
 

 

 University of Groningen

Symptoms and depression: it’s time to break up
Wanders, R.B.K.

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2017

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Wanders, R. B. K. (2017). Symptoms and depression: it’s time to break up. [Thesis fully internal (DIV),
University of Groningen]. Rijksuniversiteit Groningen.

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 25-05-2023

https://research.rug.nl/en/publications/eb9b3227-e3fd-462d-8501-a14c08e8f7b9


Discussion

10CHAPTER





189

C
H

A
P

T
ER

 1
0.

 D
is

cu
ss

io
n 

DISCUSSION
The overall aim of the current thesis was to investigate how a data-analytical approach 
focused on disentangling the relation between symptoms and depression could (a) aid our 
understanding of depression heterogeneity, (b) be used to assess psychometric properties 
and improve depression measurement, and (c) be used to personalize depression 
assessments and provide additional individual feedback in clinical care. 

The findings will be discussed in light of these three different perspectives, corresponding 
with the outline in the introduction. After a short summary of the main findings, the results 
of the different chapters will be integrated in a broader discussion from each perspective, 
touching on advances in current literature, limitations, and suggestions for further research.

SUMMARY OF MAIN FINDINGS
Many symptoms assessed for depression are non-specific for depression, causing 
differences in symptom patterns that do not reflect depression severity (chapters 2 and 
3). These differences are also present across clinically relevant groups, and more accurate 
estimates of depression severity may be obtained by adjusting scores for these differences 
(chapter 4).

The analyses revealed some fundamental issues, which were further discussed and 
investigated in this thesis, including the differential weighting of individual symptoms 
(chapter 5) and the strong dependencies between symptoms that can be problematic 
when the aim is to identify homogenous subtypes (chapter 6).

In two large population studies (NEMESIS, n=5,583; Lifelines, n=73,403) results showed the 
usefulness of more advanced subtyping approaches to identify cross-diagnostic subtypes 
of depression and anxiety while incorporating measures of disability (chapters 7 and 8).

Finally, the clinical use of data-driven statistics was demonstrated in a pilot study on 
automated person-fit feedback in depression assessment informing clinicians on possible 
inconsistent reported symptom patterns in a clinical care setting (chapter 9).
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UNDERLYING STRUCTURE OF DEPRESSIVE SYMPTOMS

In this thesis several approaches were used to investigate the underlying structure of 
depressive symptoms. The used IRT framework provided different tools to analyze the 
relation between symptoms and the assumed underlying depression severity. Differences 
and similarities across clinical manifest groups were investigated by means of DIF, as well 
as across latent groups by means of mixture models and person-fit statistics.

In the current section, the findings from the different chapters and analyses will be 
discussed in terms of (a) how they inform us about the complex multidimensionality that is 
inherent to psychiatric constructs like depression, (b) how data-driven research shows us 
that we should widen our focus and incorporate more symptoms and sources of relevant 
variability on top of those that are included in current classifications, and (c) whether we 
really need complex data-driven models to advance our understanding of depression.

MULTIDIMENSIONALITY WITHIN, BETWEEN, AND ACROSS SYMPTOMS

One important source of heterogeneity in depression is a range of secondary factors that 
cause symptoms of depression to be experienced for other reasons than the presence of 
MDD. This multifactorial nature of the heterogeneity of depressive symptomatology gives 
rise to complex multidimensionality across symptoms, between pairs of symptoms and 
within single symptoms.

Across symptoms secondary factors might lead to symptom patterns where for part of 
the pattern a different factor causes an increased or decreased likelihood of experiencing 
particular symptoms. There is probably an endless list of factors that could play such a 
role. The most obvious factor is perhaps the presence of a comorbid (or other primary) 
psychiatric or somatic disorder. For example, patients with an anxiety disorder (chapters 
2 and 4), cardiovascular disease1 (chapter 3), or chronic medical conditions2 (chapter 
4) are more likely to endorse a certain set of depressive symptoms. Medication may 
also be an under recognized secondary factor, where side effects can cause certain 
depressive symptoms3 and treatment effects can differ across symptoms4. For instance, 
antidepressants may primarily elevate mood-related symptoms, with improvement of 
other symptoms as a secondary consequence that might take longer to occur. In addition, 
isolated symptoms may be present as residual symptoms when MDD is in remission5, as 
a result of different clinical subtypes of depression6, or can even be reported for secondary 
gains7.
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The presence of multidimensionality can also lead to pairs of symptoms being inherently 
dependent on each other. That is, the experience of one symptom directly tells us 
something about an increased chance of experiencing another symptom, unconditional on 
depression severity. When looking at depressive symptoms, several of such dependencies 
are thinkable, with some being connected stronger than others. For example, it is very 
intuitive to expect that for someone that experiences sleep disturbances it is also more 
likely to report fatigue, regardless of depression severity or the exact underlying causes. 
Such dependencies between symptoms are most likely not informative with regard to a 
person’s depression. Therefore, these dependencies should ideally be accounted for, 
especially in analyses that could otherwise yield artificial results (chapter 6). To date, 
there has not been much research on the conditional dependencies between symptoms 
in psychiatric disorders like depression, but the increased attention to the analysis 
of individual symptoms3 and the use of techniques like network analysis8 and causal 
modeling9 will probably shed much more light on this over the next decade.

Multidimensionality is also present within symptoms, where the same symptom can reflect 
something else in the context of different disorders. For example, concentration problems 
are considered a symptom in both the DSM-5 diagnostic criteria of MDD and the criteria of 
GAD. However, the type of experienced cognitive impairments has been observed to differ 
across depression and anxiety disorders10. In depression, the key cognitive impairment 
seems to be in the executive domain11, whereas in anxiety disorders cognitive impairment 
seems to be more pronounced in attention and verbal memory12, and studies report no 
executive dysfunction in anxiety disorders10,13 or only in the presence of comorbid MDD14. 
Irrespective of the exact way in which specific cognitive problems are linked to specific 
disorders, the current use of very heterogeneous items (i.e. ‘concentration problems’ 
can mean different things) to assess cognitive problems in depression assessment 
makes it hard to find out what exactly is going on in a patient. The consequences of item 
heterogeneity for our understanding and measurement of the depression construct are 
discussed later in more detail from a psychometric perspective.

CASTING WIDER NETS ON DEPRESSION AND ANXIETY

Central to this thesis was an empirical approach to the study of differences and similarities 
in symptom patterns across individuals. Gaining this understanding is important because 
the heterogeneity of depression is thought to hamper scientific advances15. By finding 
groups of individuals that are more similar in terms of their symptom patterns16 we might 
obtain homogenous phenotypes that are more useful to find specific biological17 and 
neurological associations18 and that could ultimately improve treatment and clinical care19. 
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In this thesis, a data-driven approach that investigated a categorical, dimensional, and a 
mixture of both approaches revealed interesting insights in the phenotypical variations of 
depression and anxiety. First, the results showed that there are only naturally occurring 
subgroups with mixed symptomatology of both depression and anxiety. Second, the 
findings revealed that other sources of clinical variation such as measures of disability 
were found to be highly informative to optimally explain individual differences and 
subtyping. Third, it was observed that a large part of the population experiences symptoms 
of depression and anxiety at subthreshold levels, yet with associated disability. These 
findings were discussed in specific detail in chapters 7 and 8, of which the implications 
will be discussed here in a broader context.

An important observation in both studied population cohorts was that there was no 
clear empirical distinction between those who experience depression symptoms and 
those who experience anxiety symptoms. Instead, data-driven analyses revealed only 
mixed groups and no pure disorders. This is in line with a growing body of evidence for 
the strong etiological and phenomenological overlap between depression and anxiety, 
showing that both disorders load on a single internalizing dimension20–23, have a strong 
shared heritability24 and have shared environmental risk factors25. In addition, the 
disorders respond similarly to antidepressant treatment26,27, psychosocial treatments28 
and self-guided help29. Interestingly, strong associations were also observed between the 
currently identified homogeneous subgroups and somatic/cardiovascular symptoms that 
have been suggested to play a dynamic role in depression and anxiety30. This raises the 
question whether, if the aim is to better understand the symptom-heterogeneity among 
persons, the nets should be cast even wider. This idea has motivated ambitious projects 
like HowNutsAreTheDutch31, a crowd-sourcing study that explicitly takes a broad approach 
and assesses a wide range of mental complaints, but also many mental strengths. Studies 
like these might enable a different approach to the problem and might allow investigations 
of where the boundaries of the internalizing spectrum lie that both separate it from 
normality, and distinguishes it from different disorders32. One challenge to researchers 
seeking to broaden their focus in this way, is to lose the structure of psychopathology 
that is now often (consciously or unconsciously) ingrained in the obtained data, the used 
questionnaires, the applied models, and present in the minds of patients, test takers, and 
researchers. Otherwise, studies of the deeper structure of psychopathology will continue 
to yield results that mainly reflect the a priori structures imposed on the data.

Besides a broader set of symptoms, additional sources of clinically relevant variability 
should be considered when trying to understand interpersonal differences. Both in chapters 
7 and 8, disability measures were incorporated in the developed subtyping models. This 
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was done because the presence of disability is a defining criterion for the pathological 
nature of symptoms and signals a need for care. In addition, disability levels are a source 
of clinically relevant variability and known to predict important clinical outcomes such as 
treatment response33, remission34,35, and recurrence36. Importantly, such relevant sources 
of variability should be included as covariates in the actual modeling process and not only 
as external variables later on to ‘validate’ previously estimated models. When aiming to 
optimally classify persons into clinically relevant subgroups, it makes no sense to keep 
relevant information from the used model (e.g. LCA, MM-IRT) and then later on hope that 
significant associations between the subgroups and the relevant information will be found 
to confirm the validity/usefulness of the model. Rather, one should endeavor to increase 
the amount of relevant known information in a measurement model as much as possible 
to enable optimal estimation of the unknown information that we are actually interested in.

Interestingly, the results reported in this thesis align with the previous finding that a large 
part of the population experiences symptoms of depression and anxiety without meeting 
the diagnostic criteria of a full blown disorder37,38. These ‘Subclinical’ individuals do 
however experience impaired functioning in the social and physical domains and report 
problems with work or other regular daily activities due to their mental problems (chapter 
8). These findings furthermore show that the supposed dichotomy between normal and 
disordered states is empirically not supported39. The observed subclinical class may be a 
promising target population, in which to study the development of disorders, and to gain 
understanding of why some develop a full clinical disorder whereas others do not. The 
clinical implications of the fact that a large proportion of the population does experience 
subthreshold symptomatology and suggestions for how this knowledge could be utilized 
to improve clinical care are discussed later from a clinical perspective.

A SMOKESCREEN SURROUNDING COMPLEX MODELS?

Depression is a complex disorder with a complex etiology40, characterized by  complex 
interdependent relations between genetic, biological, environmental, and phenotypic 
variations41. Indeed, the results of this thesis fit in with this line of thought and unequivocal 
show that this multifactorial and complex nature is reflected in self-reported symptom-
level data, where many factors seemingly play a role in determining whether someone 
experiences a symptom or not. The inherent complexities in the structure of depression 
and anxiety are often called upon to justify the use of more complex modelling approaches. 
These approaches bring with them a lot of analytical complexity and technical challenges 
that could by some be considered a smokescreen obscuring the true added value of these 
complex models. Is there really a need for more complex modelling?
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On the one hand, the presence of so many factors that are known to influence depression 
makes it favorable to use more complex techniques. Modeling a complex disorder 
might simply ask for a more complex model. As argued in chapter 6 with regard to the 
symptoms of appetite and weight change, there might be strong secondary factors 
underlying symptoms that are not informative about depression but that can dominate 
a model’s results. With certain approaches that do not properly account for such 
effects, complexities in the data may lead to biased or artificial results. We therefore 
suggest the use of more advanced methods that are capable of modelling both the 
wanted and unwanted effects, allowing to study the true effect of interest. Although 
statistically more complex, these models can actually yield a solution that is easier to 
interpret. For instance, in chapters 7 and 8 the most complex MM-IRT-C models led to 
solutions with fewer and easier to interpret classes than the less complex LCA models. 
 On the other hand, complex models run the risk of modeling all kinds of irrelevant or 
meaningless information, especially in large datasets that contain so much information 
that there is always something extra to be modeled. Increased complexity always allows 
for a better description of the data, but this comes with the risk of overfitting and results 
that generalize poorly. Selecting the best model given a dataset is a whole topic on its 
own in statistical research, and statistics, such as information criteria are used to penalize 
a model’s increased fit for its increased complexity42. Also, the risk of overfitting can be 
reduced by utilizing techniques like bootstrapping43,44 or cross-validation45,46. Different 
criteria can however point at different models, and it is often unclear if they really retrieve 
the model that best reflects the construct as it is in reality. Which model selection criteria 
to use is one of many choices a researcher has to make, but also include choices in pre-
modelling procedures like variable selection and data imputation. In addition, there are 
many subjective choices that need to be made during the actual modeling as there are 
many options when it comes to selecting an estimation procedure and model definitions 
(e.g. restrictions on parameters). Different subjective choices can lead to a variety of 
alternative models47,48 making it more difficult to assess how good the selected model is. 
In many cases, it is safe to assume that when results from a single complex model are 
presented, dozens of models have been estimated in reality.

Many studies that use more advanced complex models are focused exclusively on 
selecting the best-fitting model. The truth is that in many cases the discarded models 
can still be a good description of most of the data. That is, if selection criteria point 
at a 5-class model as optimal than this does not mean that the 4-class model (or the 
6-class model) is complete nonsense. In most cases, the discarded models are likely to be 
perfectly capable of modeling most patterns in the data. In latent variable modeling there 
may be several other ways to investigate if and why one model could outperform another. 
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 First, results of alternative models should be investigated (i.e. with fewer or more 
classes, or for example continuous versus categorical approaches) and not only results 
from the selected model. In chapter 8, the results clearly indicated that LCA models 
were suboptimal when compared to the mixture-IRT models. However, it was still very 
informative to have looked at all the different LCA solutions as it revealed the presence of 
possible categorical and dimensional effects in the data. When using suboptimal models in 
this way, it is relatively unimportant that the models do not describe things how they really 
are, because they can still serve as useful tools to better understand and describe the data.  
 Second, there are promising developments to compare models and understand them 
in more detail. The potential influence of secondary factors on the selected model can be 
assessed by modeling latent secondary dimensions49 or by investigating their expected 
influence on model parameters50 without the need of exploring all possible alternative 
models. Furthermore, models can be evaluated on the person-level by looking at the 
individual influences on model selection51 or by investigating each individual’s distance 
to the model, which can be used to evaluate how well the model fits for everyone52. Such 
analyses might help to gain better insight into what more complex models of depression 
heterogeneity are actually modeling and to decide whether this thing is meaningful or not. 
For example, Reise and colleagues52 show that although a bi-factor model might obtain 
better fit for a given sample, a more simple unidimensional model can fit perfectly well 
for most people (>85%). In this case, the increased complexity of the bi-factor model is 
needed only to account for the response patterns of a minority of the sample.

In summary, there lies danger in the complexity of depression data where models can 
be modeling all kinds of effects that are not relevant to the construct itself. To lift the 
smokescreen surrounding complex models we need to obtain a better understanding of 
why one model describes the data better than alternative models, instead of obtaining a 
number that reflects it does.

THE MEASUREMENT AND MISMEASUREMENT OF DEPRESSION

The study of depression heterogeneity is necessarily interwoven with the measurement 
of depression. It is vital to have an accurate and valid measurement of the depression 
phenotype if we are to understand individual differences and to find relevant associations 
with genetic, biological, and environmental factors41. In this thesis, several approaches 
were investigated that could be used to achieve increased measurement precision and 
inform on the validity of depression assessments.
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IMPROVING PRECISION OF MEASURING THE DEPRESSION PHENOTYPE

The findings in this thesis showed that measurement precision can be increased by adjusting 
scores for DIF (chapter 4), or by obtaining more appropriate, weighted item scores (chapter 
5). In chapter 4 we showed that raw total scores were robust against the presence of DIF, 
limiting the potential clinical impact of item bias across groups. This robustness is mostly 
explained by the observation that correlations between raw severity scores and optimized 
IRT-based severity scores always remain very high (often with r>0.9). This high correlation 
results from the fact that only little changes in the overall severity rank order of patients 
when using IRT-based scores instead of raw scores: patients scoring high on depression 
severity in raw total scores will still score high when optimal scores are used, and vice 
versa. The robustness of severity scores to DIF is reassuring for those using depression 
scores in clinical depression assessment and monitoring. However, researchers that study 
depression may still want to use optimal IRT scores that offer a more precise measurement 
of the phenotype and are more sensitive to change in depression severity. Studies have 
shown that using optimal scores less often leads to finding spurious interactions53 and 
leads to more reliable conclusions in gene-environment studies54.

Another important aspect of increased measurement precision is having the right 
measurement model for the right person. Person-fit statistics can provide insight into 
this, allowing for the identification of those that report inconsistently under a current 
measurement model. For these identified persons, the estimated total scores are not 
a valid reflection of depression severity and may be an over- or underestimation. This 
information can be used to increase measurement precision in two ways. First, it can be 
used in an iterative estimation (e.g. IRLS55) where the patterns that poorly fit the model get 
down-weighted during estimation, leading to more purified estimates of the measurement 
model. Second, different measurement models may be explored in the ‘misfitting’ group. 
For example, person-fit statistics were used in chapter 4 to investigate depressive symptom 
reporting in a group of heart patients. The model on the group level was characterized by a 
dominant role for somatic symptoms. As a result, many depressed patients were allocated 
to the ’misfitting’ group. Refitting a model in this latter group could reveal a measurement 
model with a less dominant role for somatic symptoms, which better describes the 
response patterns of truly depressed heart patients. As such, person-fit can be used as a 
tool to explore if different measurement models may hold in a sample, ultimately allowing 
for the improvement of measurement precision in those individuals identified as misfitting.
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ITEM AND CATEGORY FUNCTIONING

In chapters 2, 3, and 4 several items had to be removed and categories had to be recoded 
to achieve the item quality needed for the purpose of analyses. Using nonparametric IRT, 
item quality and assumptions of the performed analyses were assessed, which led to 
removal of several items because they violated model assumptions and could bias the 
results. In chapter 5, we followed up on these results with a more detailed analysis on 
item- and category functioning in a depression questionnaire. Results showed that for 
some items, category functioning was poor, with unordered and redundant categories. In 
addition, some items were shown to have little discriminatory power across increasing 
response categories, indicating dichotomous (symptom present or not) rather than ordinal 
item functioning. Taken together, these results showed that there are serious fundamental 
validity issues underlying items that measure individual depressive symptoms. This leads 
to fundamental questions underlying the measurement of depression. Can all symptoms 
of depression be meaningfully measured along a dimension of symptom severity? Are 
depressive symptoms interchangeable, as assumed in the current diagnostic systems? 
Especially when items are used in symptom-level analyses, closer inspection is needed 
first to assess whether single items validly measure actual symptom severity. 

HETEROGENEOUS INSTRUMENTS FOR A HETEROGENEOUS CONSTRUCT

Psychometrically sound instruments have been developed for the measurement of 
psychiatric constructs like depression in, for example, projects like the Patient Reported 
Outcomes and Measurement Information Systems (PROMIS56), and instruments like the 
Inventory of Depression and Anxiety Symptoms (IDAS57). In these projects, state-of-the-art 
methods, such as factor analysis57 and IRT methods56, were used to obtain psychometrically 
sound instruments. However, in the construction of all these questionnaires, there is a 
strong guiding assumption that good scales need to be homogenous and unidimensional. 
There are several aspects to psychiatric constructs that perhaps warrant a different point 
of view. Aiming for homogeneity and unidimensionality could lead to less useful scales58 
that give a limited representation of the depression construct59. Indeed, many psychometric 
scales that are nicely homogenous measure a smaller construct where they especially 
lack measurement information at the more severe end of the spectrum60. It is more logical 
to instead measure the heterogeneous construct of depression by a heterogeneous set 
of items that capture all necessary variation and together provide a good and complete 
reflection of depression severity. “The meaningfulness of a test lies not in a methodological 
prescription of homogeneity but in the test’s ability to capture all relevant attributes of the 
entity it purports to measure”61. Two additional, more technical arguments can also be 
made in favor of a more heterogeneous friendly perspective on measuring depression. 
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First, many factors may drive the response on an item. There are nearly no perfect items 
for depression (besides perhaps the core symptoms of sad mood and loss of interest) that 
are truly unidimensional and only reflect depression. There is always some contamination 
by multidimensionality, with symptoms being reported for other reasons than depression. 
For example, results in chapter 8 show that a large part of the population reports sleep 
disturbances and fatigue without reporting any other symptoms, suggesting that these 
symptoms are not reflective of depression. Sleep disturbances are seen in the general 
population due to, for example, work stress62, or due to medical conditions63,64. However 
they are also part of depression, and part of depression questionnaires. It is important 
to realize that these symptoms reflect depression severity when in the presence of other 
depressive symptoms, and that despite the item heterogeneity they are very relevant to the 
depression construct.
 Second, an item can be informative only for part of the depression severity scale. These 
items show so-called pseudo-trait like behavior, where at a large part of the depression 
severity scale the responses are not reflective of depression severity. This might especially 
be true for more extreme symptoms like ‘weight change’ and ‘thoughts of death’ that 
have previously been suggested as symptoms that could be removed to obtain more 
homogeneous depression scales65.  A considerable part of the individuals reporting these 
symptoms will do so for other reasons than depression, because it is not uncommon for 
many individuals, depressed or not, to have a change of weight or to think about death 
(e.g. when confronted with a death in the family66,67). However, this does not mean that 
these symptoms have no role to play in depression measurement; at the severe end of the 
spectrum these symptoms start playing a more important role, and both weight change66 
and thoughts of death68 are associated with increased depression severity and poor 
prognosis.  As such, although non-informative in many respondents at the less severe 
side of the depression scale, these symptoms may serve as very useful indicators to 
discriminate between patients at more severe levels of depression.

There are some studies that have suggested alternative, non-standard models that 
might better describe the measurement of psychiatric constructs like depression. These 
include models for non-normal data69, models that allow for unidimensional scaling in 
the presence of multidimensionality70, the four-parameter model71, and the unipolar trait 
model72. Of these, the latter two will be shortly discussed below. 
 It has been suggested that a four-parameter IRT model that allows for both lower and 
higher asymptotes would be more appropriate for use in psychopathology71,73. In these 
models, a lower asymptote can account for a baseline probability (prevalence) where 
individuals that are not depressed still have a probability of reporting the symptom, while 
a higher asymptote accounts for the fact that even the most extremely depressed patients 
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still do not have a near to 100% probability of reporting the symptom. The authors showed 
that many items in psychopathology require to set lower and higher asymptotes that when 
estimated are informative on item characteristics, and more appropriately reflects the 
response process underlying psychopathology items.
  The unipolar trait model works from the assumption that not everyone can be 
meaningfully scaled along the continuum. Standard IRT models assume a bipolar trait, 
where going up the scale reflects increasing severity to infinity, and going down the scale 
reflects decreasing severity to infinity. Here, it is assumed that meaningful scaling is also 
possible for those individuals that are non-depressed in terms of depression severity, and 
that it is still possible to say for two non-depressed individuals that one non-depressed 
individual is less non-depressed than the other. In a unipolar trait model this paradox is 
prevented by anchoring the scale at the lowest level for which depression severity can be 
meaningfully assessed. All measurements of depression severity would then be relative 
to this anchor. In this approach the lower part of the traditional scale is thus not assumed 
to measure the construct, making it more suitable to model items that show pseudo-
trait behavior (see discussion above). The unipolar trait model was shown to be useful 
in modeling addictive disorders (Lucke, 2014), where the model behaves more in line with 
theories emphasizing that worsening of the disorder should be assessed relative to the 
baseline level of no disorder.

DATA-DRIVEN DECISION SUPPORT

The effectiveness and efficiency of depression care may be improved by tailoring 
interventions and support to individual needs. Data-analytical tools may play an important 
role in helping to achieve this goal. In several chapters of this thesis, the hypothesized 
contribution of data-driven techniques to improve clinical care was implied and discussed. 
This led to a first pilot study on the potential clinical usefulness of individual feedback 
based on person-fit statistics within depression care (chapter 9). Below, it is discussed 
how personalizing depression assessments and providing automated feedback in case of 
inconsistent responses could lead to improvements in clinical care.

In chapter 9, a pilot implementation study was described that was the first to investigate if 
and how a person-fit statistic could be used to alert clinicians about possible inconsistent 
reporting of depressive symptoms in clinical depression care. The findings showed that, 
in retrospect, psychiatrists judged such an alert of potential clinical use, suggesting that 
it could lead to new insights, be a reason for discussion with the patient, and help the 
interpretation of depression assessments that do not conform to the clinical expectation. 
Furthermore, the pilot showed that psychiatrists were perfectly capable of assessing 
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the value of an alert that is based completely on statistical information and putting the 
information into a clinical context. Clinical decision-making is a process of collecting and 
summarizing information that is translated into guidance for treatment74,75. In this process, 
data-driven approaches, such as person-fit statistics, could provide an additional source 
of information that is easy to collect and of clinical use. Importantly, such systems should 
not be seen as a replacement for a clinician’s tasks within the decision-making process, 
but rather as a supportive tool that gives extra diagnostic information in the form of 
personalized feedback that summarizes essential information in the available data.

Apart from the implementation of above described person-fit based alerts, there are also 
other ways, in which the IRT methods used in this thesis allow for a more personalized 
approach to depression assessment. In chapter 4, we used IRT to obtain estimates of 
depression severity that were adjusted for differential item functioning across clinical 
groups, tailoring the measurement to individual characteristics. In chapter 9, IRT was 
used to identify patients with atypical symptom patterns for which other factors besides 
depression might play an important role, and who therefore need a different approach in 
depression assessment. These research examples show how we could improve applied 
measurement precision by utilizing information from advanced models. New developments 
also include computerized adaptive testing (CAT76) where the most optimal set of items is 
adaptively selected after each given response from a large pool of items to obtain a more 
precise measurement. Such approaches could be very promising in the future of depression 
assessment and monitoring, yielding a more detailed and precise measurement that might 
be crucial to tailoring treatment and support to individual needs77,78.

The results in this thesis also provide clues about particular groups that could benefit from 
improved measurement and interventions. Recent figures from the Netherlands showed 
that 52% of patients, who are seen by the general practitioner with mental complaints end 
up on a waiting list79. This time can already be used to collect information on the complaints 
of the patient, and gives an opportunity for data-driven approaches to summarize 
information that may be used to stratify patients for certain interventions. In chapter 7, 
it was suggested that the differences between a ‘Subclinical’ and ‘Clinical’ class could 
be utilized to develop such an early stratification tool. That is, those that fit the symptom 
patterns and experienced disability associated with the subclinical class could be identified 
and offered low-cost, effective primary care treatment programs80, self-help treatments29 
or guided online treatment programs81. Those with more severe clinical psychopathology 
could be referred to specialized care. Such a system would allow to tailor interventions, 
but also to offer care to those that otherwise might not be judged as having a clinical 
disorder but that still experience disability and could benefit from low-threshold care.



201

C
H

A
P

T
ER

 1
0.

 D
is

cu
ss

io
n 

CONCLUDING REMARKS

This thesis showed the value of data-driven analytical tools in studying the complex 
structure of depression, and its potential to improve depression assessment and care. 
Findings advocate a shift in the focus of research towards individual depressive symptoms, 
and towards closer evaluation and comparison of different complex models, where the 
structure of depression is more complex than can be addressed by a single statistical 
technique. Furthermore, ample empirical evidence was found for many aspects of current 
diagnostic systems. Diagnostic nets should be cast wider in research and clinical practice 
to allow for a clearer focus of efforts to decrease the burden and costs of depression and 
anxiety in the population.

The framework of IRT has much to offer for psychiatry, besides improving measurement 
precision that can give researchers stronger phenotypes, it has the potential for 
clinicians to improve care with personalized assessments, and individualized feedback. 
Implementation studies might be key in bridging a gap between clinicians and researchers, 
leading to advances in both fields, where these studies may reveal the obstacles that we 
need to overcome in research, and at the same time show the potential offered by data-
driven decision support to clinicians that ultimately lead to improved mental health care.
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