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Preface

The aims of this dissertation were to gain more insight into the etiology of MD by (1) 
using rich datasets and novel statistical methodology to take a more detailed look at risk 
factors of MD and (2) to investigate if and how well bottom-up subtyping approaches 
might enable the discovery of more homogeneous subtypes of MD. I will first summa rize 
the main findings and their implications for both aims separately. Subsequently, I discuss 
the strengths and limitations of my contributions to the literature. Then, based on my 
main findings and the challenges I encountered during the writing of this dissertation, I 
will formulate starting-points for future research into the etiology and pathophysiology 
of MD, including possible directions for research into bottom-up data-driven subtypes 
of MD.

Main findings

The first part of this dissertation investigated the risk factors of MD using rich datasets 
and novel statistical methodology. In Chapter 2, Relative Importance Analysis was 
performed using the Lifelines cohort, a large longitudinal population study, in order to 
identify key risk factors of MD onset and recurrence over a 6-year period. We included 
21 risk factors that have previously been found to be related to MD, such as socio-
demographic variables, neuroticism, family history, stressful life events, childhood trauma, 
health behaviors, general health status, and metabolic and inflammatory markers. A 
family history of anxiety and depression, childhood trauma, higher neuroticism, female 
sex, younger age, long-term difficulties, lower physical quality of life and current anxiety 
disorders were all important predictors of MD onset, but family history had the largest 
effect. Most risk factors for MD onset also predicted MD recurrence, but a higher number 
of anxiety disorders at baseline predicted first onset only. Lower education levels did not 
predict onset, but they were the largest predictor of recurrence. Risk of recurrence was 
highest in men. In Chapter 3, cross-sectional data from the same sample was used to 
take a closer look at the relationship between sex, age and internalizing disorders (i.e., 
MD, dysthymia, generalized anxiety disorder (GAD), social phobia and panic disorder), 
symptoms of depression and anxiety, negative affect (NA), and neuroticism. Generalized 
additive models were used to identify nonlinear patterns of these internalizing disorders, 
symptoms, and traits over the participants’ lifetimes, and to investigate sex differences. 
Women reported more internalizing disorders, symptoms and traits than men, but the 



Chapter 7

156

relative difference remained stable across age (relative risk ~ 1.7). The prevalence of 
internalizing disorders generally increased between the ages of 18-30 years, stabilized 
between 30-50, and decreased after age 50 again. Internalizing symptoms and traits 
showed different patterns. 

The second part of this dissertation focused on methodological and empirical 
questions about bottom-up MD subtyping. Chapter 4 presented the results of a systematic 
review of current evidence available for data-driven biological subtypes of MD from 
studies that identified (1) data-driven subtypes of MD based on biological variables (i.e., 
biochemical, neurological, or genetic data), or (2) data-driven subtypes based on clinical 
features such as symptom patterns and validated these with biological variables post-hoc, 
in order to gain insight into existing knowledge about the role of biological factors in 
MD heterogeneity. Twenty-nine publications including 24 separate analyses in 20 unique 
samples were identified, including a total of ~4000 subjects. Five out of six biochemical 
studies indicated that there might be depression subtypes with and without disturbed 
neurotransmitter levels, and one indicated there might be an inflammatory subtype. Seven 
symptom-based studies identified subtypes, which were mainly determined by severity 
and by weight gain vs. loss. Two studies compared subtypes based on medication response. 
These symptom-based subtypes were associated with differences in biomarker profiles 
and functional connectivity, but results have not sufficiently been replicated. Four out 
of five neuroimaging studies found evidence for groups with structural and connectivity 
differences, but the methods and results were inconsistent. The single genetic study found 
a subtype with a distinct pattern of SNPs, but this subtype has not been replicated in 
an independent test sample. One study combining all aforementioned types of data 
discovered subtypes with different levels of functional connectivity, childhood abuse, and 
treatment response, but the sample size was small. Chapter 5 showed that it is possible 
to successfully apply data-driven clustering techniques, which are commonly used in 
studies based on clinical data, to a set of biochemical biomarkers. Latent Class Analysis 
was performed on data from the Netherlands Study of Depression and Anxiety, a large, 
multi-site naturalistic cohort study. Thirty-six biomarkers (e.g., leptin, brain-derived 
neurotrophic factor, tryptophan) were used as input variables. Once estimated, latent 
classes were compared on sociodemographic and clinical characteristics. The analyses 
resulted in three classes, which were primarily characterized by different levels of metabolic 
health and were labeled as: ‘lean’ (21.6%), ‘average’ (62.2%) and ‘overweight’ (16.2%). The 
identified classes were strongly related to general (metabolic) health and did not reflect 
any traditional diagnostic classifications such as generalized anxiety disorder vs. MD or 
the metabolic subtype vs. the atypical subtype of MD. In Chapter 6, Specification-Curve 
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Analysis (SCA) was performed using 31 proteomic biomarkers that had previously been 
found to be related to MD in the NESDA sample, in order to gain more insight into 
the influence of methodological variation on biomarker-based cluster-analysis results. 
This analysis evaluated the consistency of the model results across 1,200 k-means and 
hierarchical clustering analyses, each with a unique model specification (i.e., combination 
of clustering algorithm, fit-index, and distance metric). The results were inconsistent, 
meaning that no robust patterns of biological clustering were discovered in either the MD 
only sample or the combined MD/healthy dataset. Next, SCAs were run in simulated 
datasets with known cluster numbers and noise/outlier levels to evaluate the effect of data 
properties on SCA outcomes. The simulation results showed that the correct number of 
clusters could be identified quite consistently across the 1,200 model specifications used, 
but that correct cluster identification became harder when number of clusters and noise 
levels increased. 

Implications

A closer look at risk factors for MD

The first part of this dissertation was intended to refine our understanding of MD etiology 
by taking both a broad perspective, looking at the relative importance of a large group of 
risk factors for depression assessed at the same moment in time, and a deep perspective, 
by zooming in further on the relationship between sex, age, and MD over the lifecourse. 

Chapter 2 studied key risk factors relevant for population screening to identify 
subjects at risk of onset and recurrence of MD. For example, screening for MD among 
family members of depressed individuals may lead to more timely interventions. The 
importance of lower education levels as a predictor for recurrence of MD in this chapter 
suggests that awareness of the effect of educational inequality in MD is needed especially 
in relation to the course of the disorder. 

Chapter 3, which used a cross-sectional approach to investigate the relationship 
between sex, age and internalizing disorder prevalence, provides an interesting addition 
to the prospective perspective on life-course epidemiology of MD from Chapter 2. Since 
different patterns of incidence, chronicity, and recurrence can lead to the same patterns 
of prevalence, the results of both chapters cannot be compared directly, but some general 
inferences can be made. Chapter 2 assumed that there is a linear relationship between age 
and onset and recurrence of MD, and found that MD risk in both samples decreased with 
age, although the decrease was about twice as strong for onset. This is in line with a review 
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that showed that the development of the point prevalence of MD over the lifetime follows 
an inversed U-shape, because the mathematical derivative of this shape is an decreasing 
line.1 Still, since this review is based on models that are unable to identify more complex 
non-linear patterns, it is possible that the assumption of linearity in Chapter 2 was an 
oversimplification. Indeed, Chapter 3 used generalized additive models to show that the 
pattern of MD prevalence over age is more intricate than this.

Chapter 3 suggested similar curves of MD prevalence across the lifespan for men 
and women, which is in accordance with the aforementioned review.1 This means that 
men and women have the same rates of incidence, chronicity and recurrence, or that if 
these rates differ between the sexes, that their average result is similar. Still, Chapter 3 also 
showed a sizable gender gap in MD prevalence. Previous studies show this gap arises in 
puberty, due to higher incidence rates in women.2–4 This sex difference in incidence likely 
did not show up in the results of Chapter 3 because this study was based on an adult 
sample. Chapter 2 on the other hand did show that women had a higher risk of onset of 
MD, but the study was not designed to include interaction effects between sex and age. 
Interestingly, this chapter also showed that men were more likely to suffer from recurrent 
episodes, unlike previous population studies, which often showed no effect of sex on MD 
recurrence.5–11 This could be due to a lack of power, since these studies generally had 
smaller sample sizes. Although the effects of sex on onset and recurrence of MD pointed 
in opposite directions, the findings of Chapter 2 are in line with the results of Chapter 3, 
because the effect size was similar, meaning that averaging over these effects would result 
in a similar change of prevalence in men and women.

Are there robust biological subtypes of MD?

Although all of the studies reviewed in Chapter 4 provided interesting leads for future 
research, the methodological differences across studies and lack of replication precluded 
definitive conclusions about the existence of clinically useful and generalizable biological 
subtypes of MD. One type of data that seems to hold some promise for data-driven 
biological subtypes of MD is data related to immunometabolic dysregulations. Four early 
symptom-based subtyping studies reviewed in Chapter 4 identified a severe depression 
subtype that showed some overlap with the DSM melancholic specifier and had lower 
L-TRP scores and more dysregulation of the stress and metabolic systems.12–16 Two later 
studies used data from the NESDA sample to identify two severe subtypes, characterized 
either by appetite/weight loss or appetite/weight gain, which mainly differed on biomarkers 
that are related to weight, metabolism, inflammation, and stress.17–23 Based on these results, 
researchers have postulated that some patients might suffer from an immunometabolic 
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subtype of MD. Patients with immunometabolic depression (IMD) are thought to suffer 
from altered energy intake/expenditure balance, which is why they show more atypical 
behavioral symptoms (i.e., hyperphagia, weight gain, hypersomnia, fatigue, and leaden 
paralysis).24,25 Therefore, IMD patients would be expected to respond better to novel 
and/or alternative therapeutic approaches such as exercise and anti-inflammatory drugs, 
compared to patients who do show immunometabolic dysregulations.25–27 The relationship 
between immunometabolic dysregulations and treatment response has been investigated 
a number of studies, but the majority of these have focused on comparing different types 
of traditional medication (e.g., tricyclic antidepressants vs. selective serotonin re-uptake 
inhibitors).25

The findings from this dissertation with regards to a putative immunometabolic 
subtype of MD are mixed. For example, in Chapter 3, (auto)immune diseases, low-grade 
inflammation, and the metabolic syndrome had little predictive value for either incidence 
or recurrence of MD. However, it is possible that this a result of averaging over people 
with and without immunometabolic dysregulations. It is also possible that this is due to 
the fact that whereas the aforementioned studies looked at cross-sectional associations 
between variables, Chapter 3 was designed to look at longitudinal associations between 
risk factors and MD. However, Chapter 5 did not show a clear IMD subtype either, 
even though the cluster analysis was based on a cross-sectional collection of mostly 
metabolic biomarker. In fact, there were no differences in individual symptoms of anxiety 
and depression like increased appetite or psychomotor retardation between the classes in 
Chapter 5. Still, the fact that the subjects with psychopathology were relatively likely to be 
in the ‘overweight’ class compared with healthy controls, indicates a possible connection 
between depressive and anxiety disorders and the overweight biomarker profile, and the 
overweight class showed a higher percentage of atypical specifiers compared to the lean 
class. Furthermore, when comparing the classes from Chapter 5 to the symptom-based 
subtypes from Lamers et al. (2010), patients from the ‘severe atypical’ class were less likely 
to be in the lean class and more likely to be in the average class compared to the ‘severe 
melancholic’ and the ‘moderate’ classes. 

Together with previous reviews these results indicate that although there is some 
overlap between data-driven subtypes based on symptoms and those based on metabolic 
markers, atypical depression defined according to DSM criteria does not appear to be 
an effective stratification criterion.28–30 Whether another specifier with a modified 
symptom profile may provide different results is unknown and needs to be properly 
tested in dedicated studies.25 Alternatively, the final IMD classification might include a 
combination of symptoms, clinical characteristics such as non-response to conventional 
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treatment and a history of childhood maltreatment, and markers related to, for example, 
low-grade inflammation (e.g., c-reactive protein, interleukin-6) or insulin resistance (e.g., 
triglyceride to high-density lipoprotein-cholesterol ratio, Quantitative Insulin Sensitivity 
Check Index).27,31–33 

It is important to note that the clinical features of IMD are unlikely to be limited to 
patients diagnosed with MD. Symptoms such as hyperphagia, weight gain, hypersomnia, 
fatigue, and leaden paralysis might also be present in patients diagnosed with psychiatric 
disorders that show overlap with MD, such as anxiety, bipolar, or psychotic disorders, 
as well as in patients who primarily present with somatic conditions such as diabetes, 
cardiovascular disease, pain, osteoarthritis, or neurodegenerative diseases.25 Since this 
subtype is likely transdiagnostic, future research into the IMD specifier should ideally 
include a wide range of psychiatric and somatic patients. Furthermore, the association 
between immunometabolic dysregulations and psychopathology seen in IMD might 
also involve multiple other types of dysregulations such as oxidative stress or disturbed 
mitochondrial biogenesis, so a wide range of potential biomarkers needs to be included 
in future research in order to be able to investigate the pathophysiological characteristics 
of this subtype.34 

The influence of methodology on cluster results

One of the reasons no consistent evidence has been found for the IMD subtype or other 
biological subtypes of MD is likely to be the considerable amount of methodological 
variation present in the previous literature. Chapter 4 aimed to evaluate if consistent 
biological distinctions can be made between subtypes of MD, but the varying sample 
sizes, the methodological differences across studies, and the lack of replication precluded 
definitive conclusions about the existence of clinically useful and generalizable biological 
subtypes. For example, the older symptom-based subtyping studies12–16 generally had 
smaller sample sizes compared to the newer studies17–23, and used parametric mixture 
methods instead of nonparametric clustering methods. The biochemical subtyping studies 
used similar techniques, but generally had small sample sizes, increasing the potential 
influence of random error on the results.35–42 The brain connectivity studies’ methods also 
varied considerably with regards to measurement setting (e.g., rest vs. task), regions of 
interest used, and analytical and statistical methods, which resulted in a large variation in 
the model results. The influence of methodological choices on model results also became 
evident in the genetic study; a subtype was only identified when using a heavily restricted 
set of selected SNPs. Finally, the study that combined multiple types of data included 
many controls, as did some other studies.43–45 This might lead the final model to focus on 
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the difference between patients and controls, rather than subtypes of MD, especially when 
separation between these groups is used as a selection criterion.46 

Chapter 6 aimed to take a closer look at the influence of such methodological 
variations by evaluating the effects of different model specifications on the number of 
identified data-driven biological clusters in MD. The cluster-analysis results based on our 
sample of MD patients were very sensitive to the model specifications used. This means 
subtyping results of a single analysis should be interpreted with caution until they are 
proven to be robust to methodological variation. This has already been shown in social 
psychology, where for example the negative impact of racial bias on callback rates in job 
application processes has been shown to be robust, whereas increased death toll of female-
named hurricanes was not.47 The simulation results indicated that it is possible to identify 
robust clusters, but that this becomes more difficult as the data complexity (i.e., number 
of clusters), levels of noise, and/or the number of outliers increases. Measurement error 
and a smaller sample size might also make it more difficult to show consistent results. As 
such, SCA is a useful technique that could aid the development of robust and replicable 
subtyping models in psychiatric disorders, but a lack of robust clusters in an SCA does not 
always mean that there are no clusters in the data.

Chapter 6 also showed that while SCA might have a tendency to indicate a lack 
of cluster structure when there are high levels of noise, many individual cluster analyses 
have the opposite problem – they will result in a cluster solution even when no structure 
is present in the data. This is especially troublesome since, as became evident in Chapter 
4, there is often a lack of validation of subtyping models against the null hypothesis that 
clusters are not present in the data. In fact, this was only done explicitly in a single study.48 
It is true that many clustering techniques are not capable of performing this test, but 
some post-hoc tests exist49,50, and there are R-packages available that can test if data can 
be modelled as coming from a single multivariate Gaussian distribution (e.g., SigClust51). 
Comparing the final model to the null hypothesis was also more difficult in some studies 
because cluster separation was artificially enhanced by, for example, removing edge cases52 
or intermediate clusters20,53. In practice, not testing the null hypothesis means that most 
studies will always result in at least two clusters. Provided there are enough variables to 
test for differences between the putative clusters, there will always be some significant 
differences, but that does not mean that the clusters represent relevant subtypes. 

In summary, there is a lot of methodological variation in the field of data-driven 
bottom-up subtyping of psychopathology/MD. Model results that not been evaluated 
for robustness to methodological variation should be interpreted with caution until 
replication, and any study that engages in artificially enhancing cluster separation or 



Chapter 7

162

that presents two clusters without testing the null hypothesis should be regarded with a 
healthy skepticism.

Strengths and limitations

Sample

Strengths of both the Lifelines (Chapters 2 and 3) and NESDA (Chapter 5 and 6) 
cohorts included their longitudinal design, large sample size, including both men and 
women and a wide age range, the high number of available risk factors, and the presence 
of thorough assessments with validated structured questionnaires. In NESDA and the 
first wave of Lifelines, psychiatric disorders were assessed with structured interviews by 
trained research assistants, and focused on current psychopathology to minimize recall 
bias.54–56 

However, a number of limitations regarding the samples that were used need to 
be taken into account when evaluating the results of this dissertation. For example, 
although some variables related to inflammation were available, neither sample included 
data related to all of the main biochemical hypotheses of MD (e.g., serotonin and 
other neurotransmitters57, components of the hypothalamus-pituitary-adrenal axis58).59 
Collecting this kind of data is complicated and costs a lot of resources, which means that 
datasets that include all of these biochemical markers and sufficient sample size currently 
do not exist. This means that it is not (yet) possible to investigate if there are biochemical 
subtypes of MD related to the main biochemical hypotheses of MD in the same study, 
which despite the large set of available variables somewhat limited the scope of Chapters 
5 and 6.

Furthermore, although both samples have a longitudinal design, Chapters 3 and 
6 used cross-sectional data only. In Chapter 4, the biological data needed to estimate 
the subtypes was not available at follow-up, making it impossible to investigate subtype 
stability over time and the effects of subtype changes over time. Furthermore, the DSM 
criterion of disability due to MD or GAD was not assessed for MD and GAD in Lifelines, 
in NESDA the disability variables were not included in the diagnosis calculations. 
In Lifelines, dysthymia was not assessed in subjects who satisfied criteria for MD in 
Lifelines, which could have biased prevalence rates upwards and downwards, respectively. 
However, given that our estimates of MD, GAD, and dysthymia are comparable to 
previous estimates, these biases are likely minor.1,60–62 
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Finally, both NESDA and Lifelines are subject to a number of limitations that are 
common to longitudinal cohort studies.63–66 For example, it is possible that the NESDA 
and Lifelines samples are subject to selection bias, which occurs when older individuals 
with MD are relatively less often participating in population studies than younger 
individuals with MD due to higher morbidity and mortality, difficulty in establishing 
contact or increased refusals.67–69 However, in Lifelines, we found no interaction effect 
between age and the presence of an internalizing disorder at baseline when predicting 
participation at follow up (2014-2017, data not shown). This means that the impact of 
having an internalizing disorder on attrition did not differ between older and younger 
subjects, so selection bias is also not a likely explanation for the reduction in prevalence 
of internalizing pathology after age 50 observed in Chapter 3. Additionally, there might 
have been selective attrition in either sample due to MD or other factors such as higher 
age or lower education levels.63–65,70–72 This might have led to an underestimation of the 
incidence and recurrence rates, which was mainly a limitation in Chapter 2. It is difficult 
to ascertain the effects of selective attrition on our analyses in this chapter, because we 
cannot be sure which subjects dropped out due to developing MD after baseline. 

Variable selection and data processing

The data-driven approach of this dissertation should be considered a strength, since one 
important advantage of data-driven subtyping is that it is less sensitive to human bias 
compared to clinically defined subtypes.73 However, it is important to keep in mind that 
although the algorithms have no opinions and expectations with regards to what they 
are going to find, the model results are only ever going to contain the data that was 
provided to the algorithm. This means that the opinions and preferences of the researcher 
can still affect the potential model outcomes by influencing the methodological choices 
made during a data-driven subtyping study. One of the strengths of this dissertation is 
the variety of approaches to variable selection. Each approach has the potential to tell us 
something interesting about MD, and a certain robustness to methodological variation 
could be discovered if multiple approaches point in the same direction. However, each 
approach also comes with its own set of strengths and limitations.

In Chapter 5, all available biochemical variables were included, which could 
be considered a strength, since it is means the variable selection is relatively unbiased. 
However, it is important to remember that this does not mean variable selection is 
completely without bias, but rather that the choice of what to include is dependent on the 
state of knowledge, budgetary aspects, and possibly also specific interests of researchers at 
the moment a study is designed. Furthermore, another limitation of this approach is that 
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most biochemical variables show variation in the general population, but the majority 
of this variation is not necessarily related to MD. This means that including all available 
data leads to increased risks of finding clusters that are not MD-specific. For example, a 
cluster might be identified that has low amounts of one or more vitamins, but although 
these people will be at higher risk for different somatic health issues, such clusters might 
be uninformative with regards to MD. Still, the fact that subtypes also exist in the 
general population does not necessarily render the resulting subtypes uninformative, as 
these different clusters might still represent subgroups with dysregulations in different 
etiological pathways that result in differences in MD incidence, course or treatment 
response. For example, in Chapter 5, the people in the cluster with metabolic issues were 
more likely to be depressed. 

The variable selection in Chapter 6 was more hypothesis-driven. A total of 31 
variables were included, all of which had previously been shown to differ between patients 
with current MD and healthy controls using adjusted linear regression.23 This approach 
of including a limited set of variables known to be related to MD could be considered 
a strength, since it increases the chances of finding MD-specific clusters.74–76 However, 
since there might be different subtypes that have either high or low values on the same 
variable, the average relationship between this variable and MD in the total sample 
might approach zero, meaning this selection criterion may potentially lead to exclusion 
of interesting variables that can differentiate between different subtypes, which is a 
limitation. Indeed, the range of available markers in NESDA is much larger (> 250), so 
the fact that no meaningful subtypes of MD were identified in Chapter 6 might indicate 
that some of the excluded markers would have been more suitable for finding clusters 
among MD patients. 

One major limitation to both of these approaches is that it is possible that 
other biochemical markers that are not included in NESDA would have been more 
informative (e.g., related to the main biochemical hypotheses of MD: serotonin and 
other neurotransmitters57, components of the hypothalamus-pituitary-adrenal axis58, 
inflammation32). Furthermore, as became apparent from Chapter 4, it is not at all certain 
that biochemical data is the best choice when it comes to discovering biological subtypes 
of depression.77 It could also be that genetic background or neuroimaging variables 
related to brain structure or functional connectivity are more suitable for clustering MD 
patients.78,79 Ideally, all of these variables would be combined in a single dataset suitable 
for cluster analysis. Unfortunately, efforts to integrate clinical, genetic, biochemical, and 
neuroimaging data are logistically complicated. This means that a lack of large datasets that 
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include data from all of these levels can be a major obstacle when it comes to investigating 
data-driven subtypes of MD.80,81 

Methodology

One major strength of this dissertation is that it was able to investigate previously 
unexplored questions with regards to the etiology and heterogeneity of MD by using 
novel and advanced statistical techniques. For example, Chapter 2 describes the first 
study to apply relative importance analyses to identify key risk factors for onset and 
recurrence of MD, although the technique has been used in other fields of medicine 
(e.g., predicting wound healing82 or cardiovascular problems83,84). Chapter 3 describes 
the first study that used advanced nonlinear models to investigate the development of 
internalizing disorders over lifetime in a large sample from the general population. This 
provided important insights into the relationships of sex, age, and internalizing disorder 
prevalence, particularly with regards to the hypotheses about hormonal causes of the 
gender gap in MD prevalence. Chapter 5 describes the first study to ever perform LCA 
using biochemical markers. Finally, Chapter 6 discusses the first ever application of SCA, 
a novel technique designed to investigate the influence of methodological variation on 
model results, to a statistical inquiry (i.e., cluster analysis of psychopathology) outside of 
its field of origin (i.e., social psychology). SCA has traditionally been used in psychology 
to investigate the effects of using alternative regression models, but has been adapted in 
this dissertation to make it suitable for cluster analysis.47,85,86 

There are also a number of methodological limitations that need to be taken into 
account when evaluating the results of this dissertation. For example, like the studies 
reviewed in Chapter 4, none of the studies presented here performed out-of-sample 
validation. This is largely due to the lack of suitable validation samples with high sample 
sizes and similar available variables, although the Lifelines sample is large enough to 
include validation in a hold-out sample. Furthermore, the LCA study in Chapter 5 did 
not include explicit null hypothesis testing (e.g., bootstrap likelihood ratio test or Lo–
Mendell–Rubin test87), so it is not certain that the 3-class solution presented in this 
chapter is a better fit than a model that includes no classes at all. However, the lack of null 
hypothesis testing becomes a much larger issue when the model selection criteria indicate 
that there is minimal separation, i.e., the minimum of two number of clusters is the best 
fit.

In addition, it is important to remember that although the effect of methodological 
variation on bottom-up data-driven subtyping were investigated in Chapter 6, it is 
possible that small methodological variations in Chapters 2, 3 and 5 would also have led 
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to different results. And even in Chapter 6, there are still many sources of variation left out 
of the SCA. For example, the analysis was limited to a single MD dataset with a restricted 
set of markers, because the primary focus was on the influence of model specifications 
on the results and not on the effects of different data-processing choices (i.e., multiverse 
analysis88). One example of potential source of variation related to a data-processing is 
the way clusters with small numbers of participants, or even singletons, were handled. In 
Chapter 6, clusters smaller than 1% of the data were excluded, under the assumption that 
these are likely to represent methodological artifacts or outliers rather than true cluster 
structure in the data, but other approaches to such ‘nuisance clusters’ could have been 
equally valid. 

Finally, in line with the scope of this dissertation, potentially suitable methods have 
been excluded. For example, Chapter 6 includes a limited number of model specifications 
for unsupervised learning. However, it does include the exhaustive list of options in the 
NbClust R-package, which focuses on k-means clustering and hierarchical clustering, two 
of the most commonly used clustering methods.73 This package was designed to gather 
all indices available in SAS and R packages together into a single one package, as well as 
some newer indices that are not implemented anywhere else yet.89 

Clinical implications

The first part of this dissertation has provided more insight into the etiology of MD, and 
identified a number of key risk factors that could be used to identify people at higher 
risk for onset or recurrence of MD. The high recurrence rates indicate that intervention 
aiming to prevent MD recurrence, such as post-remission CBT or mindfulness-based 
cognitive therapy, will potentially benefit over a third of the patient population.90–92 This 
might warrant efforts to offer such interventions to all patients, but given the required 
investments, clinical practice will likely benefit from being able to better predict which 
patients are at highest risk of recurrence. For example, the findings of Chapter 2 indicate 
that people with lower education levels are more likely to suffer from recurrent episodes. 
The presence of co-morbid anxiety should be used as a dichotomous indicator, since 
there was no dose-response effect of the number of anxiety disorders for predicting MD 
recurrence. Importantly, although the results of Chapters 2 and 3 indicate that prevention 
of first MD onset is especially important in young women, women are not necessarily at 
higher risk for recurrence, meaning sex should not be used as a universal indicator of poor 
MD outcome.
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The second part of this dissertation investigated the potential for bottom-up 
subtyping approaches to enable the discovery of more homogeneous subtypes of MD. 
The results of Chapter 4 show that although subtyping based on etiology and patho-
physiology is a promising research avenue, it is still in its infancy in some ways. This 
means that no definitive conclusions regarding clinically useful subtypes can be drawn 
as of yet. Furthermore, no consistent biological subtypes were identified in Chapters 5 
and 6, even though we used large datasets and advanced statistical methods. Even if this 
had been the case, the results of a cluster analysis should not be seen as equivalent or 
directly translatable to DSM-style subtype classifications for a number of reasons. For 
example, cluster analyses are not meant to identify broadly applicable and clinically useful 
categories, but to identify structures in datasets. The results of this dissertation indicate 
they will almost always provide a solution, but there is no guarantee that the results are 
always clinically meaningful.73 Also, the results of cluster analyses can vary considerably 
depending on the used algorithms, sample populations, and input variables. Thus, results 
from a single cluster analysis can never provide clinically useful subtypes. Rather, if 
the results of sufficiently replicated and robust, cluster analysis results could be useful 
contributions to the total evidence base for new subtypes of MD that can be applied in 
clinical studies to assess its importance for mental healthcare. Currently, the IMD subtype 
has the largest evidence base, but these results are in need of external validation and must 
be evaluated for robustness to methodological variation. Before this classification can be 
used in clinical practice, additional research is needed to (1) develop tests to diagnose 
IMD patients, which might include questionnaires to identify specific symptom profiles 
but also other clinical tests for IMD such as physical measurements (e.g., body mass 
index) and blood tests (e.g., low-grade inflammation, cholesterol) and (2) determine 
the resulting subtypes can indeed be used to provide more effective treatments that are 
focused on the underlying pathophysiology.25,27

Future directions

The presented findings have provided more insight into the etiology of MD as well as the 
potential for bottom-up subtyping approaches to discover more homogeneous subtypes 
of MD. However, the results of this dissertation also raise some important new questions.

Importantly, the findings of this dissertation with regards to the risk factors of MD 
are in need of independent replication in other general population studies and clinical 
populations. Future studies to identify the key risk factors of MD would for example 
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need to include markers related to pathophysiological mechanisms underlying MD. 
According to this dissertation, research into selective prevention should give priority 
to young adolescent women, and people with a family history of MD. Since rearing 
experiences are thought to contribute just as much to trans-generational transmission of 
MD risk as genetic risk, it might be interesting to investigate targeted interventions to 
improve parenting skills in families with a history of MD as a means of reducing MD 
prevalence.93–98 

The results related to bottom-up data-driven subtypes of MD are also in need of 
independent replication. The immunometabolic subtype discussed above is one example, 
since most of the evidence for IMD is based on NESDA, but the putative subtypes with 
and without low levels of monoamines identified in Chapter 4 also are in urgent need of 
further investigation. If it turns out that the moderate effect size of SSRIs in the total 
population is a result of averaging of effects across both of these subgroups, a sizable 
proportion of the population of MD patients could be receiving this treatment without 
actually needing it, which is problematic given the sizable side-effects of this type of 
medication.99–102 Should the monoamine and IMD subtypes of MD be validated and 
proven robust to methodological variation in the future, subsequent research should focus 
on developing symptom profiles and/or other clinical tests to help identify which patients 
are suffering from each subtype of MD. 

From a methodological perspective, this dissertation provides several important 
leads for researchers as well as reviewers and editors, who work with any type of data-
driven subtyping studies. For example, editors and reviewers should ideally always request 
at least a post-hoc evaluation of the null hypothesis of no cluster structure, and discourage 
the use of techniques to artificially enhance cluster separation. Furthermore, any presented 
model should be evaluated for robustness to methodological variation, or, if that is not 
possible, interpretation of model results should be done with caution until the models 
have been proven to be robust. In order to stimulate the use of SCA, future research into 
bottom-up data-driven subtyping should aim to devise ways to streamline the presented 
methodology.47 This would also enable a more detailed quantification of the effects of 
methodological variation on results from different unsupervised learning methods, which 
could help identify the methods that are most reliable for a given research question and set 
of data characteristics. For example, a certain algorithm might always give the same result 
regardless of the distance metric, where another algorithm does not. In order to make the 
data selection procedure more objective, and to allow for subjects to belong to multiple 
clusters, future methodological improvements should also include an increased focus on 
development of technologies like multiple co-clustering. Multiple co-clustering allows 
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for multiple subject cluster solutions that are associated with different sets of variables, 
without limiting the number of groups to which a subject or a variable can belong.45 For 
example, a person who belongs to a cluster of subjects with metabolic issues might or 
might not fall into a cluster with high neuroticism and a history of abuse.

Finally, given the multifactorial nature of MD, research into data-driven subtypes 
of MD will probably have more potential for scientific breakthroughs if it connects 
psychological phenotyping with environmental and biological factors involved in the 
origins of MD. Large scale datasets have included clinical phenotyping, and genetic and 
neuroimaging data is being added.103–105 The most pressing gap in the currently available 
data is arguably the lack of datasets that include biochemical data related to all of the main 
existing biological hypotheses of MD like monoamine functioning57, inflammation32 and 
HPA-axis functioning58. As long as such comprehensive data is lacking, it will not be 
possible to investigate if the small effect sizes of many of the identified risk factors are 
due to the fact that individual risks of MD consist of many small effects or if they are a 
consequence of averaging over subtypes that make up the complete population of MD 
patients instead.

Conclusion

This dissertation aimed to gain more insight into the etiology of MD, and to investigate 
if and how well bottom-up subtyping approaches might enable the discovery of more 
homogeneous subtypes of MD. The first part of this dissertation provided a number of 
leads for research into potential interventions to prevent first onset and recurrence of 
MD, as well as some interesting insights into the gender gap of MD. The second part of 
this dissertation showed that bottom-up data-driven subtyping research is a very complex 
endeavor that requires elaborate and costly data collection, including many variables from 
different levels, as well as intricate statistical models that enable the evaluation of the 
robustness of the model results. Finally, some interesting starting points for future research 
with regards to bottom-up data-driven subtypes of MD were identified. Specifically, the 
results of this dissertation indicate that there might be an immunometabolic subtype of 
MD, although the exact clinical and biochemical characteristics of this subtype still need 
to be elucidated, and that further research into monoamine subtypes of MD is needed to 
improve the opportunities for personalized treatment of MD.
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