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DEPRESSION
Depression is one of the leading causes of disability worldwide1,2, with economic costs that 
are among the highest of all brain disorders in Europe3. Over 1 out of 7 persons develops 
a mood disorder in their lifetime4, which can have a chronic or fluctuating course, with 
recurrence rates up to 85% in specialized care5. People with a mood disorder experience 
disability in social, physical, and occupational domains6–9. Furthermore, major depressive 
disorder is the highest risk factor for suicide attempts and completed suicide10. Most 
people do not receive treatment11, and for those who do, treatment is often inefficient12, 
leaving over 60% of the disease burden intact13. The resources required to address these 
conditions are inadequate, unequally distributed, and inefficiently used14. In the US, jails 
and prisons have now become the largest mental health-care facilities, leading to cries 
of desperation to bring back the asylum15. The problem of depression seems to become 
bigger, while there is no indication that any viable solutions will be available in the near 
future. 

THIS THESIS
This thesis deploys a data-driven approach to improve the troublesome situation 
surrounding depression, as it can: (i) increase the understanding of individual and 
symptom differences16–18 by empirical evaluation of the depression construct19,20, (ii) can 
lead to higher precision in depression assessment and monitoring21, and (iii) may offer 
ways to improve effectiveness of mental health care22,23. 
 First, no patient or symptom is the same: individuals differ largely in how they respond 
to treatment24, in how their depression develops over time25, and in their presented 
symptom patterns26, where each depressive symptom may play a different role27–29. 
These differences are poorly understood in terms of etiology and are a likely reason for 
scientific stagnation. An empirical evaluation of the depression construct is needed 
that is not limited to current diagnostic schemes, and that investigates a broader set of 
symptoms (e.g. anxiety30), incorporates different sources of clinically relevant factors (e.g. 
social functioning31) and includes subclinical patients32. Second, a more advanced data-
analytical approach could increase precision in depression assessments, in part due to 
increased understanding of differences and similarities across depressed patients. This 
could offer a more accurate source of phenotypic variation and therefore a more valid 
target for neurobiological, genetic, and psychosocial research. Third, such a data-driven 
approach could provide a valuable role by personalizing assessments and providing extra 
feedback information on top of traditionally reported scores. 
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Central in this thesis is the use of item response theory (IRT) as a set of data-analytical 
tools to study the relation between symptoms and the construct of depression. IRT does 
not refer to a single model or technique but is a collection of statistical approaches that 
have in common that the goal is to model the relation between item responses and the 
underlying dimension that is assumed to be measured. Within depression research we 
are designated to the use of questionnaires to assess depression severity, with items 
that represent depressive symptoms and an underlying dimension assumed to reflect 
depression severity. IRT therefore provides the ideal set of tools that can (a) yield valuable 
insights into the heterogeneity of depression and depression as a construct (b) be used 
to assess psychometric properties of depression questionnaires and achieve increased 
measurement precision, and (c) can personalize assessments and offer extra individual 
feedback in clinical care. Since many chapters in this thesis can be seen from each of 
these three different perspectives, these are each discussed in more detail below.

HETEROGENEITY PERSPECTIVE ON THIS THESIS

“A principle difficulty in the study of the depressive disorders is that the depressive 
diseases are associated with a great deal of heterogeneity” – Blumenthal, 1971 33

Tremendous advances have been made in biological, neurological, and genetic research, 
which has benefited many medical fields and continues to provide a beacon of hope for 
the future of mental health research. At the same time, it has been a disappointment that 
scientific breakthroughs with clinical impact for depression have been largely absent. 
The heterogeneity of depression is often seen as a key obstacle in research, hampering 
progress and responsible for the lack of advances in clinical treatment. The simple reason 
here being that if patients are so unlike each other, why should they have shared causal 
mechanisms and benefit from the same types of treatment?
 The notion that heterogeneity might obscure scientific results is not new, and was 
already a topic of research several decades ago33,34. Studies investigating primary 
depression versus depression secondary to other disorders already concluded that 
heterogeneity in the composition of the sample could obscure important associations, 
and that investigation of depressive symptom scores alone would not suffice34. Nowadays, 
such a conclusion seems to be more relevant and vibrant than ever before. Serious 
concerns have been raised about the current diagnostic system35,36, with boundaries of 
current classifications being non-existent in empirical data37, and the implied dichotomy 
between normal and abnormal disordered states being unlikely to reflect the true nature of 
mental health38. To overcome these problems, researchers have called for more empirically 
identified homogenous subtypes to advance biological, neurological, and genetic 
research39,40, and that cut across current classifications41.
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In this thesis the empirical approach of depression is a central idea underlying the 
addressed research questions that are focused on the investigation of different sources of 
heterogeneity and aimed to enable better description of the heterogeneity of depression. 
Analyzing the relation between symptoms and depression in closer detail could be key to 
advance our understanding of both depression and its heterogeneity. The IRT framework 
provides a range of different means to investigate depression heterogeneity, disentangling 
individual depressive symptoms from the overarching disorder.

Depressive symptoms across clinical groups
Perhaps the simplest approach we can take to investigate individual differences is to look 
at how different observable groups experience different symptoms. Do depressed women 
experience different symptoms than depressed men? Is depression expressed differently 
by older people than by younger people? One problem with these questions is that if these 
groups are directly compared, it is not possible to know whether women really experience 
different symptoms or that they are just more depressed in general. We would therefore like 
to account for such differences in severity when comparing symptom patterns. Such an 
approach could help to answer the more interesting question: do women that are equally 
depressed as men have different probabilities of experiencing certain symptoms? This 
type of question can be answered by studying differential item functioning (DIF42), where 
patients from different groups that are equal in their level of depression severity do not 
have the same probability of experiencing a particular symptom. A well-known example of 
a symptom that functions differently between groups is ‘crying’. Women are more likely to 
report that they cry more than usual, than equally depressed men43. As such, the symptom 
is less indicative for depression in women than it is in men. This is of course rather 
obvious, but DIF analyses might provide more insightful results when applied to groupings 
of greater clinical interest, where differential roles of symptoms are not immediately clear.

Depressive symptoms across latent groups
Instead of above mentioned observable groups, a data-driven approach can be used to 
study differences and similarities in symptom patterns across patient groups that might be 
difficult to observe directly in terms of clinical indicators. An illustrative example, and one of 
the first statistical applications of finding latent subgroups, was on the classification of the 
sex of halibut flatfish44. The issue with halibut is that it is not possible to directly establish 
whether it is female or male without dissecting the fish. However, male and female halibut 
differ in terms of length across age, which can be approximated by a mixture of two normal 
distributions. This allowed for non-intrusive classification and the estimation of the 
proportion of male and female halibut in commercial catch. Although depressed patients 
are no fish, such statistical approaches may increase our understanding of differences and 
similarities in symptom patterns between depressed patients.
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 Data-driven methods have been used to identify more homogenous classes45 or 
symptom dimensions46 in depression that could aid in our understanding of the specific 
underlying etiological processes47 and benefit clinical decision making48. These studies 
have shown promising results49, but above all, reviews on the topic show a wide diversity 
in the found factors and classes45,47. Despite the empirical approach in these studies, many 
are still restricted to symptom scores of a single disorder as defined by current diagnostic 
classifications. Models that investigate a broader set of symptoms and incorporate 
additional relevant sources of clinically relevant variability may shed more light on this. 
These models and their variations, whether they are categorical (e.g. LCA45), dimensional 
(e.g. factor analysis50) or a combination of both (e.g. factor mixture models51), are possible 
ways to better understand the data52, and describe and explain depression heterogeneity.

As an alternative to finding different more homogenous subgroups, we can also approach 
the problem by trying to identify those that make the sample heterogeneous in terms of 
symptom patterns. To put it in other words, we could identify a group of patients that 
report symptoms in patterns that are not consistent with how the majority of patients 
typically report them. An interesting example of a study taking this approach is one that 
investigated atypical suicide risk by means of so-called person-fit statistics53. In most 
cases, suicidal ideation is observed when many other internalizing symptoms are present 
(e.g. sad mood, loss of interest), but in a minority of patients suicidality occurs out of the 
blue. The authors assessed a range of internalizing symptoms in patients that presented 
with substance-related problems. Patients identified with atypical response patterns 
according to empirically based person-fit scores, reported suicidal ideation but few other 
internalizing symptoms. After identification of such an atypical group, it can be further 
studied to gain new insights into determinants of the atypical profile. The use of person-fit 
as a tool to investigate the heterogeneity of depression allows for a novel and interesting 
approach to decompose the sample into a group of patients with typical symptom patterns 
and a group with symptom patterns that are atypical for depression.

MEASUREMENT PERSPECTIVE ON THIS THESIS

“Measurement scales are not God-given but rather are a matter of convention” – Nunnally, 
1967 54

The study of heterogeneity of depression is necessarily intertwined with the validity of 
measuring the construct of depression. If we are to understand individual differences, 
and find new associations with neurobiological or genetic variables, we need a strong and 
valid measure of depression21,55. The IRT approach of this thesis can yield valuable new 
information about the validity of depression assessment.
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The goal of IRT is to provide a measurement model in which the characteristics of the 
test are separated from the assessed individuals. Within such a model, the probability 
of a patient to report a symptom depends on (a) the patient’s location on the underlying 
dimension (e.g. depression severity) and (b) the characteristics of the item (symptom). For 
example, items may differ in symptom severity (e.g. sad mood vs. suicidal ideation), or their 
ability to discriminate between patients at different levels of depression (e.g. sad mood 
will be more informative about depression severity than weight change). In this context, 
IRT can be used to estimate these item characteristics, and to scale patients accordingly 
based on their response patterns (experienced symptoms). The models and associated 
methods applied in this thesis can be psychometrically informative about (a) the quality 
and structure of depression measures and (b) the validity of depression assessments.
 First, an important source of psychometric information comes from the fact that there 
are many assumptions underlying IRT models that have to be checked, and which provide 
insights on quality of data and the structure of depression questionnaires56. In short, these 
analyses could inform us about the extent to which: (i) items measure a single depression 
construct (unidimensionality), (ii) associations between symptoms are solely due to their 
relation with depression severity (local independence), and (iii) items and associated 
categories all have an increased likelihood of being reported at higher levels of depression. 
 Second, self-report depression questionnaires may not validly assess depression 
severity for all individuals, leading to biased results and over- or underestimation of 
depression severity. As discussed before, DIF occurs when patients have a different 
probability of reporting a symptom due to their group membership. This can be informative 
about the heterogeneity of depression, but may also expose a measurement problem. For 
example, cardiovascular patients may endorse certain items (e.g. sleep disturbances) on a 
depression questionnaire as a direct result of their cardiovascular disease or treatment57. 
This could lead to item bias with cardiovascular patients having higher probabilities of 
endorsing symptoms when adjusted for depression severity. In addition, some patients 
may show a symptom pattern that is unexpected given the measurement model that holds 
for the majority of patients (e.g. reporting of severe symptoms without milder symptoms). 
These can be identified by means of person-fit statistics and indicate a threat to validity, 
where the total score is not a good reflection of depression severity.
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CLINICAL PERSPECTIVE ON THIS THESIS   

“To ignore a source of data because it may be misleading would be like ignoring the 
footprints in the garden because they might not belong to the burglar” – Funder, 2007 58

It is not unthinkable that in the near future, we will establish for each individual separately 
what should be the target for treatment or prevention, all on a level of detail and precision 
that is higher than is currently possible. Such an advance will not come from a single 
genetic risk profile, or a test on biological risk factors. Instead, it is more likely that a 
complex dynamic interplay of all kinds of different factors play a role in each patient. This 
includes genetic and biological factors, but extents to psychological, behavioral, social 
and cultural factors22,23, and that will require many kinds of data to achieve precision. To 
reach this goal in depression, an emphasis is needed on both the individual needs59 as well 
as the supporting role of technology to obtain accurate assessment, detailed monitoring, 
and individualized feedback60 in order to tailor interventions and support accordingly23. 

The tools of IRT could play a valuable role in personalizing assessments and providing 
extra feedback information on top of traditionally used sum scores. 
 Assessments can be tailored to individual characteristics by utilizing the information 
that IRT methods summarize about the relation between symptoms and depression 
severity across different groups. This can be used both to select the right type of symptoms 
to assess61 and to adjust for differential roles of symptoms across individuals based on 
demographic and clinical characteristics62. That is, given our earlier example of DIF of the 
symptom ‘crying’ between men and women, such a system could weigh the symptom as 
more severe when a male patient reports to ‘cry more than usual’ compared to a female 
patient (or decide not to select the symptom for assessment at all in male respondents). 
 Clinicians could be provided with more detailed feedback about the reported symptom 
pattern of a patient on top of the sum score. Person-fit statistics can be used to identify 
those individuals that report a symptom pattern that is inconsistent with how the majority 
of patients typically report depression, and that could signal a different need of care. 
These could both be individuals that report symptoms due to other psychiatric or somatic 
disorders, as well as individuals that have responded in an unmotivated or careless 
fashion. In both cases, a feedback report could be generated for the clinician alerting 
that the measurement does not reflect a typical pattern of depressive symptoms. Such 
information may prove to be valuable for clinicians, who can than act accordingly. Until 
now, there have been no studies that evaluated whether providing clinicians with such 
feedback is informative in clinical practice.
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OUTLINE OF THESIS
The empirical approach of this thesis starts in chapter 2, where differences in the relation 
between symptoms and depression are studied by decomposing the sample into those 
with typical and those with atypical symptom patterns. It was evaluated whether this could 
indeed be a useful data-analytical tool to reveal sources of depression heterogeneity, and 
whether identification of atypical patterns could have potential clinical uses in depression 
assessment. In chapter 3 this technique was used to investigate symptom reporting 
in heart patients, and to assess the extent to which these patients report depressive 
symptoms that do not reflect depression severity.

In chapter 4 it was investigated how symptom patterns may differ across equally depressed 
patients with different clinical characteristics, and what the impact of such differences 
could be on interpretability and comparability of depression scores by adjusting for 
differential item functioning.

Fundamental issues were addressed in chapter 5 on the validity of measuring individual 
depressive symptoms by investigating item and category functioning in a depression 
questionnaire, and in chapter 6 on the problem of strong dependencies between symptoms 
for finding homogenous depression subtypes.

Chapters 7 and 8 describe results from a data-driven method to identify and validate cross-
diagnostic subtypes by simultaneously considering symptoms of depression and anxiety, 
and disability measures, in two large cohorts (Lifelines, n=73,403; NEMESIS, n=5,583).

The empirical approach in this thesis ends with chapter 9, where the added value of data-
analytical tools is assessed in a real clinical setting, by performing a pilot study on the use 
of automated feedback based on person-fit statistics in clinical depression care.
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