the development of a host of connected symptoms (e.g. fatigue, concentration 
difficulties and depressed mood). Because symptoms belonging to different diseases will maintain 
causal ties, one disease will trigger the manifestation of another and hence increase comorbidity 
rates. Summing up, according to both the traditional psychometric and the network models, 
comorbidity can be traced back to causal links between the disorders, although these links are 
localized on different levels. This supports the view that comorbidity reflects a real phenomenon 
in psychiatry.

Figure 2. Comorbidity under a network approach  

Disorder 1 consists of bidirectionally related symptoms X1-X5, and disorder 2 consists of symptoms Y1-
Y5. Symptoms B1 and B2 are bridge symptoms that overlap between disorders 1 and 2. In this model, 
comorbidity arises as a result of direct relations between the bridge symptoms of two disorders. Figure 
reprinted from “Comorbidity: a network perspective” by Cramer et al. 2010 [21] with minor adjustments, 
with permission from Cambridge University Press.

 
Arbitrariness and circularity
In short, we can interpret comorbidity in two different ways: either the comorbidity rates are 
determined by classification choices in the DSM and therefore artificially high, or they result from 
causal relations between psychiatric disorders.4 We could ask: should we interpret comorbidity 
as real, or rather as the result of our constructions? To what extent are these two views, which 
we might somewhat tentatively call realist and constructivist, right in explaining comorbidity? 
Prima facie the latter might seem the more attractive option. It seems undeniable that at least 
some comorbidity is the result of classification choices. Further arguments in favour of this 
constructivist reading of comorbidity derive from two closely connected problems for the DSM, 

4   Both positions in the debate agree that causal disease models are preferable to non-causal disease 
models [23]. The disagreement is in the signal that comorbidity is supposed to give: either it suggests 
that our current disorders are fuzzy symptom sets without any relation to causal structures and need to 
be replaced by completely new definitions, or it suggests that there are causal links between our current 
disorders, and therefore the current diagnoses should be integrated in a more general causal structure.
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to do with the idea that current diagnoses are arbitrary and do not cut nature at its joints, and 
with the definitional circularity that besets theory and measurement device. We briefly discuss 
these problems here.

First, consider the possible arbitrariness of the symptom sets as definitions for psychiatric 
disorders. Oftentimes, psychiatric disorders cannot be associated with distinct sets of symptoms. 
If we depict the empirical distribution of patients in an abstract space of symptom combinations, 
groups that suffer from MDD and GAD form a continuous whole. In other words, when it comes 
to the empirical facts about patient groups and the symptoms that they present, there is no clear 
‘zone of rarity’ that separates them. The question is whether it is sensible at all to speak of two 
separate disorders instead of one depression-anxiety disorder (cf. [24]). Absent zones of rarity 
are specifically problematic for advocates of causal disease models, as fuzzy disease boundaries 
seem to be at odds with the idea that diseases are identifiable bearers of causal relations among 
disorders [23, 25].

A related point concerns the apparent twofold function of the DSM. First, the structure of the 
DSM can be interpreted as a representation of the structure of psychiatric disorders, and hence 
as a theory about what psychiatric disorders are [22]. But the same structure is also used as a 
measurement device intended to provide epistemic access to psychiatric disorders. So definition 
and measurement of psychiatric disorders coincide exactly. The result of this double function is a 
circularity in the definition of the theoretical terms used in the DSM, because the DSM is telling 
us simultaneously what it is that we are measuring, and how we should go about measuring it. 
Now in most empirical sciences, theory and device show a certain independence of one another, 
so that this circle can be broken. This is unfortunately not the case for the DSM, and this leads to 
a definitional circularity.5

The status of the DSM
All in all, a causal reading of comorbidity might look somewhat unattractive. But despite these 
conceptual problems many psychiatrists have the firm conviction that disorders are not arbitrary, 
and that they can play a causal role. As we indicated, the two positions regarding comorbidity are 
related to what may be called the ontological status of psychiatric disease categories. The basic 
opposition is the one between constructivists and realists, and in this opposition psychiatrists 
often lean towards the realist side.6 Despite the problems that beset realism about psychiatric 
disorders, we should not give up realist aspirations too soon.

In what follows we will in the first place clarify the notion of comorbidity further, and argue 
that both positions – i.e. comorbidity as fact or artefact – are insufficient in their explanation 
of the phenomenon of comorbidity. Instead, comorbidity is the result of the interplay between 
both classification choices and population characteristics. We will illustrate this in Section 3 by 
showing various simple disease models including their potential capacity for comorbidity, after 
which we will analyse the actual comorbidity by using data from the Netherlands Mental Health 
Survey and Incidence Study. In Section 4, we will then put this view in a broader philosophical 
perspective, and apply it to psychiatric disease classifications more broadly.

5   The problem is similar to the experimenter´s regress, which we find more broadly in science (cf. [26]). 
As will be argued further down, we think that the regress is particularly pressing here.

6   This is a rather coarse description of the positions one might take towards psychiatric disease 
classification. In section 4 we will be more specific on the philosophical views against which our own 
views are offset.
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Comorbidity is the result of classification choices  
and population characteristics

To get a grip on psychiatric comorbidity, two elements are important: (i) how diseases are defined 
in terms of symptoms and (ii) how frequently combinations of symptoms occur in a population.7 
In this section, we will introduce a diagrammatic representation in which both are visualized. The 
diagrams reveal that comorbidity is the result of the interplay between specifics of a population 
and the way diseases are modelled. This establishes an empirical argument against univocal 
explanations of comorbidity: we cannot explain comorbidity solely by reference to classification 
choices, and neither can we fully explain it by viewing the diseases as entities and by pointing to 
relations between them. The empirical study rather provides an argument for the adoption of a 
conventionalist view.

Diagrammatic representation
In the diagrams, symptoms are used as defining criteria for psychiatric diseases so as to 
mimic disease definitions in the DSM. Each symptom can be either absent or present. Every 
symptom combination consists of the total number of discerned symptoms, with every symptom 
indicated as absent or present. If n symptoms are defined, the total number of possible symptom 
combinations is 2n. One extreme of all combinations is 0 of n symptoms present; the other extreme 
is all symptoms present. The rest of the 2n symptom combinations consist of all combinations 
of one or more and less than n symptoms present. In our example the number of discerned 
symptoms is limited to four in total, denoted by A, B, C, D.8

Diseases are defined in terms of the discerned symptoms. Different disease models are 
constructed in the diagrams of Figure 3, illustrating some characteristics of disorders in the DSM. 
Figure 3a shows two monothetic diseases (D1 and D2), each consisting of two criteria (D1: A B; D2: 
C D). These diseases are monothetic since every symptom is necessary and the set is sufficient for 
the diagnosis to be present. Four symptom combinations satisfy D1 (A,B,¬C,¬D; A,B,C,¬D; 
A,B,C,¬D; A,B,C,D) and four symptom combinations satisfy D2 (¬A,¬B,C,D; ¬A,B,C,D; A,¬B,C,D; 
A,B,C,D). In case of the presence of A, B, C and D, there is comorbidity of D1 and D2 (*). 

Figures 3b, 3c, and 3d show different variants of the basic model with several features occurring 
in the DSM: a polythetic model (Figure 3b), a model with an exclusionary rule (Figure 3c), and 
models with an overlapping symptom (Figure 3d). A polythetic disease exists of a set of criteria, of 
which patients have to satisfy at least a certain number, but no criterion of this set is necessary and 
sufficient. Exclusionary rules exclude the diagnosis in case of the presence of certain criteria. The 
number of symptom combinations satisfying both diseases is obviously dependent on definition 
choices. An increasing number of these potential comorbid symptom combinations substantiates 
the claim that adjustments of disease definitions result in higher comorbidity rates, and thus 
supports the idea that comorbidity is artificial. However, this is not necessarily true. To get a 
complete picture of how the rates of comorbidity depend on classification choices, the distribution 
of symptoms in the population must be taken into account. After all, if no individuals have the 
additional comorbid symptom combinations, rates of comorbidity will not change at all. 

7   For reasons of simplicity, we assume independence of these two elements in the sense that a change in 
the disease definition will not lead to a change in the symptom distribution in a population, although 
we acknowledge that such a change might influence a distribution of symptoms [27]. The independence 
is not required for our argument. 

8  The diagrams are known as Karnaugh maps [28].
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Figure 3. Different disease models and their potential for comorbidity 

 
D1  solid line; D2 dashed line; *potential comorbid symptom combinations. Figure 3a: Two monothetic 
disease models (D1: A B; D2: C D). Figure 3b: D1 as a polythetic model (D1: A B; D2: C D). Figure 3c: D2 
includes exclusionary rules (D1: A B; D2: ¬A ¬B C D). Figure 3d: D1 and D2 include an overlapping 
symptom (D1: A B; D2; A C).

 
NEMESIS study
To illustrate the influence of population characteristics on rates of comorbidity, we have used data 
from the Netherlands Mental Health Survey and Incidence Study (NEMESIS). In NEMESIS, a 
representative sample was drawn from the general Dutch population in the ages between 18 and 
64 (n=7147). This sample was interviewed with a Dutch version of the Composite International 
Diagnostic Interview (CIDI). The CIDI is a structured psychiatric interview covering a very 
broad range of psychiatric complaints. Ultimately, this led to a dataset of 7076 individuals. Bijl et 
al. provided a detailed description of the objectives and design of NEMESIS [13]. From this data 
set, we selected eight symptoms for two analyses.

Analysis 1
For the first analysis we studied the presence of symptoms of anxiety (ANX, i.e. feeling anxious, 
nervous or worrisome); depressed mood (DEP, i.e. feeling depressed, gloomy, or in the dumps); 
insomnia (INS); and concentration difficulties (CONC), for the majority of the time during a 

 Figure 3a Figure 3b

 Figure 3c Figure 3d
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period of at least 2 weeks (or at least 4 weeks in case of anxiety) during the subject’s lifetime. 
These symptoms are part of MDD and GAD, which are diseases co-occurring very frequently 
[29]. With those symptoms we aimed to find an example in which all symptom combinations 
occur regularly and as a result, adjustments of disease models indeed changes comorbidity rates. 
In the NEMESIS study, we determined the frequencies of each unique symptom combination in 
7072 individuals (n=7072, missing data in case of 4 individuals). All 16 possible combinations 
occurred regularly (min. 94, max. 2390). A number of 2390 (33.8%) individuals did not suffer 
from any symptom during their lives, which was the most frequent finding. Notably, in case 
of symptoms being present, the most frequent symptom combination identified was all 
symptoms present (n=1084, 15.3%). Least frequent was the combination of sleep problems and 
concentration problems, without depressed mood and without anxiety (1.3%). 

Two simple monothetic disorders (D1 and D2) are constructed in Figure 4a. D1 is defined as 
the combination of depressed mood and insomnia (D1: DEP INS); D2 consists of the monothetic 
set anxiety and concentration difficulties (D2: ANX CONC). In total, 1923 patients satisfied D1; 
1675 patients satisfied D2. Of those patients, 1084 patients satisfied D1 and D2 and thus suffered 
from comorbidity. In Figure 4b, D2 is adjusted in a polythetic disorder (D2’): anxiety is still a 
required symptom but in addition a patient may suffer from concentration difficulties or sleep 
problems or both (D2’: ANX (CONC INS)). Therefore, two extra combinations of symptoms 
also satisfied this diagnosis (ANX, INS and ANX, INS, DEP), of which the latter implies 
comorbidity of D1 and D2. As a consequence, more individuals satisfied D2, and more individuals 
suffered from both disorders D1 and D2. Among the individuals satisfying a disorder, the 
percentage of comorbid patients increased from 43% to 54%. 

Figure 4. Combinations of anxiety, concentration difficulties, depressed mood,  and insomnia 
in NEMESIS

 Figure 4a Figure 4b

Histograms with responses on “Have you ever suffered from…?” ANX: anxiety, worrisome period of at least 
one month; DEP: depressed mood for at least 2 weeks; INS: insomnia for at least 2 weeks; CONC: 
concentration problems for at least 2 weeks. Two simple monothetic disorders (D1 and D2) are constructed 
in Figure 4a. D1 is defined as the combination of depressed mood and insomnia (D1: DEP INS); D2 consists 
of the monothetic set anxiety and concentration difficulties (D2: ANX CONC). In Figure 4b, D2 is adjusted 
in a polythetic disorder (D2’): anxiety is still a required symptom but in addition a patient may suffer from 
concentration difficulties or sleep problems or both (D2’: ANX (CONC INS)). * marks comorbidity with 
rates of 43.1% in Figure 4a to 53.9% in 4b. 
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Analysis 2
For the second analysis, we selected symptoms of which we expected that certain symptom 
combinations were very unlikely to occur frequently. These symptoms were lifetime obsessions 
(OBS, i.e. persistent thoughts or urges that are experienced as intrusive and unwanted), 
compulsions (COMP, i.e. repetitive and unwanted behaviors such as checking locks of doors 
or washing hands), manic mood (MAN, i.e. a period of two days of feeling extremely cheerful 
leading to problems, worries among relatives or diagnosis of mania) and drug use (DR, i.e. use of 
a specific drug more than five times).

Based on clinical experience we expected especially combinations between obsessions 
or compulsions and drug use to be very rare. An analysis of the frequencies of all symptom 
combinations indeed led to very different results compared to analysis 1. Of the 7076 individuals 
(no missing data), a great majority of individuals did not report any of the four symptoms during 
lifetime (83.2%). The remaining 1187 individuals reported at least one symptom. The most 
frequent symptom combination was drugs use as an isolated symptom (9.7%).9 Furthermore, of 
the 16 possible symptom combinations, 6 were very rare, i.e. occurring in less than 0.5% of the 
individuals with at least one symptom during lifetime. This is different from analysis 1, in which 
no combinations were found less frequently than 94 times (i.e. in 2.0% of the 4682 individuals 
with at least 1 symptom). 

As in analysis 1, two simple monothetic disorders (D1 and D2) are drawn in Figure 5a. D1 is 
defined as the combination of obsessions and compulsions (D1: OBS COMP); D2 consists of the 
set manic mood and drugs use (D2: MAN DR). In total, 36 patients satisfied D1; 41 patients had 
D2. Of those patients, 5 patients satisfied D1 and D2 and thus suffer from comorbidity. In Figure 
5b, D1 is redefined as the combination of compulsions and obsessions and/or drugs (D1’: COMP

(OBS DR)). This leads to an extra symptom combination being potentially comorbid, viz. the 
combination of COMP, MAN, DR. Yet, as this symptom combination does not occur in the 
sample, the number of comorbidity remains equally low (n=5). Thus, in this case, comorbidity 
did not increase with a change of diagnosis; the proportion of patients suffering from comorbidity 
even decreased.

9   The combination of drug use and obsessions was more prevalent than the combination of obsessions 
and compulsions, which might be due to the relatively high lifetime prevalence of drug use as opposed 
to the low lifetime prevalence of compulsions. 
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Figure 5. Combinations of obsessions, compulsions, manic mood and drug use in NEMESIS

 Figure 5a Figure 5b

 
Histograms with responses on “Have you ever suffered from…?” Answers: OBS: obsessions; COMP: 
compulsions; MAN: manic mood for at least 2 days; DR: drug use. Two monothetic disorders (D1 and D2) 
are drawn in Figure 5a. D1 is defined as the combination of obsessions and compulsions (D1: OBS COMP); 
D2 consists of the set manic mood and drugs use (D2: MAN DR). In Figure 5b, D1 is redefined as the 
combination of compulsions and obsessions and/or drugs (D1’: COMP (OBS DR)). * marks comorbidity 
with rates of 6.9% in Figure 5a to 6.5% in 5b.10 

Conclusions of the analyses
With simple hypothetical diagnoses we have illustrated that rates of comorbidity depend on the 
interplay between disease definitions and symptom distributions in populations. Changes in 
disease definitions sometimes led to changes in comorbidity rates, sometimes not, dependent 
on the prevalence of specific symptom patterns in the population. Neither of those elements in 
isolation is sufficient to explain rates of comorbidity. Therefore, rates of comorbidity cannot be 
labeled as either resulting from classification choices, and hence artificial, or from real relations 
among the diseases, and hence a fact. They are not just an artefact since the rates do depend on a 
real symptom distribution in a population. On the other hand we cannot say that comorbidity is a 
fact independently of our choices, since the rates also depend on choices in disease classification 
and how this classification captures part of the population.

Of course our examples feature strongly simplified versions of actual psychiatric disorders, 
which are defined in far more intricate and reasoned ways [10, 30]. Moreover, in actual disorders 
the symptoms do not behave like the neutral and atomic units that appear in the illustrations. First, 
the symptoms may have been chosen with the aim of manifesting high correlations. If we are in 
search of a particular psychiatric disorder, we may be tempted to choose defining symptoms that are 
often observed together (as a clinical syndrome) and that are therefore highly correlated. Similarly, 
and sometimes rather confusingly, symptoms are often definitionally related. For example, muscle 
tension is only a symptom of GAD if the subject already suffers from anxiety and if the latter 
symptom is not present, the muscle tension is not included as symptom. And finally, different 
questionnaires will target subtly different sets of symptoms, owing to slight variations in how 

10   The column representing the n=5889 individuals without symptoms has been omitted to improve the 
visibility of the individuals suffering from one or more symptoms. 
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questions are grouped and formulated [31]. For all these reasons, it is not clear that the distribution 
of symptoms in the population is a crude empirical fact that does not rely on theoretical choices.

We nevertheless believe that the insights from these simple examples apply generally. They 
hold also for more complex and reasoned definitions of psychiatric disorders, and for both latent 
variable and network models. Moreover, they can be maintained against the background of data 
sets that are themselves infused with theoretical choices regarding the selection, definition, and 
operationalization of symptoms. As long as those data rest on empirical input, the resulting 
measurements in psychiatry will depend simultaneously on the theoretically motivated choices 
and on the constraints that that empirical input places.

These analyses are a first and rather modest start in explaining the phenomenon of comorbidity. 
Moreover, it seems to suggest a position in between two extreme views on comorbidity, which we 
associated with constructivism and realism. However, “in between” is a rather vague indication, 
and it leaves the problems of circularity and arbitrariness unanswered. In what follows we will go 
into these problems, and elaborate the “in between” position more precisely.

Conventionalism about disorders

Above we argued that comorbidity in psychiatric diagnoses cannot be traced back exclusively 
to the specifics of the categorization system, nor to the reality of the disorders. Psychiatric 
comorbidity is a co-production of classification choices and empirical constraints: we determine 
the set of relevant symptoms and the clustering criteria, but relative to that, the empirical facts, 
in particular the rates of comorbidity, are manifest. In what follows we clarify that this particular 
view on comorbidity exemplifies a more general idea on the relation between scientific theory 
and empirical fact, which has a long history in the philosophy of science: conventionalism [14, 
15]. We will make the idea of conventionalism more precise by first discussing the problems of 
the circularity and arbitrariness of disease classification, as mentioned earlier. Conventionalism 
puts these problems in a different light.

Definitional circularity and arbitrariness
Broadly speaking, psychiatric disease classifications perform a double function. On the 
one hand, the DSM can be viewed as a theory about the psychiatric realm, meaning that the 
classification serves to represent the subject matter of psychiatry. But it also serves as a tool for 
diagnosing psychiatric disorders, that is, as a device used for measurement and not as a structure 
used for representation. In what follows we will make precise how the double function becomes 
problematic, and indicate how a conventionalist position resolves the issues.

Notice that the broad strokes opposition between a realist and constructivist perspective on 
disease classifications works out differently for the two functions just outlined. Consider the DSM 
as a theory about the psychiatric realm. The opposition concerning the status of the DSM then 
runs parallel to the opposition between realist and constructivist leanings in ontology: a realist 
would say that terms from the DSM are then taken to refer to an independent reality of mental 
disorders, and the DSM might describe these disorders more or less truthfully; a constructivist 
would say that terms from the DSM are projected onto the phenomena of psychiatry, and so 
provide structure to these phenomena [32]. 

Now consider the DSM as a tool for diagnosing psychiatric disorders. The same opposition 
between realist and constructivist ideas then obtains a more epistemological reading, and runs 
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parallel to a well-known opposition from the philosophy of experiment (cf. [16]): either the DSM 
facilitates a representation of psychiatric phenomena, i.e., providing passive epistemic access to 
the phenomena, or it is better seen as involved in the production of psychiatric phenomena, 
i.e., actively creating the phenomena. Clearly these oppositions concern the same underlying 
tension, which arguably permeates the whole of science: should we trace scientific knowledge 
back to an independent reality, or is it rather the result of our own epistemic doing?11

An argument that is used to resolve this tension in favour of the realist camp in some 
domains is what is sometimes called bootstrap confirmation (e.g. [34]). A theory is more likely 
to describe an independent structure if it is supported by results from a measurement device 
that relies on entirely different theory. In turn, a measurement device is more likely to provide 
a neutral representation of a phenomenon if it also works to confirm theories that pertain to 
entirely different phenomena. Take for example an MRI scanner, which is developed by means of 
physics but can be used to support theories in neuroscience. It is unlikely that systematic errors 
in how the scanner works are such that they become misleading for the neuroscientists. And 
even if we run this risk, we can check for systematic errors, or calibrate the scanner, by relying 
on physics.12 The problem for the DSM is that measurement device and theory coincide exactly.  

This is the exact point where the definitional circularity referred to earlier becomes a 
seemingly vicious one, and where the so-called experimenter’s regress becomes a pressing issue 
(cf. [35]). The regress is that we define what we observe by reference to the correct method of 
observing it, but we also define the correct method by reference to what we are supposed to 
observe. For example, we might say that temperature is that which is measured by a thermometer, 
and then add that a thermometer is any device that measures temperature. Something similar 
seems to occur for mental disorders: we say that MDD can be measured by checking for a set of 
nine symptoms (thus, the nine symptoms serve as a measurement tool), but then we motivate the 
use of those symptoms for identifying MDD by reference to MDD as a pre-given mental disorder 
(thus, the nine symptoms serve as a theoretical structure).

The usual resolution of this is to find different methods of observing the same phenomenon, 
i.e., triangulation, or else to find different phenomena to apply the same method of observation 
to, i.e., calibration. Both lead to an independent check of the measurement procedure at stake. 
However, in the case of mental illness, we cannot calibrate the use of a tool for one theory by 
relating it to another one, and neither can we triangulate the theory by finding two different 
tools that provide independent support. Instead of that, we are left with a theoretical structure 
that doubles as its sole measurement device. It seems inevitable that this device provides us with 
measurement outcomes that fit the theoretical structure. So we are led to the conclusion that 
the whole schema, consisting of both theory and tool, is of our own doing, i.e., an arbitrary 
construction that is imposed on reality rather than a structure uncovered in it.

11   We realize that the philosophy of psychiatry provides a more nuanced picture of the tension between 
realism and constructivism (see, e.g., [33]). But for the purposes here – clarifying a particular 
intermediate perspective on classification – it is not necessary to spell out this tension in detail.

12   Following a remark by Duhem (1906), psychiatry is not the only scientific discipline unable to test 
theories by means of bootstrap confirmation or triangulation: “the experimental testing of a theory does 
not have the same logical simplicity in physics as in physiology”. In physiology, theories are tested by 
means of laboratory instruments that are based on theories of physics, but in physics, “it is impossible 
to leave outside the laboratory door the theory we wish to test” (cited in Chang 2004, p.221) [35].
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Resolution: coordinative principles
Conventionalism offers an escape from this circularity, and thereby presents an alternative to 
the conclusion that disease classifications are merely constructions imposed on the phenomena. 
Admittedly, we cannot avoid a number of conventions regarding disorders and their structure. 
We cannot gain access to the structure of mental disorders other than by means of diagnostic 
tools or measurement devices that provide some structure themselves. For example, we use a 
set of nine symptoms as an indication of the disorder ‘depression’. But we have no other way of 
determining whether or not someone suffers from depression than by finding out if they have 
at least five out of those nine symptoms. Effectively, we stipulate that those nine symptoms are 
constitutive of depression.

Our point is that such stipulations, or, more appropriately, coordinative principles, improve 
our grip on the subject matter of psychiatry. Coordinative principles are bridge principles that 
coordinate concepts (e.g., depression) to empirical reality (members of the population with a 
certain symptom profile); in short, they fix the empirical content of concepts. The principles 
are necessary conditions to start organizing the empirical facts by means of the concepts, and 
thus serve as a basis for gaining knowledge about psychiatric disorders [15]. The definition of 
the disorders occasions the expression of associations that would otherwise be very hard, if not 
impossible, to pin down. Once we stipulate certain concepts, like MDD and GAD, specific patterns 
will become apparent in the measurement results. And these patterns do convey something 
genuine and informative about the world of psychiatric phenomena. In terms of our example, it 
so happens that MDD shows strong correlations with GAD. While the association of MDD and 
GAD may be partly due to stipulations, there is evidently some empirical fact of the matter to 
which this association can be traced back. After all, the opposite could also have been found: that 
MDD and GAD were negatively correlated, or not correlated at all. Thus, measurement results 
that are couched in terms of the DSM reveal something genuine about psychiatric disorders.

With this in mind, let us return to the – possibly vicious – circularity in the study of mental 
disorders. We do not have an independent way of verifying that a subject indeed suffers from 
MDD, so as to anchor or substantiate the conventional choices that define depression. But we 
need not do so. We can employ the convention that particular symptoms constitute depression as 
a basis for gaining empirical knowledge. The fact that depression is constituted by nine symptoms 
is not itself a substantive claim about the world of psychiatric phenomena, which it could be if we 
had some way of resolving the circularity, e.g., some other epistemic access to depression than 
through those symptoms. The point is that this convention, or coordinative principle, occasions 
substantive claims about mental disorders, some of which could otherwise not be made. For 
example, we can claim that antipsychotics in combination with antidepressants are more effective 
than monotherapy with antipsychotics or antidepressants in treating psychotic depression [36], 
because we have laid down a useful convention about what constitutes depression.

These substantive claims provide a way out of the vicious circularity and arbitrariness of 
mental disorders. Obviously, some definitions of mental disorders will be more successful in 
occasioning those substantive claims than others. Because of this, the coordinative principles 
are more than eliminable shorthands for more complicated relations that obtain among the 
symptoms. Some principles chime better than others with the empirical patterns on which they 
rest. Similarly, some principles track the causal structure of psychiatric phenomena better than 
others. In other words, a conventionalist interpretation of psychiatric disorders does not amount 
to an “anything goes” attitude: not any random collection of symptoms constitutes a useful 
disease classification. Because of the variation in more and less successful substantive claims that 
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may follow coordinative principles, we escape the conclusion that the whole edifice of psychiatric 
diagnosis is self-congratulatory and subjective. Though the coordinative principles cannot be 
true or false – they are mere conventions – something can be objectively right about them.13

Conventionalism
We now explain the foregoing perspective on disorders by falling back on long-standing ideas 
about conventionalism and coordinative principles in the philosophy of science. Examples are 
abundant: the nature of temperature vis-à-vis the status of the thermometer, the nature of color 
as a physical phenomenon and as expressed by a color space, and the nature of physical space 
in relation to the status of our mathematical models of it [16, 35]. It is illuminating to relate the 
foregoing to this broader debate.

Let us briefly focus on conventionalism about space and time in physics. Following 
the received view on conventionalism [15], there is no objective fact as to what constitutes a 
straight line in physical space. A straight line is a mathematical notion, whereas physical space 
is presumably “out there”, as a coordinate system for objects or perhaps even as a substance. It is 
not given in advance how the mathematical notions are supposed to be applied to physical space. 
This is rather something that needs to be stipulated, or laid down in conventions or coordinative 
principles. However, once we have associated the trajectory followed by a freely falling test particle 
with the mathematical concept of a geodetic curve, various other claims about geodetic curves 
become substantive, and in fact highly informative. For instance, owing to conventions we can 
claim that light follows such geodetic curves and so is deflected in a gravitational field. Notably, 
this is achieved without calibrating the trajectory of the freely falling body or triangulating the 
geometry in which the geodesics are described. Neither of these two even makes sense because 
geodesic and trajectory are associated by convention. The conventions themselves do not amount 
to claims that may be true or false. Nevertheless, the convention occasions substantive claims 
about the geometry of physical space, which can be true or false. Moreover, some systems of 
conventions are clearly more economic or successful than others.

Our suggestion is that psychiatric disease classifications are conventions in much the same 
way. Notice the specific meaning that is attached to the notion of convention here. They help to 
coordinate a theoretical structure with an empirical one, and they vary in how successful they are 
at that. So the term “convention” should certainly not give the impression that “anything goes”. 
Moreover, in the case of psychiatric classifications as well as in the case of physical geometry, 
we need to take care in interpreting claims that are here called substantive and which, in the 
vocabulary employed earlier in this article, express something real, genuine or robust about 
the subject matter. These terms are not intended to signal that all the notions employed have 
their referent in some realist world picture. No such position in the spectrum between scientific 
realism and empiricism is implied by the substantiveness of the claims. What is meant is that 
substantive claims eventually find their basis in something other than the conventions, be it 
some empirical patterns or a principle or mechanism underlying those patterns. So, picking up 
our example about claims concerning the comorbidity of MDD and GAD as revealing something 
genuine about these psychiatric disorders, what is meant is that their comorbidity cannot be 

13   We might say that a classification system is thereby triangulated, or calibrated: once a classification 
choice allows us to relate a diverse set of psychiatric and somatic phenomena, we might say that this 
choice has itself been confirmed. However, we think that it is not appropriate to view classification 
choices as substantial claims that can be confirmed, supported, or falsified by empirical fact. 
Conventions have quality criteria, but they should not be viewed as truth conditions.
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traced back in its entirety to conventions adopted to delineate these disorders. Their comorbidity 
points to something genuine, be it strictly on the level of empirical fact, or on the level of causal 
relations.

Our proposal to view psychiatric disease classifications as conventions is by no means intended 
as a fully-fledged theory of what disease classifications are, or as a rival to extant accounts of the 
ontological and epistemological status of mental disorders (see e.g., [33]). We do not opt for any 
specific realist, anti-realist, or constructivist viewpoint by proposing conventionalism.  Moreover, 
in this paper we say little about the way in which conventions are chosen and evaluated by users 
of a theory. We believe that pragmatic considerations, which direct our choices for scientific 
theories and models [37], could be central to the choice of conventions too, but we do not argue 
for this in this paper. Here we merely propose and illustrate a particular view on comorbidity, and 
its reflection on psychiatric disease classification more generally. An account of how this might 
transform the debate over the status of disease classifications is beyond the scope of this paper.

On the other hand, our proposal counters extreme positions in the spectrum of realism 
and constructivism. A theorist with strong constructivist sympathies might frown upon the 
suggestion that there is anything “genuine” without the support of construction work. And 
working psychiatrists in turn might frown upon philosophers who debate the reality of disorders 
that they are confronted with on a daily basis, and which exert such real causal power over people. 
We invite both sides to approach the issues in a relaxed mood. Independently of the ontological 
status eventually given to mental disorders, we argue that their structure can only be captured 
after laying down conventions. Those conventions are located somewhere outside the force field 
between constructivism and realism.14

Conclusion

So how should we interpret psychiatric comorbidity and what does it illustrate about psychiatric 
disorders? While some emphasize the constructivist character of this phenomenon, pointing to 
classification choices in the DSM, others stress the reality of comorbidity, pointing to underlying 
causal mechanisms. We showed by empirical and conceptual arguments that both positions are 
insufficient to account for comorbidity. We then argued for a conventionalist approach: rates of 
comorbidity depend on the interplay between classification choices and empirical reality, and 
classifications in psychiatry are best seen as coordinative principles. Importantly, this does not 
take away the fact that those classifications may occasion an objective, informative and non-
arbitrary description of psychiatric reality.

As we argued, the debate on comorbidity echoes realist and constructivist intuitions about 
psychiatric disorders in general. But broadly speaking, both positions ignore important aspects 
of psychiatric disorders. On the one hand, a realist view commits us to the actual existence of the 
entities and structure of psychiatric disorders, and thus neglects the relativity of measurement 
results based on DSM classifications. The realist idea that current disorders refer to the real 
structure in the world might thus lead to hasty reification, and enhance the search for causal 
mechanisms and treatments for extant disorders, without taking into consideration the adequacy 

14   A very similar middle position has been developed in Kuipers (2000) under the name of “constructive 
realism” [38]. Our ideas have been inspired by Kuipers’ position that reality is best understood as a co-
production of subject and object, which itself may be likened to a relativized or dynamic Kantian view [39].
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of the classifications themselves. On the other hand, a constructivist position entails that the DSM 
categories “make” psychiatric diseases, which leads to sharp attacks on the idea that psychiatric 
disorders are real. Thus, constructivists pass over the fact that robust syndromes have occurred in 
the psychiatric domain long before the introduction of the DSM, as for instance depression [40].

We submit that a conventionalist position fits better with psychiatric reality, as it acknowledges 
the relativity of DSM classifications while at the same time recognizing the objectivity and wealth 
of knowledge based on those classifications. It can easily deal with the fact that different versions 
of the DSM lead to different measurement results without discarding the mind-independent 
character of those measurements. Furthermore, conventionalism is suited to handle the 
problems of the circularity and arbitrariness of symptom sets. The fact that coordinative 
definitions precede the acquisition of empirical knowledge does not lift all demands from those 
definitions. Coordinative definitions themselves are subject to all kinds of constraints, often of a 
pragmatic nature, e.g., coherence and usefulness. By way of comparison, the development of the 
thermometer shows that there were once clear reasons to alter the definition and measurement of 
temperature, despite the close connection between theory and measurement device [35]. 

In a similar vein, there are criteria that escape the circularity and arbitrariness of current 
psychiatric diagnoses. Diagnoses could, for instance, be assessed in terms of their success in 
coinciding with a causal background and increasing understanding, in predicting course and 
outcome, and in guiding treatment decisions. Another direction worthwhile in the evaluation of 
psychiatric diagnoses is taking a closer look at symptom distributions in a population and how 
they are caught by disease models, for instance by elaborating the simple analyses we performed 
in Section 3. Mapping the symptom distributions in a population might provide insight to what 
extent DSM-models catch discrete disorders in terms of symptoms or whether they are not 
separated by “zones of rarity”. We take this point as a valuable contribution to the philosophical 
and methodological debate over psychiatric disorders. Our position embraces the conventional 
aspect of the DSM and utilizes this to improve its applications, without robbing the DSM of its 
mind-independent content. 

We realize that the evaluation of psychiatric disease models is incredibly complex. First, 
many criteria are important in evaluating their usefulness, of which the description of a discrete 
set of symptoms is only one. Other criteria such as the possibility to interfere, or tracking causal 
mechanisms, or reliability in diagnosing patients are important concerns and do not necessarily 
improve with diseases as discrete set of symptoms. Second, what is the case for one DSM-
diagnosis does not necessarily apply to all DSM-diagnoses. On the contrary, ADHD, e.g., may 
function very differently on many criteria mentioned above than bipolar disorder does. A third 
factor complicating the evaluation of psychiatric disease models is the major impact of the DSM 
on society, politics and pharmaceutical industry. All these factors together make the evaluation 
of psychiatric disease models a challenging enterprise.

So, what are the benefits of all this? There is and has been a lot of debate on the interpretation 
of comorbidity and on the conceptualization of psychiatric diseases more generally. Central 
in this debate has been the question: what kind of things are psychiatric disorders? With our 
conceptual clarification we have aimed to propose a perspective that gives disease definitions a 
different status, and so frees up research into alternative classifications. We hope future research 
will aim at investigating the strengths and weaknesses of each specific disease model, and thus 
move psychiatry forward.
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Preface

This thesis started with the challenge of the heterogeneity of major depressive disorder (MDD): 
patients with MDD differ considerably in terms of clinical presentation, course of illness, and 
etiology, which complicates ‘one size fits all’ solutions in research and treatment assignments. 
Clinical subtypes of depression have not resolved this problem, and this motivated our search 
for data-driven subtypes of MDD as an alternative, i.e., subtypes informed by similarity patterns 
in data. The aim of this thesis was to explore the possibility of such empirical subtypes, and to 
formulate starting-points to identify them (as opposed to finding them, that aim would have 
been overoptimistic). We investigated empirical, methodological and theoretical issues relevant 
to the search of data-driven subtypes of depression, by focusing on three questions: what sort 
of categories are we looking for, what methods are suited to identify them and what do the data 
show us? 

In this discussion, we will put our findings in perspective and discuss their significance and 
implications for clinical practice, policy decisions and future research. We start by summarizing our 
main findings (section 1). Then, based on these main findings, we will answer the three questions 
described above and formulate starting-points for future research to data-driven subtypes of 
MDD (section 2). Subsequently, we describe the strengths and limitations of our contribution to 
the literature (section 3). Finally, we indicate the implications of our findings for clinical practice 
and policy decisions (section 4) and end with some concluding remarks (section 5).  

Summary main findings

Part 1: Methodological and empirical findings
The first part of this thesis (chapters 2-6) focused on the empirical and methodological aspects in 
search of data-driven subtypes of depression. 

No conclusive evidence for subtypes with distinctive depressive symptoms based on 
unsupervised statistical learning methods
In the first study we assessed the available evidence for data-driven subtypes of depression based 
on depressive symptoms with a systematic review of the literature (chapter 2). Relatively few 
studies have investigated data-driven subtypes of depression, and all have applied unsupervised 
statistical learning methods such as latent class analyses and exploratory factor analyses 
(i.e., 20 studies including 34 analyses). These studies did not provide conclusive evidence for 
subtypes of depression with qualitatively different depressive symptoms because results diverged 
considerably. The most consistent finding was a clustering of patients with different degrees of 
overall symptom severity. We considered two explanations for this inconsistency: either clear 
symptomatic subtypes of depression do not exist, or such subtypes exist but different methods 
are needed to discover them. This latter explanation motivated the strategy in our second study.

Supervised statistical learning methods can be applied to search for subtypes predicting 
long-term course of illness
In the second study we applied supervised statistical learning techniques to find symptomatic 
subtypes that directly predict long-term course (chapter 3). The study was innovative as it aimed 
to relate MDD-subtypes directly to multiple clinically relevant course characteristics such as 
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persistence (years in episode and years in episode most of the year) and severity (disability and 
hospitalization). Instead of clustering patients based on similar symptom patterns (chapter 2), we 
clustered patients based on similar course patterns and thereby increased the predictive power 
of the resulting subtype distinctions. To achieve this, a new combination of statistical learning 
techniques (recursive partitioning, lasso regression analyses and k-means cluster analyses) was 
used in a large general population sample of patients with lifetime MDD from the World Mental 
Health Survey (WMH). The main result of this study was a proof of concept: we could identify 
subgroups of MDD-patients with a different course of illness pattern predicted by a selection of 
psychiatric symptoms during the index depressive episode. Analyses showed three preliminary 
clusters of patients with a severe, moderate and mild course of illness, mainly differentiated by 
a combination of anxiety, suicidality and a young age of onset during the index episode (area 
under curves (AUCs) ranging from 0.61-0.64 for persistence; 0.70-0.72 for severity; training 
data). Results were preliminary, since retrospective data were used and a limited set of predictors 
was investigated. 

Subtypes predict long-term course more accurately using comorbidity in addition to 
psychiatric symptoms as predictors
To refine the identified subtype distinctions, a follow-up study was performed with an 
augmented set of predictors including information on lifetime psychiatric comorbidity in the 
same sample of the WMH Survey (chapter 4). Information on comorbidity indeed resulted in 
subtype distinctions that were more accurate in distinguishing between patients with a more and 
less severe course of illness (AUCs ranging from 0.62-0.68 for persistence; 0.70-0.73 for severity; 
training data). Especially a pre-adult onset of one or more anxiety disorders predicted a severe 
and persistent course of illness. 

Long-term course is a multifactorial phenomenon
The fourth study expanded the set of baseline predictors further to improve prediction models 
for recurrence of MDD in prospective data from a general population sample of female twins 
with last-year MDD (VATSPSUD data, chapter 5). A wide variety of risk factors predicted 
recurrence of MDD: specific depressive and anxiety symptoms during the index episode, the 
level of internalizing symptoms at the moment of interview, psychiatric and family history, 
personality, early and recent adverse life events, marital status, and problems with friends and 
finances (AUC estimated in the range of 0.61-0.79; test/training data).

Interactions improved understanding and prediction of mortality after myocardial 
infarction
The fifth study concerned a systematic investigation of interactions of risk factors on prediction 
of mortality after myocardial infarction in individual patient data meta-analysis (chapter 5). This 
different patient category enabled us to study the effect of interactions of risk factors on well-
established prediction models, which are presently lacking for MDD. Interactions showed to 
be relevant to improve understanding and prediction of mortality after myocardial infarction: 
certain risk factors were relevant only in the presence of other risk factors. For instance, 
depression increased the risk of mortality in men, but not in women. Interactions accounted for 
these subgroup differences, and therefore, those interactions could be of relevance for prediction 
models applied to heterogeneous populations such as patients with MDD.
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Part 2: Theoretical findings
High rates of comorbidity have raised extensive debate in psychiatry. How should we interpret 
the high rates of comorbidity? Do comorbidity patterns indicate something about the nature 
of classification of psychiatric disorders in the DSM? And if so, what? In the second part of 
this thesis, we tried to answer these questions by studying the debate on comorbidity and its 
implications regarding the nature of psychiatric disease classification.

Preference for causal disease models underlies a part of comorbidity debate
First, we focused on the discussion whether comorbidity is a problem or a validator for 
classifications in psychiatry (chapter 7). We found that the two different views on comorbidity 
leaned on similar assumptions about causality, namely that: i) the high rates of comorbidity 
indicate that current psychiatric disorders do not correspond with underlying causes and that 
ii) this is unfortunate because a classification based on causes is preferred to a classification 
not based on causes, as causal disease models benefit disease understanding and treatment. 
We nuanced these assumptions by showing that i) high rates of comorbidity also occur in case 
of causal disease models, and that ii) generally, diseases are defined in a variety of ways and 
causality is not a necessary condition for a useful classification. A clarification of this debate 
showed that the limited predictive value of current psychiatric diagnoses is regarded as more 
problematic than comorbidity patterns.

Rates of comorbidity depend on classification choices and symptom distributions
Second, we investigated rates of comorbidity between MDD and generalized anxiety disorder 
(GAD) in a large general population sample, in order to clarify the origins of comorbidity: is 
comorbidity a real phenomenon existing independent of our categorization attempts or is it 
an artificial by-product of classification choices in the DSM instead? Psychiatric disorders are 
subject to all sorts of classification choices that possibly influence rates of comorbidity, leading 
some to conclude that comorbidity is an artificial phenomenon. For instance, MDD is defined 
in terms of a certain number of necessary symptoms (≥5 of 9 symptoms). The intuition is that a 
lower ‘threshold’ (e.g., ≥4 of 9 symptoms) results in more patients with MDD and consequently 
to more comorbidity between MDD and GAD. Data from more than 74,000 subjects from 
the LifeLines cohort showed that this is not always true: comorbidity rates increased for lower 
thresholds of MDD, but remained relatively stable for lower thresholds of GAD, owing to specific 
symptom patterns in the general population (chapter 8). This study illustrated that rates of 
comorbidity depend on the interplay between classification choices and symptom distributions 
in the population.

Psychiatric disorders are coordinative definitions serving as bases for empirical 
knowledge
In chapter 9, we elaborated on this latter point – that measurements in psychiatry are the result 
of both chosen definitions and reality – and its consequences for the interpretation of psychiatric 
disorders. By relating the debate on psychiatric comorbidity to other debates in the philosophy 
of science, we found that definitions of psychiatric disorders are comparable to so-called 
coordinative definitions. Coordinative definitions are bridge principles that coordinate concepts 
(e.g., depression) to empirical reality (members of the population with a certain symptom 
profile). They are necessary conditions to organize empirical facts, and thus serve as bases for 
measurement and empirical knowledge about psychiatric disorders. Measurement results are 
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indeed relative to these definitions, yet informative about reality. It means also that definitions 
like psychiatric disorders are not true or false (they are not empirical facts), but that they can be 
more or less successful in increasing knowledge about psychiatric diseases, for instance about 
etiology, treatment, or course of illness.

Main findings in perspective

The aim of this thesis was to provide starting-points relevant for the search of data-driven 
subtypes of MDD, by focusing on three questions: what sort of categories are we looking for, what 
methods can we use to identify them and what clues do we get from the data? In this section we 
will try to answer these three overarching questions by combining the main findings, and thereby 
indicate some starting-points for future research.  

What structures are we looking for?  

Subtypes of depression are definitions and no empirical facts
In chapter 9, we compared psychiatric classifications to coordinative definitions, which serve 
as bases to organize empirical facts and gain knowledge about psychiatry. Subtypes of MDD 
function in the same way: they are definitions that classify patients with major depressive 
disorder into subgroups, and provide some organization preceding empirical measurement. It 
follows that subtypes of MDD are not purely empirical facts and thus cannot be simply proved 
or falsified based on empirical evidence. Psychiatric disease classifications are ways to carve up 
the world, but no facts themselves. Classification systems may have truth conditions, but this is 
not the case for current classifications of psychiatric disorders. There are many different ways 
to classify psychiatric disorders, and not one is ‘true’. By way of comparison, biologists have 
different definitions to classify animals in species. Species can be 1) populations of individuals 
that can interbreed; 2) populations of individuals with common ancestors; or 3) populations 
of individuals that share phenotypic characteristics [1]. These are competing ways to classify 
animals into species, and can all serve as bases for increasing knowledge about different types 
of animals. Similarly, we can classify diseases according to different sorts of principles, such as 
infectious causes (tuberculosis, human immunodeficiency virus), genetic causes (Huntington, 
Down’s syndrome), physiological characteristics (diabetes mellitus, hypertension), and 
symptoms (migraine, tension headache) (chapter 7). Or, we can classify depressive patients 
according to symptoms, time-of-onset, etiology, or treatment-response [2]. We cannot simply 
look into the data to determine which of these classifications is true or false: classifications are 
not fully determined by the observations alone. If subtypes of MDD are no empirical facts, but 
ways to carve up the world, in what sense can they be data-driven? This has to do with the fact 
that subtypes can be more and less successful bases for knowledge, which we will discuss next.  

Successful subtypes increase grip on psychiatric disorders
Some definitions can outperform others as bases for clinical knowledge. For instance, in 
medicine, we aim to understand, treat or prevent disease processes. Disease definitions such 
as subtypes should group patients that share important characteristics as a base for this type of 
generalizations (cf. [3, 4]). This aim drives not only the search for data-driven subtypes of MDD, 
but many of the other current developments in psychiatric disease classifications, including 
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clinical staging [5-7], individualized diagnosis based on momentary assessment methods [8], 
and the Research Domain Criteria [9]. Although classification approaches are different – either 
applying a staging model on existing DSM-classifications [5-7], or applying individualized 
diagnoses in addition to DSM-classifications [8], or replacing DSM-classifications with new 
categories based on neurobiological disturbances [9] – all are meant to provide classifications 
that improve understanding, prevention and treatment of psychiatric disorders.

Certain classifications might be more successful than others as bases for disease treatment, 
prevention and understanding. For instance, subtypes of patients with a similar course of illness 
(chapter 3, 4), similar etiology (chapter 7) or similar treatment reaction could all be more useful 
than subtypes that only share a certain set of symptoms. Such subtypes can guide decisions 
about long-term treatment and monitoring, or improve understanding of underlying disease 
mechanisms and possibilities to interfere. In other words, if we search for subtypes of MDD, we 
aim to find groups of MDD-patients who share important characteristics in order to maximize 
understanding, prevention and treatment opportunities. Given that subtypes can be chosen in 
many ways, but all have the aim of improving grip on psychiatric disorders, empirical studies do 
have a role. Data can be used in two ways: 1) to track down subgroups of patients with important 
similarities and 2) to compare the performance of these subgroups with alternative subtype 
distinctions. 

Data-driven subtypes, step I: discover classes with important similarities
Statistical learning techniques might increase the chance of identifying subgroups of patients 
with relevant similarities, such as similar course of illness patterns. As mentioned in the 
introduction, statistical methods can be used to discern similarity patterns in data of MDD-
patients that were not known beforehand, which could underpin data-driven subtypes of MDD. 
Thus, different, unexpected patterns and trends might emerge from the data and provide insight 
in relevant subgroups, which were unidentified by human pattern recognition [10, 11]. Because 
statistical learning techniques can combine and evaluate larger amounts of patient characteristics 
than human brains, they increase the chance of finding subgroups with many similarities. These 
data-driven subtypes might be good starting-points to increase our knowledge about psychiatry 
and to discover other similarities apart from the definitional characteristics. Note, however, that 
there is no a priori reason to assume that data-driven subtypes are useful, or that clinician-based 
subtypes are not. Some patterns that emerge from the data are not stable or not informative 
(chapter 2). The success of data-driven subtypes depends on all sorts of theoretical choices and 
data characteristics: what types of variables and statistical methods do we use, which study 
population, which validators? Therefore, the second step in search of data-driven subtypes 
includes empirical tests of the actual performance of suggested subtype distinctions.

Data-driven subtypes, step II: test performance of proposed subtypes
Subtypes of MDD are ways to group patients with depression to improve the grip on this disease, 
and can be chosen more or less successfully with respect to that aim. Some subtype proposals 
might have more predictive power than others, with regard to etiology, course of illness or 
treatment. Empirical studies are needed to compare how well alternative subtype distinctions 
perform, either data-driven or clinician based. For instance, how does the specifier melancholic 
depression improve treatment or prognosis (DSM)? Does it contribute to clinical decision 
making in patients with MDD? Would an adjusted version based on data-driven methods (e.g.,  
[12]) define a group of patients more predictive for treatment reaction or prognosis? If so, there 
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are good reasons to prefer the latter distinction to the first. The latter classification has so-called 
“comparative validity”: it outperforms competitors with respect to rationally articulated standards 
of validity [13]. Finally, if we have identified the ‘best’ subtype classification among different 
options, we should consider whether its implementation would increase clinical decision making 
enough to outbalance possible drawbacks, such as more complex classification systems. In sum, 
prior to introducing data-driven subtypes of MDD, a sound empirical evaluation is needed to 
map the classification’s benefits and drawbacks, and compare these to alternative classifications. 

These theoretical conclusions have consequences for the methods used to search for subtypes 
of depression: some statistical methods are better suited to search for classes with important 
similarities and to test and compare their predictive value. We will discuss our methodological 
findings below. 

What methods can be used to identify data-driven subtypes of MDD?

Supervised learning methods likely outperform unsupervised learning methods
As described in the introduction, there are two types of statistical learning methods: supervised 
and unsupervised. Supervised learning methods such as logistic regression aim to predict an 
outcome variable (e.g., hospitalization for MDD) based on a set of predictors (e.g. depressive 
symptoms). Unsupervised learning methods such as latent class analysis aim to describe the 
association or organization among a set of input measures (e.g., depressive symptoms), but there 
is no outcome variable [14]. In a systematic review of the literature we showed that, up to now, 
studies only used unsupervised learning methods in search for data-driven subtypes of MDD 
(chapter 2). Unfortunately, these studies did not provide conclusive evidence for symptomatic 
subtypes of depression because results diverged considerably. Therefore, we applied supervised 
learning methods as a novel strategy in search of MDD subtypes (chapters 3-5). Our results show 
that supervised learning methods can be used in search of subtypes. Moreover, we suggest that 
these might be more efficient in guaranteeing clinical value than unsupervised methods. 

Given that categories are useful if they have predictive value (chapters 7-9) [4], the utility 
of subtypes based on unsupervised methods is a priori uncertain. Unsupervised methods 
ideally result in subgroups of patients with maximal internal consistency: clusters of patients 
that resemble each other and are considerably different from other subgroups based on certain 
initial characteristics. For example, imagine a subgroup of depressed patients with melancholic 
symptoms such as severe loss of interest, weight loss, and insomnia, versus a subgroup with 
atypical symptoms such as mood reactivity, weight gain and hypersomnia [15]. Classes of patients 
with similar characteristics at a given moment do not necessarily predict a specific course of 
illness or a similar etiological background. A certain symptomatic state at a given moment 
can be caused by multiple factors (multiple causes), and can also have multiple consequences 
(multiple courses). This is demonstrated by current clinical MDD-subtypes: patients with 
DSM-melancholic depression might share a specific symptom pattern, but the outcome of this 
symptomatic state is diverse. Some patients with melancholic depression will have only a single 
episode over time whereas others develop multiple episodes or chronic depression, and rates are 
similar to patients with atypical or other types of depression [16]. Of course, the assumption is 
that subgroups sharing certain characteristics at a given moment will be associated with a certain 
course of illness or etiology [12], but we can only test this afterwards. Even when stable symptom 
profiles can be discerned, the predictive value regarding course of illness or treatment reaction 
is not guaranteed.
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The advantage of using supervised methods instead of unsupervised methods in search of MDD 
subtypes is that eventual subtypes are directly associated with one or more selected outcome 
variables. With supervised learning methods, we directly involve a clinically relevant outcome as 
the “learning” variable. This procedure guarantees that, if we are successful in finding accurate 
prediction models, subgroups based on these models for certain have predictive value. For 
instance, the subgroups we found in chapters 3 and 4 with supervised learning methods, based 
on lifetime comorbidity and symptoms of the index episode, have different risk profiles for a 
persistent and severe course of illness (Figure 1). The rationale of using supervised learning 
methods is thus to discern subgroups that are maximally predicting a certain clinically relevant 
outcome. Supervised learning methods might outperform unsupervised learning methods 
because models are driven by clinically relevant outcomes.
 
Figure 1. Identified clusters of MDD-patients  

Association of identified risk clusters with course of illness after 10-12 years in the US National Comorbidity 
Survey (NCS; Kessler, Van Loo et al., forthcoming) [17]. The prediction models identified in chapters 
3 and 4 were used to assign cluster scores to 1,056 subjects with lifetime MDD that participated in the 
NCS. This independent dataset made it possible to accurately test the predictive performance of the risk 
clusters identified in the World Mental Health Survey (WMH). Prospective associations between initial 
cluster scores (1990-1992) and subsequent persistence and severity of course of MDD (2001-2003) were 
examined and are presented above. The outcomes measured at follow-up concern percentages of years with 
MD episodes (persist.), the with MD episodes lasting most of the year (chronic.), hospitalization (hospital.) 
and suicide attempts since baseline (suic.), and current disability (disabl.), in the NCS data. Area under the 
curves (AUCs) for the three cluster classification varied between 0.60-0.69 for the outcomes indicating years 
with (chronic) episodes, and 0.70-0.73 for outcomes indicating severity (hospitalization, suicide attempts, 
and disability). These estimates of prediction accuracy were comparable to the estimates in the training data 
from the WMH Survey (AUCs 0.62-0.68 and 0.70-0.71, respectively) [18].
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Model selection and model assessment
If our aim is to find data-driven subtype distinctions (chapters 3,4) or algorithms (chapter 5) 
that predict some relevant outcome for MDD-patients, this has consequences for selection and 
assessment of statistical models informing these subtype distinctions. In this case, the problem of 
finding the right subtypes coincides with the problem of finding the right model. Model selection 
refers to the selection of the best of a batch of statistical models, and model assessment refers 
to estimating the actual performance and generalizability of the model [11]. Those two steps 
boil down to the following questions related to the search of subtypes: which statistical model 
predicts best in clinical practice (model selection)? How accurate does this model predict exactly 
(model assessment)? 

Model selection: prediction as selection criterion
Prediction depends on the complexity of the statistical model: the model should not be too 
simple, neither too complex (Figure 2) [11]. Both situations will lead to prediction error: a too 
simple model does not pick up all the regularities in the data (i.e. high bias, underfitting) (left side, 
Figure 2), whereas a too complex model follows the data too closely and picks up random noise 
on top of regularities in the data (i.e. high variance) (right side, Figure 2). Think of all possible 
penalized regression models out of 80 predictors such as in chapter 5: a too simple model with 
only an intercept or few predictors will not predict well, but a too complex model including all 80 
predictors in the model will follow the training data too closely. The latter phenomenon is called 
overfitting: the model fits very well to the training data, but performs poorly in a new dataset. 
Thus, we cannot simply rely on fit statistics in the training data: it might give the impression that 
more complex models perform better, which is not necessarily true. 

Given our interest in subtypes with predictive power, we used prediction accuracy as main 
model selection criterion in this thesis. We involved many potential predictors and interactions 
and selected the right degree of model complexity by using penalized regression methods, such 
as lasso and elastic net regression, in combination with 10-fold cross-validation, to select the 
model with optimal prediction performance (chapters 3-6). We are unaware of any studies using 
this approach in research on MDD, but similar model selection strategies have for instance been 
successfully applied to predict alcohol misuse in adolescents [19].

Model assessment: test performance in new data
After model selection, the actual performance of the model in clinical practice should be 
estimated. How sensitive and specific is the model? How many false negatives and false positives 
are to be expected? Does the model improve on current tools for clinical decision-making or 
not? To estimate this, independent test samples are needed – new data sets that are not used 
for model fitting and selection – to get a reliable estimate of its performance. Independent 
test data are necessary to account for overfitting: in that case, the training data will give a too 
optimistic estimate of model accuracy (Figure 2). Although this way of model assessment is far 
from standard practice in psychiatry, several new studies have applied it successfully for models 
predicting MDD in the general population [20], alcohol misuse in adolescents [19], and suicide 
risk in emergency departments [21]. 

Also all prediction models found in this thesis have been tested in independent test samples. 
In two studies, we indeed found higher estimates of prediction accuracy in the training data 
then in the test data, despite we used techniques to prevent overfitting (penalized regression and 
cross-validation, chapters 5, 6). This was not the case for the prediction models identified in the 
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WMH Survey (chapters 3, 4). A recent follow-up study (not included in this thesis) tested the 
three-cluster solution in an independent sample of 1,056 adults with a lifetime diagnosis of MDD 
in the National Comorbidity Survey (NCS; Kessler, van Loo et al., forthcoming) [17]. The three 
risk clusters predicted course of illness after 10-12 years equally accurately in this new dataset and 
in the original training data, which indicated little overfitting. Differences between area under the 
curves (AUCs) for outcomes tested in WMH and NCS were minimal (on average 0.01). Some of the 
results of the three-cluster subtyping scheme in the NCS are shown in Figure 1. 

Figure 2. Prediction error in training and test data as a function of model complexity

Behavior of test sample and training sample prediction error with increasing model complexity (in 
degrees of freedom, df) [11]. The light blue curves show training error, while the light red curves show the 
conditional test error for 100 training sets of size 50 (n=50) each, as the model complexity is increased. The 
solid curves show the expected test error and the expected training error. Both bias and variance influence 
prediction accuracy. Bias refers to approximating a real-life problem with a simplified prediction model. A 
model with high bias approximates the reality with a too simple model and does not pick up all regularities 
in the data, and therefore results in prediction error (it underfits the data). Variance refers to the amount 
to which a model would change if other data were used. A model with high variance means that the model 
would change considerably when a different dataset would be used to fit it: the model follows the training 
data too closely and picks up random noise in addition to regularities, and therefore results in prediction 
error in new data (it overfits the data). Figure reprinted from The Elements of Statistical Learning by Hastie 
et al. [11], with permission from the authors.
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What do the data show?

No clear subtypes based on depressive symptoms
First, we did not find evidence for subtypes of depression with qualitatively different depressive 
symptoms. We focused on correlations among 12 disaggregated symptoms of depression 
representing DSM-criterion A (chapter 2). Our aim was to investigate if there was any evidence 
for clusters of depressive patients with distinctive depressive symptom profiles, such as atypical 
(mood reactivity, hypersomnia, appetite gain) and melancholic profiles (loss of interest, 
insomnia, appetite loss) [15]. The reviewed studies did not show clear symptomatic subtypes: 
most latent class analyses identified patient classes based on overall severity instead of distinctive 
symptom patterns, and exploratory factor analyses resulted in inconsistent factors. Interestingly, 
the same inconsistency was also observed in schizophrenia, suggesting that the finding is not 
unique for MDD. A systematic review of factor analytic studies of the Brief Psychiatric Rating 
Scale in patients with schizophrenia found that none of the 18 reported factor structures fitted 
well in new data [22].

Second, we did not find evidence that certain combinations of depressive symptoms had 
a more than additive effect on the risk of a persistent and severe course of illness (chapter 3). 
We focused on interactions between a broad range of symptoms during the depressive episode 
(i.e. symptoms of depression, anxiety, mixed episode), and investigated whether these were 
related to specific course of illness patterns (chapter 3). Although some symptoms predicted 
a more chronic and persistent course of illness, we did not find symptom combinations that 
synergistically increased risk, except for combinations of age of onset, suicidality and anxiety. In 
other words, we did not find specific combinations of symptoms strongly predicting course of 
illness patterns. 

We can think of two main explanations. On the one hand, it could be that clusters of MDD 
patients with distinctive symptom profiles exist, but we have not applied the right methods to 
discern them. For instance, it could be that richer and prospective datasets, more advanced 
statistical techniques such as factor mixture models [10, 22], and accounting for the development 
of symptoms over time [18, 23, 24] are needed to uncover symptom-based subtypes of MDD. In 
addition, we related symptom patterns to persistence and severity of course of illness, but not to 
other clinically relevant outcomes. It could be that distinctive symptom profiles do predict other 
outcomes such as reaction to antidepressants, psychotherapy or suicide attempts. However, it 
could also be that substantially large clusters of MDD patients with distinctive profiles have not 
been identified because they simply do not exist. It could be that depression symptoms are highly 
correlated and more unidimensional than expected: maybe there is not so much symptomatic 
variation after all. This explanation fits well with studies reporting good fit indices for a single 
factor underlying depressive symptoms [25, 26]. It is also in accordance with recent network 
studies illustrating that depressive symptoms are highly correlated with each other, and the onset 
of one symptom triggers the onset of other depression symptoms, as a sort of ‘positive manifold’ 
[27-29]. 

Anxiety, age of onset and family history are hints for a subtype with severe course of illness
Although we did not find evidence for clusters of MDD-patients with distinctive depressive 
symptoms, we found certain patient characteristics that predicted a more severe and persistent 
course of illness (chapters 3-5). Three patient characteristics predicted a more severe course 
of illness in both general population samples we studied in this thesis, i.e. the WMH Survey 
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(chapters 3-4), and the female twins of the Virginia Adult Twin Study of Psychiatric and 
Substance Use Disorders (VATSPSUD) (chapter 5). 

First, anxiety symptoms and comorbid anxiety disorders predicted a more persistent and 
recurrent course of illness, also when we adjusted for severity measures such as the number 
of symptoms. Patients at risk for a severe course of illness reported more anxiety symptoms 
during their depressive episode, such as panic, irritability, and feeling anxious, nervous, or tense. 
A broad range of anxiety disorders – generalized anxiety disorder, phobias, panic disorder, post-
traumatic stress disorder and obsessive-compulsive disorder – predicted a more severe and 
persistent course of illness in the WMH-sample, especially when these disorders started before 
the age of 19. The same was true for the VATSPSUD sample: early anxiety (generalized anxiety 
disorder, panic or phobia before the age of 18 years) predicted faster recurrence of a depressive 
episode. Our findings on anxiety in these two general population samples agree with studies on 
anxious depression in clinical samples [30, 31]. 

Second, a pre-adult-onset of depression was related to unfavorable course of illness in 
both samples. A first episode before the age of 16 years increased the risk of rapid recurrence 
of depression in the VATSPSUD sample, and an episode before the age of 19 was associated 
with more persistence and severity in the WMH-sample. Interaction effects in the WMH-sample 
showed that a juvenile age of onset was mainly unfavorable if subjects also suffered from anxiety 
and suicidal thoughts during their depressive episodes. Our results are conform findings in other 
general population and clinical outpatient samples. In these studies, young age of onset increased 
risk of recurrence, more lifetime episodes and suicide attempts [32-34].

 Third, both the WMH and the VATSPSUD sample showed that a family history of depression 
or anxiety increased the risk for a more severe course of illness. The WMH-study indicated the 
risk of a history of depression in one or both parents, and the VATSPSUD-study showed the risk 
of a history of generalized anxiety disorder in the co-twin. Several other studies have also found 
that a family history of depression increased the risk of a more persistent course of depression 
[35, 36], although effects were not always significant [33, 37]. 

Course of depression is multifactorial and prediction is complex
Next to these three specific predictors, we found indications that course of depression is a 
multifactorial phenomenon. In the VATSPSUD sample we studied a rich number of baseline 
predictors, and multiple of these were related to a faster recurrence of MD, including depressive 
and anxiety symptoms during the index episode, the level of internalizing symptoms at the time 
of interview, psychiatric and family history, personality, early and recent adverse life events, 
marital status and problems with friends and finances (chapter 5). This multifactorial finding is 
in accordance with studies concerning the onset of MD [38, 39], although no previous studies 
have provided such a multifactorial account of the course of MD [37]. If the course of depression 
is a multifactorial phenomenon indeed, this would imply that prediction algorithms, and data-
driven MDD-subtypes, most likely will improve by employing broad ranges of information to 
identify them (as opposed to using only symptoms or traumas).

Finally, we found indications that prediction of the course of MDD is a challenging 
enterprise, even when using a very rich set of baseline predictors and advanced statistical 
techniques to identify accurate prediction models. The best models predicting course of illness 
after a depressive episode were less accurate than the best model predicting mortality after 
myocardial infarction. Estimated AUCs of the models predicting course of depression varied 
from 0.61 for recurrence to 0.71 for hospitalization, as opposed to an AUC of 0.77 for the model 
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predicting mortality after myocardial infarction (based on independent test samples from 
VATSPSUD, NCS, and MINDMAPS, respectively; chapters 5, 6 and [17]). Part of this difference 
in estimated accuracy could be due to data and methodological limitations: prediction models 
for depression might improve if we study rich sets of predictors, including biological variables, in 
bigger training samples, or use more flexible statistical methods [11]. Also different theoretical 
starting-points, such as analyzing within-subject patterns instead of between-subject patterns, 
might be worthwhile strategies to improve prediction of course [8, 40].

Then, part of the difference in estimated accuracy could be due to a larger amount of 
irreducible error – unmeasured variables or unmeasurable variation [14] – connected to 
the course of MDD. Course of illness after a depressive episode might be a more complex 
phenomenon than course of illness after myocardial infarction, due to its multifactorial nature 
involving many time-dependent, and highly individual risk factors (chapter 5). That is, important 
predictors involved in depression are not fixed (such as sex), but might change over time (such 
as financial situation, life events, problems with relatives) (chapter 5) [41]. Some risk factors 
might be difficult to assess because they are highly individual, such as traumas and life events 
[42]. These factors might challenge the identification of accurate prediction models concerning 
long-term course of depression, but to what extent remains to be seen.

Starting-points for future studies 
In sum, this thesis provides theoretical, methodological and empirical starting-points for future 
studies in search of data-driven subtypes of MDD. First, as the primary aim of psychiatric disease 
classification is to improve understanding and treatment of psychiatric disorders, we suggest to 
connect subtypes directly to clinically relevant outcomes, such as course of illness or treatment 
reaction. Although subtypes can potentially be chosen in many ways, these clinical outcomes 
provide objective criteria that can guide the search for and assessment of subtypes that are 
relevant in terms of patient outcomes. Second, supervised learning methods can be employed 
to discover classes with important similarities, because models are directly predicting a relevant 
outcome, such as course of illness. Third, models that inform subtype distinctions should be 
tested in independent datasets in order to obtain reliable estimates of model performance. 
Fourth, future studies should involve rich sets of patient characteristics, including interactions, 
instead of symptoms only to identify subtypes of depression predicting course of MDD. Using 
data-driven methods, we found indications that course of MDD is a multifactorial phenomenon, 
involving not only symptoms, but also comorbidity, psychiatric and family history, early and 
recent life events, and social and economic situation. Interactions of risk factors can contribute 
to more accurate prediction models and highlight subgroup differences in heterogeneous 
populations of patients having similar diagnoses. Finally, given the multifactorial nature of 
MDD, multidisciplinary research will probably have more potential for scientific breakthroughs 
in discovering data-driven subtypes of MDD, by connecting clinical insights with psychological, 
environmental and biological factors involved in the origins and course of MDD [43]. 

This thesis has inspired us to plan future studies. A first extension would be to also analyze 
other types of predictors that possibly contribute to prediction, such as biological variables, which 
are available in the Netherlands Study of Anxiety and Depression [44, 45]. A second extension 
would be to include information on patterns in data over time instead of using one time point 
only to predict subsequent course of illness. Dynamical information, such as the data provided 
with momentary assessment methods, might improve the prediction of subsequent outcomes 
as these dynamical patterns seem to be related to course of illness [23, 24]. Advanced analytical 
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techniques have been developed to include longitudinal data patterns, also on group level [24]. 
The value of resulting subtype distinctions could then be compared to clinical staging models 
[7], of which one has recently been tested in the Netherlands Study of Anxiety and Depression 
[46]. Finally, we could apply the methods described above to clinical samples, in order to find 
a subtyping scheme that actually benefits decision-making in clinical practice. For this, we plan 
to use longitudinal data from psychiatric patients in the North of the Netherlands, who are 
intensively measured at the moment of intake in various mental health care institutions and will 
be followed up during the course of treatment. As these data will contain information on both 
treatment and course of illness in regular treatment settings, we could use both outcomes to 
inform subtype distinctions, instead of course of illness only. 

Strengths and limitations 

Limitations
This thesis attempted to formulate starting-points for the identification of data-driven subtypes 
of MDD, by answering three questions: what structures are we looking for, what methods can 
we use to identify these, and what patterns do the data show? We have answered part of these 
questions, but some issues are unresolved, which are the main limitations of this thesis.

Validating criteria
We argue that we should assess the performance of data-driven subtypes of MDD, and compare 
this to other possible subtype distinctions, but what are the best criteria to do this? Our results 
are limited as we do not provide an answer to this question. In this thesis, we focused on finding 
subtypes that predicted a certain course of illness, in order to assist clinicians in decisions 
involving long-term treatment and monitoring. In addition, we discussed two other potentially 
useful criteria: reaction to treatment and similar etiology (chapter 7). However, these criteria 
are only a few of a long list of so-called ‘validators’ – criteria that are supposed to lead to valid 
classifications (Box 1). 

Ideally, a subtype distinction would meet many criteria, and thus define a group of patients 
with similar symptoms, characteristics and dysfunctions, similar etiology, similar course of 
illness, similar reaction to treatment, resulting in distress and disability, etc. This, however, 
will not happen any time soon: it is very unlikely that disorders will measure up to all of these 
criteria [13]. A subtype based on similar etiology does not necessarily predict a similar reaction 
to treatment (e.g. perinatal depression) [2], and a subtype based on similar symptoms does not 
necessarily predict a similar course of illness (e.g., melancholic depression) [16]. To make it 
even more complex, the current classification system is used for many different purposes (e.g., 
research, clinical practice, insurance purposes), and different disciplines might have different 
criteria for validity. For instance, psychiatrists are in general more concerned with external 
and predictive validity (does the disorder predict course of illness, treatment reaction or family 
history?), whereas psychologists are interested in psychometric validity (e.g., is the disorder 
unidimensional?) [47]. Accordingly, a more extensive study of the relative importance of all 
validators for successful classifications in psychiatry could support the identification of subtypes 
that outperform others. What are the validators that contribute to better classifications for which 
purposes? 
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Box 1. Potential validators for psychiatric disorders  [13, 48-50]

- Shared genetic risk factors

- Shared environmental risk factors

- Shared neural substrates

- Shared temperamental antecedents

- Shared abnormalities of cognitive or emotional processing

- Symptom similarity

- Shared clinical features: race, sex, age at onset

- Shared course of illness

- Runs in families

- Results in distress

- Results in disability

- Manifestation of a dysfunction

- Clearly distinguished from normality

- Clearly different from other disorders

- Predicts treatment response

Data limitations
Our empirical findings are limited by sample size (VATSPSUD), the retrospective nature of the data 
(WMH), and the types of predictors and outcomes we investigated (WMH and VATSPSUD). First, 
the female samples of the VATSPSUD were relatively small (training data n=194, test data n=133), 
which might have limited the accuracy of the prediction model (chapter 5). The WMH-sample, 
on the other hand, was large (n=8,261) but retrospective so that we cannot exclude recall bias 
(chapters 3-4). Then, although our total set of baseline predictors was very rich in the VATSPSUD 
study, baseline predictors did not include (neuro)biological findings (structural brain, biomarkers, 
inflammation parameters) [51], which may also be relevant predictors. Also information on 
current treatments was lacking, which could have limited the results of our studies. Other missing 
predictors were information on prior treatment response [52] and work-load and stress [53]. 
Inclusion of these parameters possibly improves the prediction accuracy of our models.

Limited number of statistical learning methods
We used a limited number of supervised statistical learning methods, mainly penalized linear 
regression models in combination with classification and regression trees to search for similar 
subgroups of MDD-patients (chapters 3-6). Many other statistical learning methods are available 
and should be explored, such as random forests, support vector machines or regression splines, 
and compared to the methods used here [11, 14]. It could be that more complex and flexible 
models outperform restrictive methods in predicting course of depression, which is a complex 
phenomenon itself. The learning method should relate systematically to the specifics of the 
question and the data, but we do not know beforehand which method will work best [14].

The strength of the restrictive penalized regression methods used in this thesis is that 
prediction models are interpretable: the model is relatively simple (linear, with a limited 
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number of predictors), and one can get a grasp of how predictors are related to the outcome. 
More complex and flexible models might outperform restrictive methods in terms of prediction 
accuracy (especially when the phenomenon of interest is complex), but it would be very difficult 
to interpret such a model [14, 54]. 

Strengths
Notwithstanding these limitations, this thesis adds novel insights to the current literature on 
data-driven subtypes of depression. Combining insights from different disciplines – psychiatry, 
statistics and philosophy of science – has been helpful to develop a broader perspective on data-
driven subtypes of depression, clarifying what to search for, how to search for it, and resulted 
in starting-points for future research. First, we have provided a new account of psychiatric 
comorbidity and psychiatric disease classifications. This account clarifies what types of structures 
we are searching for, how data can be used to identify classifications, and the value of empirical 
findings based on these classifications. This position motivates investigation of new disease 
classifications, without a priori discarding current classifications. Second, we have been the first 
to use relevant outcome variables such as depression recurrence, chronicity, hospitalization and 
disability, as guiding principles in search for MDD-subtypes. Although previous studies have 
used clinically relevant variables as validators for data-driven subtypes of depression, subtype 
distinctions were primarily based on similar symptom patterns instead of on clinically relevant 
outcomes (chapter 2) [45]. Third, we showed that supervised learning methods can be applied to 
identify clinically relevant MDD-subtypes, in order to directly increase the predictive power of 
clusters of patients. Supervised methods might improve the efficiency of identifying clusters of 
patients predictive for clinically relevant outcomes. Fourth, the definition of subtypes in terms of 
broad sets of variables predicting clinically relevant outcomes could lead to a move from a pure 
symptom-based classification to a more pluralistic classification of psychiatric disorders, which 
is in accordance with the pluralistic nature of disease classifications in medicine in general. In 
the last two sections of this discussion we will discuss the implications of our findings for clinical 
practice, society (section 4) and end with some concluding remarks (section 5). 

Implications for clinical practice and policy decisions

Clinical practice: prediction of course of MDD
The data-driven search for subtypes of depression predicting recurrence, persistence, disability 
and hospitalization resulted in observations relevant for estimating course of depression in clinical 
practice. First, certain risk factors – anxiety symptoms and comorbidity, pre-adult-onset of MDD 
and anxiety disorders, and a family history of depression and anxiety – pointed towards a more 
persistent and severe course of illness. Besides these specific risk factors, we found indications for 
many other risk factors predicting a rapid recurrence of MDD: the (residual) level of symptoms, 
a psychiatric history with frequent and long-lasting depressive episodes, past and recent adverse 
life events, and social and financial problems. This finding supports the clinical assessment of 
all these different risk factors, and base risk estimation on a broad set of risk factors, instead of 
relying on only a few patient characteristics. 

Second, given that prediction of course of MDD over the course of several years is hard 
and dependent on many time-dependent variables, this would be an argument to update risk 
estimates over time, as opposed to base risk assessment on one assessment in time. There could 
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be several ways to monitor changes in time-dependent risk factors. Recovered patients and 
their relatives could be instructed to contact their general practitioner or psychiatrist in case of 
adverse life events, other types of serious stress (e.g. financial, social, marital), or early symptoms, 
in order to update risk estimates for recurrence of MDD. Alternatively, risk estimates could be 
updated at certain time-intervals, by asking patients to respond to questionnaires, for which 
software applications might be of assistance. Ultimately, accurate assessment of risk will enhance 
possibilities for early intervention and prevention of episodes, and at the same time prevents 
overtreatment of patients with a mild course of illness.  

Politics and society
Our theoretical findings – what structures are psychiatric disorders? – connect to a broader 
debate on psychiatric disorders, which has influenced public opinion and policy decisions. 
Classifications of psychiatric disorders are sometimes criticized because they are in part based 
on consensus among experts (the ‘bogsat’ method mentioned in the introduction [55]), and 
may be influenced by pharmaceutical industry, politics and bureaucracy [56, 57]. Therefore, 
some authors have concluded that psychiatric disorders are no real disorders but man-made 
inventions, and that psychiatry should not belong to medicine [58, 59]. Others have protested 
against changes in classification criteria that may have important and unintended consequences 
in everyday practice [60]. These views have influenced public opinion and policy decisions, and 
may also have added to the stigma that is still associated with psychiatric disorders [61]. The 
Dutch minister of health care questioned whether mental disorders are ‘real disorders’ [62]. This 
took place in the same year that psychiatric patients, as the only patient group in secondary 
healthcare, were forced to pay an extra charge to receive specialist treatment in order to reduce 
care consumption in this field [62]. Eventually, framing mental disorders as artificial constructs 
may have serious societal and political consequences for psychiatric patients regarding 
employment, treatment reimbursements, and accessibility of health care [63]. 

We disagree with this argumentation, and thus with societal and political decisions based 
on such views. We do not deny political or pharmaceutical influences on the DSM: they do 
unquestionably exist and may have harmful effects on decisions regarding psychiatric 
classification. However, we deny that these influences imply that psychiatric disorders as defined 
in the DSM are ‘artificial’ or ‘unreal’. As we argued in the foregoing (chapter 8, 9), it does not 
make sense to say that classifications are true or false, because they are no empirical facts. 
Instead, psychiatric categories are classifications, and some classifications are more successful 
than others. New scientific developments may change the way we classify today based on a more 
profound insight into the etiology or other aspects of disorders. In this sense, classifications of 
mental disorders are not different from classifications in medicine in general: some classifications 
are more useful than others and very few survive unaltered. For example, a committee from the 
World Health Organization recently tested the utility of the diagnosis metabolic syndrome, and 
concluded that metabolic syndrome is useful as educational concept, but not as a diagnostic or 
management tool [64].

Pure constructivist views on psychiatric disorders are therefore not justified and might 
impair research, policy decisions, and public opinion. The alternative perspective provided in 
this thesis aims to be more constructive (no pun intended) for purposes of research and science 
communication. It motivates empirical studies into the merits of each category and into possible 
improvements of these: what are the strengths and weaknesses of a specific classification? What 
is known about the course of the disorder, the reaction to treatment, and the consequences 
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of treatment delay? How large is the proportion of subjects within this category recovering 
spontaneously? Which patients will benefit more from primary care than from secondary care? 
How can we recognize different types of patients? Policy decisions, like treatment decisions, 
should be based on these types of considerations, instead of on broad generalizations. 

Concluding remarks 

These questions bring us back to the starting point of this thesis: the heterogeneity of depressive 
patients concerning etiology, course of illness, and treatment reaction. In our eyes, one central 
question should guide future research: which classifications maximize the possibility to 
understand and interfere in processes underlying MDD? This thesis showed the potential of data-
driven subtypes of MDD as bases for such classifications: data-analysis can detect subgroups of 
patients directly predicting course of illness profiles or other clinically relevant outcomes. The 
search for data-driven subtypes of MDD does not finish here. On the contrary, we hope that 
some of our findings will contribute to a continuing search for better classifications for MDD, 
and for psychiatric disorders in general. 

Presumably, psychiatric disease classifications will not have a fixed form any time soon as 
they will develop with scientific progress [65, 66]. Empirical findings can lead to refinement or 
self-correction of initial affirmed systems, as developments in other sciences have illustrated (e.g., 
the invention of temperature) [66]. Change might be prompted by new data, different cognitive 
needs, development of new experimentation devices, questionnaires, imaging tools, statistical 
methods, or encounters with new frameworks [67]. Thus, scientific change is most likely to be 
the normal state of affairs for psychiatric disease classifications, and for disease classifications in 
general [65, 68]. Which direction of research will be right or optimal for scientific progress is a 
priori uncertain, and there might even be different ways to enhance the same epistemic virtue 
[66]. With its clear focus to enhance particular epistemic virtues – understanding and treatment 
of MDD – the search for data-driven subtypes of MDD is one of the classification directions 
worthwhile to further explore, with the final aim to improve the lives of patients with depression. 
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Data-gedreven subtypen van depressie
Depressie is een ziekte die wereldwijd veel lijden veroorzaakt, maar huidige behandelingen 

slaan niet bij elke patiënt aan en onderzoek naar de oorzaken van de stoornis stagneert. Deels 
komt dit doordat patiënten met een depressieve stoornis aanzienlijk van elkaar verschillen. Zij 
variëren in klinisch relevante opzichten, zoals in de aard van de klachten, oorzakelijke factoren 
en biologische mechanismen. Ook het beloop van de stoornis loopt uiteen: ongeveer 35% van 
de patiënten heeft één depressieve episode tijdens het leven, terwijl 50% van de patiënten een 
terugkerende ziekte heeft en 15% lijdt aan een ernstige en langdurige chronische vorm. Dit 
compliceert behandelbeslissingen (bijvoorbeeld wat betreft het continueren van antidepressiva) 
en kan leiden tot over- of onderbehandeling.

Deze heterogeniteit heeft geleid tot twijfel aan de waarde van de huidige classificatie van 
depressie: wellicht is de groep patiënten met deze classificatie te verschillend om algemene 
onderliggende ziektemechanismen of effectieve behandelingen te vinden. Om meer homogene 
subgroepen te creëren is een aantal klinische subtypen van depressie gedefinieerd – i.e., subgroepen 
gebaseerd op waarneming en patroonherkenning in de klinische praktijk – bijvoorbeeld op 
basis van symptomen (melancholische, atypische, psychotische depressie), vermeende oorzaken 
(postnatale depressie, aanpassingsstoornis) en moment van ontstaan (seizoensgebonden, 
late leeftijd). Helaas vormen deze klinische subtypen onvoldoende homogene subgroepen en 
hebben deze weinig voorspellende waarde voor het beloop van de stoornis of het effect van de 
behandeling. 

In deze dissertatie onderzoeken wij data-gedreven subtypen van depressie als een nieuwe 
manier om subtypen van depressie te ontdekken. Data-gedreven subtypen zijn groepen van 
depressieve patiënten die op elkaar lijken en die zijn gebaseerd op patroonherkenning door 
statistische data-analyses. De afgelopen jaren zijn verschillende statistische methoden ontwikkeld 
die grote hoeveelheden data van depressieve patiënten kunnen analyseren om subgroepen met 
dezelfde kenmerken op te sporen. Deze subgroepen kunnen de basis vormen voor empirische 
subtypen van depressie. Het doel van deze dissertatie is het exploreren van deze nieuwe 
mogelijkheden en het formuleren van uitgangspunten voor data-gedreven subtypen. Daarbij 
hebben we ons toegelegd op methodologische, empirische en theoretische aspecten, die relevant 
zijn voor de zoektocht naar data-gedreven subtypen van depressie. Grofweg beantwoordt deze 
dissertatie drie vragen: wat zijn geschikte methoden om data-gedreven subtypen van depressie te 
ontdekken? Wat laten data ons zien aan patronen? En als we zoeken naar subtypen van depressie, 
naar wat voor structuren zijn we dan op zoek?

Deel 1: Methodologische en empirische bevindingen
Het eerste deel van dit proefschrift richt zich op de eerste twee vragen: wat zijn geschikte methoden 
om subtypen te vinden en wat zijn de voorlopige resultaten als we deze methoden toepassen? 
Allereerst hebben we gekeken naar reeds bestaande studies naar data-gedreven subtypen van 
depressie (hoofdstuk 2). In de literatuur worden regelmatig subtypen van depressie beschreven 
met andersoortige symptomen. Bijvoorbeeld, men spreekt van een melancholische depressie als 
patiënten nergens meer plezier in hebben en lijden aan slaaptekort en gewichtsverlies, terwijl 
patiënten die kunnen genieten van plezierige activiteiten, en juist meer slapen en eten dan 
normaal worden geclassificeerd als atypisch. 
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Eerst hebben we in een systematische beschouwing van de literatuur alle reeds bestaande data-
analyses op een rij gezet, die het doel hadden subtypen met verschillende typen depressieve 
symptomen te onderscheiden. In totaal vonden we 20 studies die 34 data-analyses hadden verricht 
om subtypen van depressie met andersoortige depressieve symptomen te vinden. Al deze studies 
gebruikten hiervoor latente variabele technieken zoals factoranalyses of latente-klassenanalyses. 
De resultaten van al deze studies waren echter zo verschillend dat ze geen eenduidig beeld 
opleverden over het bestaan van subtypen met andersoortige depressieve symptomen. De meest 
consistente bevinding was een clustering van patiënten op basis van ernst: de data-analyses 
onderscheidden voornamelijk subgroepen patiënten die op alle depressieve symptomen hoog 
scoren, of juist laag, maar geen subtypen met verschillende typen depressieve symptomen. Het 
zou kunnen betekenen dat zulke subtypen niet bestaan, of dat de gebruikte onderzoeksmethoden 
niet toereikend waren om ze te herkennen: de meeste studies onderzochten kleine groepen 
patiënten, van wie beperkte gegevens beschikbaar waren, en de gebruikte statistische methoden 
mogelijk niet geschikt waren. 

De uitkomsten van dit review motiveerden ons om nieuwe statistische methoden toe te 
passen in een grote wereldwijde bevolkingsstudie van psychiatrische ziekten, de World Mental 
Health Survey (hoofdstukken 3 en 4). We onderzochten in een dataset van 8.261 depressieve 
patiënten of we data-gedreven subtypen konden herkennen die een gelijk beloop van de ziekte 
zouden voorspellen. Onze onderzoeksvraag was: kunnen we subtypen herkennen op basis van 
initiële symptomen en psychiatrische comorbiditeit (i.e., bijkomende psychiatrische stoornissen), 
zodanig dat deze subtypen voorspellend zijn voor een mild of juist ernstig beloop? Kunnen we 
subtypen vinden die voorspellen hoe vaak en hoe lang de ziekte terugkomt, of er toekomstige 
ziekenhuisopnamen en beperkingen in functioneren zullen optreden? Daarvoor gebruikten we 
een combinatie van statistische methoden (classification and regression trees, Lasso regressie en 
k-means clusteranalyse), die niet eerder waren toegepast in deze context. 

Deze studies waren vernieuwend omdat we subtypen direct probeerden te verbinden aan 
klinisch relevante uitkomsten – ernst en chroniciteit van de stoornis – zodat deze subtypen 
behulpzaam kunnen zijn voor het maken van behandelbeslissingen in de klinische praktijk. 
Immers, als depressieve patiënten een subtype hebben met een ernstig en chronisch beloop 
zullen deze een intensievere behandeling en monitoring nodig hebben dan een subtype 
patiënten dat slechts eenmalig een depressieve episode ondergaat. De resultaten van deze studies 
waren bemoedigend: we vonden drie voorlopige subtypen die gekarakteriseerd werden door 
een ernstig, gematigd en mild beloop van de ziekte, die met name konden worden herkend aan 
een combinatie van comorbide angstsymptomen en angststoornissen, suïcidaliteit en een jonge 
leeftijd op het moment van het ontstaan van de ziekte. 

In twee vervolgstudies hebben we gekeken of we de voorspelmodellen – de basis van onze 
data-gedreven subtypen – konden verbeteren door rekening te houden met extra voorspellers 
en statistische interacties. In hoofdstuk 5 bekeken we of het zinvol is rekening te houden met 
extra kenmerken naast de eerder onderzochte psychiatrische symptomen en comorbiditeit 
om accuraat te kunnen voorspellen of patiënten last zullen hebben van een snel terugkerende 
depressie of niet. We onderzochten hiervoor de gegevens van 194 vrouwelijke patiënten die het 
afgelopen jaar een depressie hadden doorgemaakt (Viriginia Adult Twin Study of Psychiatric 
and Substance Use Disorders), en van wie we veel informatie hadden over hun voorgeschiedenis, 
huidige sociale situatie en de meest recente depressieve episode. We vonden dat het beste 
voorspelmodel bestond uit een divers en groot aantal risicofactoren betreffende specifieke 
depressie- en angstsymptomen, de psychiatrische voorgeschiedenis, psychiatrische ziekten in 
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de familie en de voorgeschiedenis, persoonlijkheidskenmerken, vroege en late trauma’s en de 
problemen in de huidige financiële en sociale situatie. Deze studie suggereert dat data-gedreven 
subtypen mogelijk preciezer worden in het voorspellen van beloop van de stoornis als rekening 
wordt gehouden met al deze risicofactoren.

Vervolgens onderzochten we in hoofdstuk 6 of statistische interacties – het rekening houden 
met speciale effecten van combinaties van risicofactoren – bestaande voorspelmodellen kunnen 
verbeteren. Daarom onderzochten we een andere populatie van patiënten, namelijk patiënten 
met een hartinfarct, voor wie al langer algoritmes bestaan die de kans op overlijden in de jaren na 
een hartinfarct voorspellen. We onderzochten de samengevoegde data van 16 studies (individual 
patient data meta-analysis, MINDMAPS), met in totaal 10.512 patiënten die in het ziekenhuis 
opgenomen waren na een hartinfarct. Op een systematische wijze onderzochten we meer dan 
500 interacties van risicofactoren en vonden dat een een aantal interacties inderdaad betekenis 
hadden voor het voorspellen van overlijden na een myocardinfarct: een aantal factoren bleek een 
ander effect te hebben op het overlijdensrisico voor mannen dan voor vrouwen. Zo verhoogde 
depressie het risico op overlijden voor mannen, maar niet voor vrouwen. Statistische interacties 
kunnen rekening houden met dit soort subgroep-verschillen, en kunnen dus ook relevant zijn 
voor voorspelmodellen voor de heterogene groep patiënten met depressie.

Deel 2: Theoretische bevindingen
Psychiatrische patiënten hebben vaak twee of meer psychiatrische stoornissen tegelijkertijd: er is 
sprake van veel comorbiditeit. Ook depressie komt vaak voor samen met andere psychiatrische 
ziekten, bijvoorbeeld met angststoornissen en alcoholverslaving. Deze hoge mate van 
comorbiditeit is regelmatig onderwerp van discussie in de psychiatrie. Waarom is er zo veel 
psychiatrische comorbiditeit? Wat zegt deze hoge mate van comorbiditeit over de classificatie van 
psychiatrische stoornissen in de Diagnostic and Statistical Manual of Mental Disorders (DSM)? 
Het tweede deel van deze dissertatie onderzoekt comorbiditeit om zodoende een beter beeld 
te krijgen op wat voor structuren psychiatrische ziekte classificaties zijn. Daarvoor maken we 
gebruik van data-analyses en inzichten uit de wetenschapsfilosofie. 

Zoals gezegd is er een levendig debat gaande in de psychiatrie over comorbiditeit. Een 
deel van dit debat gaat over de vraag of comorbiditeit een probleem is voor psychiatrische 
ziekteclassificaties of deze juist valideert. In hoofdstuk 7 onderzochten we welke argumenten 
gebruikt worden in dit debat. We vonden dat beide posities dezelfde aannamen delen, namelijk 
dat: i) de hoge mate van comorbiditeit zou aantonen dat huidige psychiatrische ziekten niet 
samenvallen met onderliggende oorzaken, en dat ii) een causale ziekteclassificatie beter zou zijn 
dan een classificatie die niet gebaseerd is op oorzaken. We nuanceerden deze aannamen door 
voorbeelden van ziekten uit de algemene geneeskunde. Deze voorbeelden laten zien dat i) een 
hoge mate van comorbiditeit ook voorkomt als causale ziektemodellen worden gebruikt en ii) dat 
causaliteit niet een noodzakelijke voorwaarde is voor een bruikbaar ziektemodel. 

Een andere vraag in het debat gaat over de oorsprong van comorbiditeit: is de hoge mate 
van comorbiditeit het gevolg van classificatiekeuzen in de DSM of is het een reëel aspect van 
psychiatrische stoornissen en de onderliggende oorzakelijke factoren? In de DSM zijn er allerlei 
classificatiekeuzen gemaakt, zoals drempelwaarden voor psychische stoornissen. Zo spreekt men 
pas van een depressieve stoornis als er tenminste 5 van de 9 depressie symptomen aanwezig zijn. 
Sommige onderzoekers denken dat de mate van psychiatrische comorbiditeit sterk afhankelijk 
is van dit soort keuzen: een lagere drempelwaarde (bijv. tenminste 4 van de 9 symptomen) zou 
leiden tot meer patiënten met depressie en daardoor kunstmatig tot meer comorbiditeit. In een 
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data-analyse van meer dan 74.000 individuen uit de algemene bevolking in Noord-Nederland 
(LifeLines) onderzochten we of het klopt dat comorbiditeit tussen depressie en gegeneraliseerde 
angststoornis toeneemt bij lagere drempelwaarden voor deze stoornissen (hoofdstuk 8). 
Een lagere drempelwaarde voor depressie leidde inderdaad tot meer comorbiditeit, maar 
verrassenderwijs beïnvloedde een lagere drempelwaarde voor gegeneraliseerde angststoornis de 
mate van comorbiditeit vrijwel niet. Dit had te maken met het voorkomen van symptomen in de 
bevolking: alle angstsymptomen bleken vaak al aanwezig te zijn bij mensen die ook last hadden 
van somberheid of interesseverlies, dus het verlagen van de drempelwaarde voor gegeneraliseerde 
angststoornis leidde tot weinig ‘extra’ patiënten. 

In een vervolgstudie exploreerden we vervolgens de betekenis van deze bevinding, namelijk 
dat comorbiditeit enerzijds afhangt van classificatiekeuzen en anderzijds afhangt van het 
voorkomen van psychiatrische symptomen in de bevolking (hoofdstuk 9). Comorbiditeit is dus 
geen kunstmatig fenomeen, noch een vaststaand feit onafhankelijk van gekozen indelingen, maar 
een coproductie van gekozen classificaties en het voorkomen van psychiatrische symptomen 
in de realiteit. Een soortgelijke conclusie is eerder getrokken in een wetenschapsfilosofische 
discussie over de objectiviteit van meetresultaten in de natuurkunde betreffende ruimte en 
tijd. Deze discussie leerde ons dat psychiatrische ziekteclassificaties te vergelijken zijn met 
zogenaamde coördinatieve definities. Coördinatieve definities zijn noodzakelijke voorwaarden 
om empirische feiten te kunnen meten en organiseren en zij vormen een basis voor empirische 
kennis. Meetresultaten in de psychiatrie zijn inderdaad afhankelijk van de gekozen definities, 
maar tegelijkertijd informatief over de empirische werkelijkheid. Dit soort definities kunnen 
meer of minder succesvol gekozen worden als basis voor empirische kennis. Het doel is dan 
ook om de psychiatrische classificaties zo te kiezen dat deze zo veel mogelijk kennis opleveren, 
bijvoorbeeld over de oorzaken, het beloop, en de behandeling van depressie. 

De comorbiditeitsdiscussie verheldert de vraag die centraal zou moeten staan in toekomstig 
onderzoek naar subtypen van depressie: welke subtypen optimaliseren de mogelijkheden om 
ziekteprocessen van depressie te doorgronden en te behandelen? Deze dissertatie toont aan 
dat data-gedreven subtypen van depressie veelbelovend zijn om deze vraag te beantwoorden, 
en beschrijft een aantal theoretische, methodologische en empirische uitgangspunten voor 
de zoektocht naar klinisch relevante subtypen van depressie, met als doel de behandeling van 
depressie te verbeteren.
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