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Major Depressive Disorder (MDD) is a highly impactful mental disorder that thus 

far has eluded understanding and is projected to become one of the most 

significant contributors to the global burden of disease (Mathers and Loncar, 2006). 

MDD is hard to treat and research because it is a highly heterogeneous illness. 

Heterogeneity is present in various facets, or modes, of MDD (Sullivan et al., 1998; 

Shafer, 2006; Rhebergen et al., 2012; van Loo et al., 2012). Patients with the same 

diagnosis may display a variety of symptom profiles, display different illness course 

trajectories and may react differently to various treatment options. Put differently, 

there exists heterogeneity in the person, symptom and time mode of MDD. 

Moreover, there exists no reliable biological marker or indicator for MDD.  

The definition of depression as given by the Diagnostic and Statistical Manual of 

Mental Disorders (DSM) is insufficient as an explanatory device (Frances and 

Widiger, 2012). Although the DSM may have been useful in a time without 

standardization when each psychiatrist had his or her own idea on what constitutes 

depression, its use becomes problematic when it is relied upon as a definitive 

description. The DSM definition of MDD creates an umbrella concept that captures 

a large variety of possible symptom profiles. Using the DSM definition alone, there 

are 425 possible symptom profiles that constitute MDD but up to 16400 profiles 

exist if other/additional criteria are applied (Fried et al., 2017). 

From a statistical standpoint, MDD as a construct has been hard to elucidate as 

well. While the abovementioned sources of heterogeneity are clear, the statistical 

methods traditionally used in psychiatric research, latent variable models (Singh, 

2006), make unrealistic assumptions about the illness they intend to model.  

In latent variable models (LVMs), collections of measurable variables are modeled 

as being solely dependent on one or more unobservable latent variables. 
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Specifically, it is assumed that these measurable variables are mutually 

independent from each other. One of the problems with the use of LVMs in 

psychiatric research is this fundamental assumption about the relationship 

between the measurable and latent variables. In a psychiatric research context, the 

measurable variables might represent items on a depression questionnaire and the 

latent variable(s) represent the underlying illness. Here, the assumption of mutual 

independence between items is unrealistic since there is good reason to assume 

there exist more direct connections between symptoms (Cramer et al., 2012; 

Borsboom and Cramer, 2013). Furthermore, it is not evident that there is a single 

latent construct representing depression; i.e., whether there exists 'an underlying 

disease' at all. A final limitation of the LVM approach is that it typically focuses on 

only two out of three (time, symptom, person) modes: LVMs are used to either 

cluster persons based on their symptoms (i.e. in cluster analyses) or to cluster 

symptoms based on their (co)variation across persons (i.e. in factor analyses).  

The network approach to psychopathology is a proposed alternative to the LVM 

perspective of mental illness (Cramer et al., 2010; Borsboom et al., 2011). This 

approach lets go of the latent variable assumptions and instead studies mental 

disorders as a network of symptoms. In this approach, a network is comprised of a 

collection of nodes, representing (depression) symptoms, and edges between 

nodes, representing associations between these nodes. One reason motivating the 

development of this approach is the fact that symptoms of depression do not 

manifest all at once, but normally arise over time, which is likely to result from a 

causal interplay between symptoms. For example, one could imagine a person who 

experiences stress at work. This stress might inspire episodes of excessive 

rumination, which in turn might cause a drop in sleep quality, possibly leading to 

increased irritability and feelings of guilt, eventually leading to a full-blown major 
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depressive episode. The network approach allows researchers to focus on inter-

symptom relationships and characteristics of these symptom networks. Ideally, 

insights into mental disorders can be obtained from these networks and/or 

characteristics. 

Psychiatry is one of the latest additions to a sizable list of scientific disciplines that 

have started to utilize networks to model phenomena. Scientific investigation of 

networks, in particular the mathematical analysis of networks (which is also known 

as graph theory), can arguably be said to have started with Euler in 1736 (Shields, 

2012). However, it was not until the beginning of the 20th century that network 

science became a mature scientific discipline (Barabási, 2012) and found 

applications in areas such as sociology (van Meter, 2005), biology (Barabási and 

Oltvai, 2004), medicine (Barabási, 2007) and computer science (Karp, 1960). In 

psychiatry, network models appeared in 2010 with the work of Denny Borsboom 

(Cramer et al., 2010; Borsboom et al., 2011). Networks (also known as graphs) also 

appear in statistics, where their marriage with probability theory results in a type 

of model called a graphical model (Almond, 2010a). Here, the nodes in a network 

represent random variables and edges between the nodes represent measures of 

statistical association (e.g., conditional probabilities, (partial) correlations or 

regression coefficients). Graphical models are useful in detecting dependencies 

between large numbers of random variables, which may otherwise be hard to 

accomplish. For example, suppose we obtain measurements from 𝑛 binary random 

variables (𝑥1, … , 𝑥𝑛). In order to estimate the associations between them, even 

though we only deal with binary variables, we already need to estimate 2n 

probabilities. When variables have more than two levels, this problem would be 

even larger.  
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An advantage of graphical models is that they have connections to other, more 

familiar statistical methods. For example, in the case of multivariate Gaussian 

graphical model, estimating a network of conditional dependencies between 

variables amounts to inverting their sample covariance matrix (Almond, 2010a) (see 

chapter 5), the result of which is known as the sample precision matrix. The 

network structure can then be read off this precision matrix; two random variables 

are conditionally independent if and only if the corresponding entry in the precision 

matrix is zero. Networks have a close relationship with vector autoregressive (VAR) 

models as well (Dahlhaus & Eichler, 2003). The values in the regression coefficients 

matrix of a VAR model correspond to the edge weights of a directed network. 

Networks are used in cross-sectional studies (where the edges are lines and we deal 

with an undirected network) as well as longitudinal studies (where edges are 

arrows and one can distinguish between a node’s ingoing and outgoing edges, also 

known as a directed network). Since in statistics, and psychiatric epidemiology in 

particular, edges typically represent a statistical measure of association, they 

almost always have a weight, resulting in what is called a weighted network. The 

weight reflects the strength of the association. In cross-sectional studies, networks 

have been used to model (partial) correlations between Likert-type items 

(Borsboom and Cramer, 2013; Bos et al., 2018) or activation thresholds in Ising 

models (van Borkulo et al., 2014). In longitudinal studies, networks have been used 

in combination with VAR models (Bringmann et al., 2018) and mixed linear models 

(Bringmann et al., 2015). For an oversight of the state of the network approach in 

mental health research, see Fried et al. 2017a.  

While networks form an interesting new approach to understanding mental health 

in general and depression in particular, it is still an area of research in its infancy. A 

number of conceptual and technical issues have remained unsolved so far. For 
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example, typical network studies focus on a relatively low number of items out of 

computational necessity or lack of degrees of freedom. Often, authors fix certain 

model parameters, for example random effect parameters and their covariance 

structure, to make the model fitting process converge (Wigman et al., 2015; Klippel 

et al., 2017; Snippe et al., 2017). This is unfortunate since one of the main selling 

points of networks in statistics is that they can represent associations between a 

high number of variables. Another issue is that measurement tools in psychiatric 

epidemiology typically provide Likert-type data, which display a number of 

departures from network modeling assumptions. Particularly, these data can be 

skewed, display floor or ceiling effects (e.g., for an item such as suicidal ideation), 

or not adhere to the assumption of normality in other ways. This problem is 

especially common if items are used to assess negative affect or symptoms in 

relatively healthy populations with a strong positive skewness and floor effects 

(e.g., Wigman et al., 2013; Pe et al., 2015a). Violations of these assumptions may 

have large consequences (Terluin et al., 2016). Another issue in network research 

is that it is not entirely clear what characteristics of a network are most important 

for a medical researcher or clinician. It has been postulated that a network with a 

large number of connections or stronger connections represents a higher level of 

psychopathology (Borsboom, 2017). However, empirical evidence supporting this 

hypothesis has been inconsistent thus far (Forbes et al., 2017). Some studies indeed 

found a higher network density in depressive patients compared to healthy controls 

(e.g., Pe et al., 2015a; Wigman et al., 2015; Wigman et al., 2013a), but other studies 

did not (De Vos et al., 2017; Snippe et al., 2017; Bos et al., 2018; Groen et al., 2019; 

Schweren et al., 2018) and it is not unlikely that some of the positive findings are 

due to differential floor effects in depressives versus healthy controls (Terluin et al., 

2016). Also empirical results of other network characteristics, like the presence, 
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direction, strength or centrality of individual symptom nodes, have been rather 

inconsistent thus far, which has led to serious doubts about the replicability of 

network results (Forbes et al., 2017a; Steinley et al., 2017). 

In this thesis, I look at possible solutions to some of these problems. Specifically, to 

address the problem of overly complex models, I will explore the potential of a so-

called sparse version of a dynamic network model that would allow for a larger 

number of variables. To address the problem of non-normality, I will consider the 

use of a network model that allows for the modeling of non-normally distributed 

data, while retaining the ability to model dependencies between items. 

Furthermore, this thesis illustrates the network approach in general and its use in 

psychiatric research in particular, and presents findings from samples of depressed, 

psychotic and multiple sclerosis patients. Finally, I will discuss the possible meaning 

of network analyses, the strengths and weaknesses of the network approach, and, 

based on the presented findings, will reflect on the biggest challenges and 

opportunities in the field.  
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Abstract  

Background 

Heterogeneity of psychopathological concepts such as depression hampers 

progress in research and clinical practice. Latent Variable Models (LVMs) have been 

widely used to reduce this problem by identification of more homogeneous factors 

or subgroups. However, heterogeneity exists at multiple levels (persons, 

symptoms, time) and LVMs cannot capture all these levels and their interactions 

simultaneously, which leads to incomplete models. Our objective is to briefly 

review the most widely used LVMs in depression research, illustrating their use and 

incompatibility in real data, and to consider an alternative, statistical approach, 

namely multimode principal component analysis (MPCA). 

Methods 

We applied LVMs to data from 147 patients, who filled out the Quick Inventory of 

Depressive Symptomatology (QIDS) at 9 time points. Compatibility of the results 

and suitability of the LVMs to capture the heterogeneity of the data were 

evaluated. Alternatively, MPCA was used to simultaneously decompose depression 

on the person-, symptom- and time-level and to investigate the interactions 

between these levels. 

Results 

QIDS-data could be decomposed on the person-level (2 classes), symptom-level (2 

factors) and time-level (2 trajectory-classes). However, these results could not be 

integrated into a single model. Instead, MPCA allowed for decomposition of the 

data at the person- (3 components), symptom- (2 components) and time-level (2 

components) and for the investigation of these components’ interactions. 
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Conclusions 

Traditional LVMs have limited use when trying to define an integrated model of 

depression heterogeneity at the person, symptom and time level. More integrative 

statistical techniques such as MPCA can be used to address these relatively complex 

data patterns and could be used in future attempts to identify empirically-based 

subtypes/phenotypes of depression.  
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Background  

Depression is a highly prevalent and burdensome disorder that is projected to 

become one of the largest contributors to the global burden of disease (Mathers 

and Loncar, 2006). Although research has provided considerable insight into the 

mechanisms underlying depression, its phenomenology and (e.g., 

biological/psychological/environmental) origins have remained poorly understood. 

To improve this situation, several problems that have hampered research thus far 

should be overcome. A main problem for scientific research has been the lack of 

validity of currently used DSM/ICD-10 depression diagnoses (Kendell, 1989b; 

Shorter, 2003), which are not based on empirical evidence but on clinical 

consensus, leading to diagnoses with arbitrary boundaries and much overlap 

(Widiger and Clark, 2000). A second problem lies in the used syndrome approach 

to categorize patients, which allows for a great deal of heterogeneity among 

patients with the same diagnosis (Kendell, 1989b; Widiger and Clark, 2000; Kendell 

and Jablensky, 2003; Widiger and Samuel, 2005). This problem is the focus of the 

current paper because, other than a total reconceptualization of the depression 

construct to improve its validity, decreasing heterogeneity can be done in currently 

available depression data using statistical techniques. Moreover, addressing this 

particular problem could already improve the specificity and interpretability of 

research results.  

Heterogeneity is present in multiple aspects of depression: (1) the symptomatology 

of depression is heterogeneous, (2) the group of patients with a depression 

diagnosis is heterogeneous, and (3) the range of possible depressive course 

trajectories is heterogeneous. Consequently, it is unlikely that a few general 

etiological pathways could ever explain all possible patterns of depression onset, 
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course and outcome. Although several neurobiological (Kupfer, Frank and Phillips, 

2012) and environmental (Heim and Nemeroff, 2001; Heim et al., 2008) factors 

have been shown to be generally involved in depression, observed effects have 

been small and hard to replicate.  

Data-driven statistical methods have been used to identify more homogeneous 

phenotypes that could enable investigation of more phenomenology-specific 

etiological pathways. So far, these approaches have been used to either identify 

symptom subdomains or patient subgroups based on common patterns of 

symptomatology. Statistically, this amounts to finding latent entities within sets of 

symptom data obtained from depressed patients (Chen et al., 2000). A variety of 

latent variable models (LVMs) have been used for this and depending on the type 

of data and used LVM, different aspects of depression heterogeneity can be 

addressed. In an ideal scenario, symptom data are obtained from the same subjects 

at multiple time points, yielding a dataset with a three-modal structure: a person 

(p) mode, having n individuals, a symptom (s) mode, representing m psychometric 

variables and a time (t) mode, representing T measurements over time1. This data 

object can be represented mathematically as 𝑋 = (𝑋𝑖𝑗𝑡), where i ranges from 1 to 

n, j from 1 to m and t ranges from 1 to T. A 3-mode data structure like this is often 

visualized as a `data cube’ (1.a) (Cattell, 1988).  

When addressing depression heterogeneity, LVMs are usually performed within a 

single ‘slice’ of the data cube (see Figure 1.b-1.d; adapted from (Wardenaar and de 

                                                             
1 What we here refer to as a mode is known as a dimension in mathematics. This is in contrast with 

medical jargon, where a mode (e.g., symptom mode) contains various dimensions (e.g., positive 

affect, negative affect). 
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Jonge, 2013). In the cross-sectional slice, the data are represented by a 𝑛 × 𝑚 

matrix 𝑋 = (𝑋𝑖𝑗𝑘) where 𝑘 is a fixed point in time (Figures 1.b and 1.c).  

Two LVM approaches can be used to explore the latent structure of this slice: using 

(1) discrete or (2) continuous LVs.  

 

Figure 1: Slices of the data cube. Illustration of the data cube (1a), its different 

slices (1b-d) as well as associated techniques (p = person, s = symptom, t = time 

point). 
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When using discrete LVs, latent subgroups of depression can be discerned based 

on their item responses (Figure 1.c). In the case of discrete observable variables, a 

latent class model (LCM) is used. If observable variables are continuous, a latent 

profile model (LPM) is used (Skrondal and Rabe-Hesketh, 2007). A LCM/LPM 

typically includes one LV and assumes it to have a finite number of levels (i.e., 

classes), which are observed through a number of discrete variables (i.e., 

symptoms). To identify the optimal number of classes, various general (e.g., 

Bayesian Information Criterion [BIC], Akaike Information Criterion [AIC]) and 

specific (Tibshirani, Walther and Hastie, 2001) methods can be used. In depression 

research LCM and LPM approaches have been used to identify different subgroups 

of depressive patients (e.g., Kendler et al., 1996; Chen et al., 2000; Sullivan et al., 

2000; Sullivan et al., 2002; Lamers et al., 2010, 2013; Mora et al., 2012; van Loo, 

2015). For example, LCM identified classes of patients with ‘severe typical’ 

(decreased appetite/weight), ‘severe atypical’ (increased appetite/weight) and 

‘moderate severe’ depression (Lamers et al., 2010, 2013). In addition, LPM 

identified classes of patients with different profiles on the four depressive 

subdomains (Mora et al., 2012). 

When using continuous LVs, clustering of psychometric variables on underlying 

factors (Figure 1.b) can be investigated (van Loo, 2015; Shafer, 2006). Factor 

analysis is a well-known LVM using continuous latent variables (factors), which are 

measured through observable variables (e.g., symptoms, questionnaire items). 

With both exploratory factor analysis (Ishiwatari et al., 1991) and confirmatory 

factor analysis (Wood, 2008) we are interested in explaining the variability in the 

observable variables (e.g., symptoms, questionnaire data) by modelling common 

latent factors (e.g., depression severity). Factor analyses have been used widely to 

identify homogeneous subdomains of depressive symptomatology (van Loo, 2015) 
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and/or to investigate measurement scales’ structure/construct validity (Shafer, 

2006; Wardenaar et al., 2010).  

In the longitudinal slice of the data cube (Figure 1.d), some variable 𝑝𝑗 is fixed and 

responses from all individuals over all time points are considered. The data is 

represented by a 𝑛 × 𝑇 matrix 𝑋 = (𝑋𝑖𝑗𝑘) for fixed 𝑗. Two aspects are of interest 

when accounting for heterogeneity in this data: (1) the modelling of individual 

growth curves and (2) evidence for the presence of subpopulations with respect to 

their growth. These models can be used to model the heterogeneity in the course 

trajectories of depression (e.g., Wardenaar et al., 2014). Previous studies have 

mostly used discrete LVs (latent class growth models [LCGMs] and growth mixture 

models [GMMs]) and continuous outcomes to identify distinct depressive course 

groups (e.g., ‘quick remission’ vs. ‘chronic course’ (Stoolmiller, 2005; Colman et al., 

2007; Mora et al., 2008; Murphy et al., 2008; Wardenaar et al., 2014). With LCGMs, 

each person’s trajectory on a continuous outcome (e.g., depression severity) is 

assumed to belong to one of a number of classes. Each class has its own growth-

curve characteristics (e.g., intercept and slope means). A GMM is similar to a LCGM 

but also models of within-class heterogeneity by estimating growth-parameter 

(co)variances (Muthén, 2004). This added flexibility often leads GMMs to be more 

parsimonious and to fit better to the data than LCGMs (Muthén, 2004; Wardenaar 

et al., 2014).  

It is important to note that the results of above described techniques in different 

data slices yield incompatible results in terms of the modes in which heterogeneity 

is explained and in which homogeneity is assumed (Wardenaar and de Jonge, 

2013). Consequently, the results of traditional LVM studies can be very informative 

about the heterogeneity in particular modes of the data, but cannot be directly 
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integrated into a single framework to explain all depression heterogeneity: i.e., 

factor analytic results about symptom domains do not inform us about the best 

way to subgroup patients and vice versa. Because traditional LVMs fail to account 

for simultaneous variability in multiple modes of depression data, current models 

of depression heterogeneity are still incomplete and/or oversimplified.  

A possible solution to this problem is to use statistical techniques that allow for 

simultaneous decomposition of depression on the person-, symptom- and time-

level. This can be done with multiway principal component analysis (MPCA) 

(Kroonenberg, 2008). MPCA is a higher-dimensional generalization of regular PCA 

that can be used to detect clustering tendencies in higher-dimensional datasets. 

Because we have three modes, we are interested in PCA models that work in three 

dimensions. There are various models that perform PCA in three dimensions, one 

of which is the Tucker3 model. This model is defined mathematically as 𝑋𝑖𝑗𝑘 =

∑ ∑ ∑ 𝑎𝑖𝑝𝑏𝑗𝑞𝑐𝑘𝑟𝑔𝑝𝑞𝑟
𝑅
𝑟=1

𝑄
𝑞=1 + 𝑒𝑖𝑗𝑘

𝑃
𝑝=1  

where 𝑋𝑖𝑗𝑘 is the entry in the three dimensional data set X at place (𝑖, 𝑗, 𝑘) and 𝑎𝑖𝑝, 

𝑏𝑗𝑞, 𝑐𝑘𝑟  are the elements of the component matrices A, B and C, respectively. The 

numbers 𝑔𝑝𝑞𝑟  belong to the core array G and 𝑒𝑖𝑗𝑘 represents the error of data entry 

𝑥𝑖𝑗𝑘. If the data set 𝑋 contains data from 𝑛 subjects, 𝑚 symptoms and 𝑇 time points 

and 𝑃, 𝑄, 𝑅 are the number of components in the A-, B- and C-mode respectively, 

then A has size 𝑛 × 𝑃, B has size 𝑚 × 𝑄 and C has size 𝑇 × 𝑅. The core array is of 

size 𝑃 × 𝑄 × 𝑅. See figure 2 for a graphical representation of the Tucker3 model. 

The component matrices A, B and C represent the loadings of the data entries onto 

their respective components. This can be compared to standard PCA, where, after 

picking a number of components, component scores are estimated.  
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 Figure 2: Analysis of a 3-mode dataset yields a model consisting of a person-mode 

component matrix (A), a symptom-mode component matrix (B) and a time-mode 

component matrix (C). In addition, the interactions between the different modes’ 

components are described by the core-array (G). 
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One difference between three-way PCA (3PCA) models and standard PCA is the 

core array G. This array contains numbers that represent how the components in 

the A-, B- and C-modes interact. It is this array that enables the integrated modeling 

of heterogeneity in three-dimensional data. Without it, there would be no 

assumption of three-way interactions.  

The interpretation of 3PCA component scores is similar as in the case of standard 

PCA. The symptom-mode components represent a characterization of groups of 

symptoms, the time-mode components illustrate groups of time trajectories and 

the person-mode components represent characterizations of groups of persons. 

The latter means that every person in the 3-mode dataset has a profile of scores on 

the person-mode components. In the context of depression research, these scores 

characterize the way in which in this person the symptom-components behave over 

time. Thus, the person-mode component scores provide person-specific 

characterizations, which can be interpreted in a similar way as, for instance, 

personality assessments where a person’s scoring profile on multiple traits gives a 

quantitative characterization of his personality.  

Other 3PCA models are obtained when constraints are imposed on the number of 

components per mode and/or the shape of the core array, yielding models such as 

the CANDECOMP/PARAFAC model. For an expansive overview of various multiway 

PCA models (including Tucker3), see Kroonenberg, 2008. 

This paper aims to illustrate and discuss the abovementioned problems and present 

the use of 3PCA as a possible solution. First, each of the LVMs is performed in an 

example depression dataset to illustrate their typical results. Second, the more 

integrative approach of 3PCA is demonstrated and its results are compared with 

the results of the traditional LVMs. 
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Methods 

To compare the results from all the above-mentioned LVM techniques, they were 

run in a real-life, longitudinal depression dataset. EFA and LCA were conducted on 

the cross-sectional slice of this dataset and LCGMs and GMMs were applied to the 

longitudinal slice. 3PCA was performed on the whole dataset. 

Participants  

The data came from 147 outpatients visiting a specialized day-care depression unit 

at the Department of Psychiatry at the University Medical Center Groningen 

(UMCG). The data collection was part of a 16 weeks long treatment program. The 

mean age was 42.9 (SD=11.9), 50.8% were female, and none were hospitalized. 

Patients were administered the Quick Inventory of Depressive Symptomatology 

(QIDS-SR; (Rush et al., 2003)) at baseline and, when possible, during every following 

week. The 147 patients with complete baseline data formed the cross-sectional 

data-slice (Figure 1.b and 1.c) and were used for EFA and LCM. A subsample of 82 

patients (mean age=42.3 [sd = 12.1]; 51.2% female) with at least nine complete 

weekly follow-up measurements was used for all longitudinal analyses (LCGM, 

GMM and 3PCA). For the EFA and LCM, baseline cross-sectional item-level QIDS-SR 

data were used. For the LCGM and GMM, aggregate QIDS-SR sum-scores at 

repeated time points were used. For 3PCA item-level QIDS data at each of the nine 

repeated time points were used. The demographic data of the sample is 

summarized in Table 1.  

 

 

2 



Decomposing the heterogeneity of depression at the person-, symptom-, and time-level| 31 

 

 

Table 1: Sample descriptives 

Data Sample size Mean age (s.d.) % female 

Cross sectional  147 42.9 (11.9) 50.3 

Longitudinal 82 (9 time points) 42.3 (12.1) 51.2 

s.d.= standard deviation 

 

Participant approval 

The data collection was part of a treatment program for patients at the Department 

of Psychiatry at the University Medical Center Groningen. At intake, patients are 

informed that the data collection is part of the general policy of the UMCG to 

monitor treatment outcome, that outcomes are made available only to their 

therapist and that the data will be used for research purposes, but only in 

anonymized form. If patients object to such use, their data are removed. The Dutch 

Central Committee on Research Involving Human Subjects (CCMO) approved the 

regulations and agreed with this policy. The study was conducted in accordance 

with the Declaration of Helsinki. The study protocol was approved by the medical 

ethical committee of the University Medical Center Groningen.  

Statistical guidelines 

Reporting guidelines have been followed where applicable. 

Measurements 

The QIDS consists of 16 items, coded on a 4-point Likert scale (0,1,2,3). Because the 

highest category (3) was endorsed very scarcely, this category was merged with 
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category 2, resulting in a 3-point scale (0,1,2), which was more suitable for 

conducting LVMs with categorical data in Mplus. 

Prior to analyses, hyposomnia items 1-3 were recoded into one item (item 1-3) 

using the highest score. Mutually exclusive items on increased and decreased 

appetite/weight were recoded into single appetite-change (item 6/7) and weight-

change (item 8/9). For the longitudinal analyses, QIDS sum scores were computed 

for the nine consecutive time-points by adding up the item-scores at each time-

point after recoding (item 1-3, item 6/7 and item 8/9). 

Statistical analyses 

Latent Variable Models 

All analyses (EFA, LCM, LCGM, GMM) were conducted with Mplus, version 6.12. 

(Muthén and Muthén, 2010). Model estimation was done with Maximum 

Likelihood with robust standard errors (MLR). For each analysis, differently 

specified models (e.g., different class-numbers) were run. Model selection was 

performed by comparing the AIC and BIC, two common model selection criteria, 

between competing models.  

EFA was conducted using the baseline QIDS-SR item-scores. During EFA, the optimal 

number of factors was determined by comparing the AIC and BIC between models 

with different numbers of factors. The default rotation method in Mplus (oblique 

Geomin) was used and the rotated factor loadings were inspected to interpret the 

content/meaning of each of the factors. Items were allocated to the factor on which 

they showed the highest factor loading. There exist other model selection methods 

such as the Scree-plot and parallel analysis. However, as the number of extracted 

factors was not the main point of interest in this study, these additional techniques 
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were not considered. For the fitting of the LCMs, which was done using the baseline 

QIDS-SR item-scores, the profiles of item-endorsement probabilities in each class 

were plotted to interpret class differences.  

LCGM and GMM fitting was done using the aggregate QIDS-SR sum scores at the 9 

repeated time points. In both analyses, class-specific intercepts, slopes and 

quadratic terms were estimated. For LCGM, the variances of these terms were fixed 

at zero. For the GMMs random intercepts were estimated and slopes/quadratic 

terms were fixed.  

 

3PCA  

A 3PCA was performed in the longitudinal dataset (n=82) using the item-level QIDS-

data at each of the nine follow-up waves. The analyses were conducted with R 

package ‘ThreeWay’ (Giordani, Kiers and Ferraro, 2014). Data pre-processing 

(centering and normalization) and fit-percentage calculation was done following 

(Monden et al., 2015). The pre-processing described there allows us to use the 

3PCA analysis to investigate heterogeneity up-and-above the general mean trend 

in the dataset, which is shared by all patients (Giordani, Kiers and Ferraro, 2014). 

The ThreeWay R-package presents the user with modeling choices that have to be 

made during the analysis process, such as the number of components to be 

estimated per mode. There is also an option to calculate fit percentage for a variety 

of component combinations, after which the preferred number of components per 

mode can be selected. As is the case in standard PCA, model selection is non-trivial 

because a higher fit percentage can always be achieved by selecting more 

components. Taking into account fit percentage and the number of parameters in 
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the model, we selected a model with, respectively 3, 2 and 2 components for the 

person-, symptom- and time-mode. The 3PCA model (the number of components 

per mode) was selected based on the percentage of explained variance. 

 

Results  

EFA 

EFA results (Table 2) showed that based on the BIC, a 1-factor model would be 

deemed optimal; all QIDS items loaded high on one factor (Table 3), except for 

hypersomnia (item 4) and weight change (item 8/9) suggesting potential 

multidimensionality. Indeed, a decreasing AIC suggested that a second factor could 

be added. In the 2-factor model, the hypersomnia (item 4) and weight change items 

loaded on one ‘vegetative’ factor and all other items loaded on a second 

‘mood/cognitive’ factor. The AIC favored addition of a third factor, but this model 

had two factors with only one item loading on it. These results showed that 

symptomatology could be described by a 1-factor model, but that a 2-factor model 

was more informative in terms of differentiation between mood/cognitive and 

vegetative domains. 
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Table 2: Model assessment with Maximum Likelihood with robust 

standard errors (MLR) 

Analysis type  
Degrees of 

freedom 
AIC BIC 

EFA (n=147) 

1-factor 36 3093 3201 

2-factor 47 3090 3230 

3-factor 57 3082 3252 

LCM (n=147) 

1-class 24 3460 3532 

2-class 49 3161 3307 

3-class 74 3097 3318 

4-class 99 3071 3366 

5-class* 124 3052 3422 

LCGM (n=82) 

1-class 12 4670 4699 

2-class 16 4363 4401 

3-class 20 4267 4315 

4-class 24 4220 4278 

5-class* 28 4173 4240 

GMM (n=82) 

1-class 15 4188 4224 

2-class 21 4163 4213 

3-class 27** 4146 4210 

4-class 33** 4158 4237 

FA=Factor Analysis, LCM= Latent Class Models, LCGM=Latent Class Growth Models, GMM= 

Growth Mixture Models. 

*) smallest class contains < 10 subjects 

**) smallest class contains < 5 subjects 
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Table 3: Rotated factor loadings of the 1- and 2-factor model  

QIDS item 

number 
Item label 

1-factor 

model 

 2-factor model 

 
‘Mood/ 

Cognitive’  
‘Vegetative’  

1-3 Hyposomnia 0.35  0.37 -0.23 

4 Hypersomnia 0.14  0.00 0.85 

5 Feeling sad 0.89  0.88 0.00 

6/7 Changed appetite 0.40  0.36 0.25 

8/9 Changed weight 0.12  0.06 0.36 

10 Concentration 0.85  0.88 -0.13 

11 View of myself 0.69  0.67 0.06 

12 Thoughts of death/suicide 0.66  0.61 0.32 

13 General interest 0.78  0.79 -0.07 

14 Energy level 0.69  0.69 0.01 

15 Psychomotor retardation 0.56  0.56 0.02 

16 Psychomotor agitation 0.39  0.41 -0.08 

QIDS=Quick Inventory of Depressive Symptomatology  

Loadings after oblique Geomin rotation. 

 

LCM 

LCM results are shown in Table 2. The 2-class model has the lowest BIC, whereas 

the AIC continued to decrease with each class addition. The 2-class model (Figure 

3) indicated that heterogeneity among persons could be explained by the existence 

of a low and a high severity class. Motivated by the AIC values, a 3-class model was 

also investigated, which showed a low-severity class (16.8%), but further 

distinguished two more qualitatively different high-severity classes (see Figure 3): 

one class (58.7%) showed higher probabilities of endorsing suicidality, loss of 
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interest, and psychomotor problems than the other high-severity class (24.5%). The 

4-class model showed additional qualitative differentiation between high-severity 

classes, with one class showing a relatively higher probability of suicidal ideation 

(51.2%) and another of relatively higher psychomotor agitation (15.0%; see Figure 

3).  

 

Figure 3: Item probabilities for 2-, 3-, and 4-class latent class models in a sample 

of 147 help-seeking patients. The y-axis denotes the probability of endorsing a 

non-zero response. 
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LCGM and GMM 

GMM models fit better to the data than LCGM models as shown by lower AIC and 

BIC levels. In the GMM the AIC and BIC decreased until addition of a fourth class. 

However, the best fitting 3-class model had one small class (n=3) that could not be 

reliably interpreted. Therefore, the 2-class model was selected for further 

inspection. The observed trajectories are shown in Figure 4: one class (88.2%) was 

characterized by a relatively quick decrease in symptomatology compared to the 

other class, which showed a slower decrease in severity.  

 

Figure 4: Class-specific trajectories of observed mean Quick Inventory of 

Depressive Symptoms (QIDS) scores for the best-fitting (GMM) in a sample of 82 

help-seeking patients. 
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3PCA 

The results of the 3PCA analyses are shown in Table 4, 5 and 6. Because it showed 

comparatively good fit to the data (explained variance=80.3%), a 3PCA model with 

three components in the person-mode, two in the symptom-mode and two in the 

time-mode was selected (3,2,2). The scores on the symptom components (Table 4) 

showed that the symptom mode could be decomposed into a somatic/affective and 

cognitive/appetitive component.  

Table 4: 3PCA symptom component scores 

QIDS item 

number 
Item  

1: somatic/ 

affective 

2: cognitive/ 

appetitive 

1-3 Hyposomnia  0.36 -0.19 

4 Hypersomnia -0.15  0.21 

5 Feeling sad  0.38  0.12 

6/7 Changed appetite -0.01  0.63 

8/9 Changed weight  0.03  0.42 

10 Concentration  0.39  0.00 

11 View of myself  0.16  0.28 

12 Thoughts of death/suicide  0.13  0.36 

13 General interest  0.43 -0.07 

14 Energy level  0.30  0.14 

15 Psychomotor retardation  0.25  0.19 

16 Psychomotor agitation  0.41 -0.25 

3PCA=three-mode principle component analysis; QIDS=Quick Inventory of Depressive 

Symptomatology 
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The scores on the time components (Table 5) indicated that the initial 5 time points 

scored high on one component and time points 6 through 9 scored high on a second 

time component. Considering that these scores represent variability up and above 

the general downward trend in the data, the first component was interpreted to 

represent a ‘persisting’ time component while the second component represented 

an ‘improving’ time component.  

 

Table 5: 3PCA time component scores 

Time points 1: persisting phase 2: improving phase  

1 -0.19 0.48 

2 -0.05 0.50 

3 0.08 0.45 

4 0.11 0.40 

5 0.18 0.35 

6 0.35 0.16 

7 0.49 -0.02 

8 0.55 -0.10 

9 0.50 -0.04 

3PCA=three-mode principle component analysis 

 

The characteristics of the person-mode components could be deduced from the 

core-array (Table 6), which quantifies the interactions between the symptom- and 

time-mode components per person-mode. The first person-mode component was 

characterized by comparatively high somatic/affective and cognitive/appetitive 

symptom-component scores in the first, ‘improving’ time-phase and much lower 
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symptom-component scores in the ‘persisting’ time-phase. As such, persons with 

high scores on the first person-mode component were characterized by ‘overall 

quick recovery’. The second person-mode component was characterized by much 

higher somatic affective than   ‘cognitive/appetitive’ symptom-component scores 

in the ‘improving’ time-phase and this situation remained the same for the 

‘persisting’ time-phase. Therefore, scores on these person-mode components were 

associated with ‘persistent somatic/affective symptomatology’. The third person-

mode component was characterized by slightly different ‘somatic/affective’ and 

‘cognitive/appetitive’ scores in the ‘improving’ time-phase, which both increased in 

the ‘persisting’ time-phase. Scores on this component were thus associated with 

‘overall increasing symptomatology’.  

 

Table 6: 3PCA core component scores 

Person components Time component Symptom component 

1: somatic/ 

affective 

2: cognitive/ 

appetitive 

1: early recovery 1: improving phase 24.55 10.38 

2: persisting phase 5.80 -0.89 

2: persistent 

somatic/affective 

1: improving phase 6.05 -18.89 

2: persisting phase 2.75 -15.89 

3: increasing 

symptoms  

1: improving phase 16.61 4.73 

2: persisting phase 28.60 10.50 

3PCA=three-mode principle component analysis 
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LVMs versus 3PCA 

Some of the traditional LVM results showed parallels with some aspects of the 3PCA 

results. The 3PCA symptom-mode components showed quite some overlap with 

the results of the EFA: items 1-3, 5, 10 and 13-16 were grouped similarly in both 

models, although the component scores of items 11 and 12 (appetite change and 

weight change) in the 3PCA model made the interpretation different from that of 

the EFA model.  

The time-mode components cannot be directly compared to the growth model 

analysis because the former is interpreted as two components of the mode time, 

whereas the latter is interpreted in terms of depression growth-curves over time. 

In as similar vein, the person-mode components cannot be compared to the LCM 

results because the former characterize persons in terms of symptom-component 

scores over time, whereas the latter characterizes persons based only on their 

symptom-score profiles. As such, the core-array of the 3PCA adds an integrative 

aspect to the analyses that is absent from the traditional techniques and allows for 

the description of person-heterogeneity in terms of symptom-scores across time. 

 

Discussion 

Although LVMs can be used to address the heterogeneity of depression in particular 

slices of a three-modal data set, LVMs used so far in depression research are 

unsuited to form a complete picture of depression heterogeneity, integrating all 

sources of heterogeneity at the same time. As such, traditional LVMs are 

suboptimal to find a solution to the heterogeneity problem. Aside from the 

incompatibility of the results obtained from different LVMs and different data-
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slices, the assumptions of local independence of the symptoms and the 

independence of the different data-slices are unrealistic.  

An alternative for traditional LVMs was presented in a 3PCA approach, which 

describes heterogeneity in three-modal data in a more integrated manner by 

simultaneously decomposing each mode into several components and considering 

the interactions between the different sources of heterogeneity. Although 

decomposing a single mode into a number of components by itself is not an 

improvement over more traditional LVMs, 3PCA has the added value that it allows 

for a quantification of the relationship between the various modes’ components. 

Since heterogeneity is difficult to describe by looking at any mode on its own, the 

core array offers interesting new insight into the heterogeneity of depression. 

When applied in research, this means that, rather than just showing how depressive 

symptomatology can be decomposed into symptom domains or showing how a 

sample can be decomposed into subtypes based on symptom profiles, 3PCA 

provides a more integrated insight into how persons differ in terms of their course-

trajectories on different symptom domains. Although 3PCA results can sometimes 

be hard to interpret, the presented results clearly illustrate its use to gain more 

insight into the nature and extent of heterogeneity among depressive patients in a 

given sample, providing an integrated picture of how patients differ from each 

other in terms of their course-trajectories on different symptom domains.  

Limitations 

The results of the current study should be interpreted taking into account some 

study limitations. Firstly, the sample size (N = 82) for the longitudinal analyses is 

arguably small, while the number of time points is limited (T = 9). This is a 

consequence of the number of participants having nine or more measurements; 
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only 82 of them had nine measurements. Consequently, model results might be 

influenced by the difference in sample sizes. Second, there exist numerous ways to 

perform traditional LV analyses. For example, it is conceivable that a different 

rotation method would have resulted in somewhat different factor loadings, which 

would also affect the comparability with the 3PCA symptom-mode components. 

Third, the factor analysis and latent class analysis was performed on data coming 

from the 147 patients, while the longitudinal analyses were performed on data 

from a subset of those patients (n = 82). The latter was due to the fact that in its 

current form, 3PCA cannot handle missing data. 

Future studies should investigate 3PCA in larger samples and incorporate a larger 

number of symptoms and follow-up measurements. Moreover, the scientific 

and/or clinical relevance of 3PCA components should be evaluated. 

 

Conclusions  

Investigation of heterogeneity by using LVMs cannot provide insight into all sources 

of heterogeneity simultaneously. The complexity of the problem requires the 

development of techniques that investigate patient subdivision based on their 

symptomatology and course. To this end, MPCA might prove to be a valuable 

alternative. 
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Abstract 

Our ability to accurately predict development and outcome of early expression of 

psychosis is limited. To elucidate the mechanisms underlying psychopathology, a 

broader, transdiagnostic approach that acknowledges the complexity of mental 

illness is required. The upcoming network paradigm may be fruitful here. In this 

study, we applied a transdiagnostic network approach to psychosis. Data pertain to 

the third wave (second follow-up) of a sample of adolescents originally recruited at 

age 7–8 years. At baseline, N = 347 children with auditory verbal hallucinations 

(AVH) and N = 347 control children were included. N = 293 of these N = 694 children 

participated in the second follow-up (mean age 18.9 years; 59% women). 

Participants completed the Community Assessment of Psychic Experiences (CAPE) 

and the Depression, Anxiety and Stress Scale (DASS-21). A specific type of network 

model, the Ising model, was applied to dichotomized CAPE and DASS items. 

Interconnections of experiences within the same domain were observed, as well as 

interconnections between experiences of multiple domains of psychopathology. 

Quantitative and qualitative differences in network architecture were found in 

networks of psychopathological experiences in individuals with or without AVH at 

age 7–8 years. Although adolescents with or without previous AVH did not differ in 

their current CAPE scores, differences in the interconnectedness of 

psychopathology items were still found, possibly mirroring a difference in psychosis 

liability. This study showed that it is possible to map transdiagnostic experiences of 

psychopathology as a network and that important information can be derived from 

this approach in comparison to regular approaches.  
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Introduction 

Evidence is lacking that psychopathology exists as natural kinds, i.e., as distinct 

clinical disorders, separated from mental health and each other by natural 

boundaries (Kendell and Jablensky, 2003; Kendler, Zachar and Craver, 2011; 

Frances and Widiger, 2012). Instead, there is evidence that psychopathology may 

be expressed dimensionally (Widiger, 2005; Widiger and Samuel, 2005). 

Continuous (i.e. dimensional) expression of symptoms has been shown, e.g., for 

depression, mania, and psychosis (Kendler and Gardner, 1998; Carter et al., 2001; 

Krueger and Piasecki, 2002; Angst et al., 2003; Kendell and Jablensky, 2003; van Os 

et al., 2009; Haslam et al., 2012). Symptom expression is not diagnosis specific, 

which may explain why current diagnostic systems are challenged by high levels of 

comorbidity, extensive clinical heterogeneity, nonspecific treatment effects, and 

lack of diagnosis-specific biological and/or cognitive markers (Kendell and 

Jablensky, 2003; Neagoe, 2003; Widiger, 2005; Widiger and Samuel, 2005; Hyman, 

2010; Kendler et al., 2011). 

The hypothesized psychosis continuum is assumed to be continuous in both 

severity and across time (van Os et al., 2009). As such, psychotic symptoms can be 

present in the absence of psychotic disorder (Yung et al., 1996; McGorry et al., 

2006; van Os et al., 2009). Early psychotic symptoms are often investigated as 

specific predictors of later psychotic disorder (Chapman et al., 1994; Poulton et al., 

2000; Kaymaz et al., 2012); however, this view may be too narrow, as psychotic 

disorders are also predicted by other symptoms such as depression (Yung et al., 

2004). Furthermore, psychotic symptoms are often transient (Kaymaz et al., 2012; 

Fusar-Poli et al., 2014) predict later nonpsychotic disorders (Fusar-Poli et al., 2012; 

Kaymaz et al., 2012; Werbeloff et al., 2012; Lin et al., 2015) and manifest in the 
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context of other disorders, such as depression (Perlis et al., 2011; Wigman et al., 

2014). This suggests that the expression of psychopathological symptoms, including 

psychotic symptoms, is more transdiagnostic than previously assumed and that 

development from mild to more severe states may cross symptom domains. Given 

that symptoms do not adhere to diagnostic boundaries and do not always develop 

within a single diagnostic category (Cramer et al., 2010), a case can be made for a 

broad, transdiagnostic approach to psychopathology, incorporating multiple 

symptoms domains (Borsboom et al., 2011). 

The disease model underlying current classification systems assumes that 

symptoms pertain to a smaller set of underlying disorders that cause these 

symptoms (Kendell and Jablensky, 2003; Borsboom and Cramer, 2013). However, 

this may not be the most accurate representation of psychopathology. There has 

been a shift in focus from disorders to symptoms, circumventing the need for latent 

constructs ‘causing’ these symptoms (Borsboom et al., 2011; Bringmann et al., 

2013; Wigman et al., 2015). However, a focus merely on symptoms may be too 

reductionist (Barabási, 2012), as psychopathology may be better conceptualized as 

a complex system (Barabási, 2012; Buckholtz and Meyer-Lindenberg, 2012), where 

the whole equals more than the sums of its parts. In other words, not only the 

presence of symptoms per se but also their global interconnectedness and the role 

of individual nodes in the network are relevant. The network approach 

hypothesizes that psychopathology results from interactions between symptoms. 

Mental disorders are represented by sets of symptoms, connected in networks of 

causal relationships (Vinogradov et al. 1992; Borsboom et al., 2011; Kendler et al., 

2011; Borsboom and Cramer, 2013; Goekoop and Goekoop, 2014; van Borkulo et 

al., 2014). Over time, these symptom networks are dynamic, capturing reciprocal 

influences between symptoms that may fluctuate over time (e.g., feedback loops). 
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Here, symptoms are recognized as causal factors in the development of 

psychopathology: One symptom (e.g., anxiety) causes another (e.g., paranoia). The 

network approach has been successfully applied in other fields (Cohen et al., 2002; 

Newman, 2018), but is relatively novel in psychiatry, where it has been investigated 

mainly in common mental disorders (Borsboom et al., 2011; Bringmann et al., 2013; 

van Borkulo et al., 2014; Boschloo et al., 2015; Fried and Nesse, 2015a), but less in 

psychosis (Vinogradov et al., 1992; Isvoranu et al., 2016). 

The aim of the current article was to apply network analysis to psychosis from a 

transdiagnostic perspective. We examined the network structure of experiences of 

multiple domains of psychopathology (positive psychotic experiences, negative 

psychotic experiences, depression, anxiety, and stress) in a group of adolescents 

with and without previous auditory vocal hallucinations (AVH). First, we examined 

the general network structure of the total sample, 11 years after AVH assessment. 

Based on previous work on (a) psychotic experiences/symptoms and their 

comorbidity with other domains (Stefanis et al., 2002; Shevlin et al., 2007; Buckley 

et al., 2009) and (b) network analysis of psychopathology (Borsboom and Cramer, 

2013; Boschloo et al., 2016), we expected that (1) multidomain psychopathological 

experiences could be mapped within a complex network structure (i.e., experiences 

within and across domain boundaries would be interrelated), (2) 

psychopathological experiences would be more often connected to other 

experiences within the same domain than to experiences pertaining to other 

domains (e.g., low mood would be more often connected to other depressive 

experiences than to, e.g., experiences of anxiety), and (3) positive psychotic 

experiences would show less within-domain connections than the other domains. 

Childhood AVH are often transitory (Bartels-Velthuis et al., 2016) but may represent 

an index of liability for psychosis (Poulton et al., 2000; Welham et al., 2009; 
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Polanczyk et al., 2010). Therefore, we were interested in comparing the network 

structure of adolescents with and without childhood AVH to see if the underlying 

topography of interrelations of experiences may be different in adolescents with 

and without this liability. We expected that positive psychotic experiences would 

play a more prominent role (i.e. take a more central position) in the network of 

experiences in adolescents with previous AVH, as evidenced by both quantitative 

(i.e. stronger) and qualitative (i.e., more or different) differences in the 

interconnections between positive psychotic experiences and other 

psychopathological experiences. 

 

Methods 

Networks 

A network (or graph) consists of a collection of nodes (vertices) and links (edges). 

The nodes represent variables of interest (e.g., questionnaire items), and the links 

represent a measure of dependency/association (e.g., partial correlations). The 

edges can be directed (unidirectional effects) or undirected (bidirectional effects), 

represented, respectively, as an arrow or line. Edges can be unweighted (indicating 

presence/absence) or have weights representing the strength of the association. In 

networks of psychopathology, nodes represent experiences/emotions/symptoms. 

The main advantage of graphical models over other regular analytic techniques 

such as linear regression (Lauritzen, 1996) is the estimation of complex 

relationships in a collection of random variables. Another advantage is the 

availability of concepts and tools from graph theory that allows us to analyze 

estimated networks in multiple ways. As such, graphical modeling provides 
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information on aspects of individual symptoms as well as on the full graph (the 

system of all symptoms together). There are many software resources for network 

analyses and visualization, e.g., the R-packages igraph (http://igraph.org/r/) and 

qgraph (Schmittmann et al., 2015). Networks can be examined at different levels. 

Aspects of Individual Nodes in the Network 

At the level of individual nodes, a relevant question is which nodes are important 

(i.e., have a more central role in the network), known as node centrality. There are 

various notions of centrality (Costantini et al., 2015). In an unweighted, undirected 

network, the degree of a node counts the number of edges incident to that node. 

In a directed network, we differentiate between in-degree and out-degree, 

counting the number of incoming and outgoing edges, respectively. When the 

edges have weights, the degree also accounts for the strength of the edges by 

summing the absolute value of the weights and is also known as strength. Every 

node in a network has a degree, so we can characterize a network by looking at its 

degree sequence. Another notion of node centrality is betweenness. Betweenness 

centrality of a node is the number of shortest paths between any 2 other nodes 

that pass through that particular node. A node with high betweenness centrality 

lies on many shortest paths between other nodes in the network, acting as a kind 

of ‘hub’ (a node with a degree greatly exceeding the average degree). 

Aspects of the Full Network 

Information can also be deduced on the full network. For example, we can look for 

subgraphs within the network. In this case, we look for groups of nodes (also known 

as communities) that have a strong interdependency. In general, communities are 

seen as groups of nodes where the groups share few edges between them. Several 
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methods for finding communities exist (see supplementary appendix). Different 

communities can be connected by so-called ‘bridge symptoms’: Individual 

symptoms that are linked through edges to multiple communities and thus act as a 

‘bridge’ of communication between 2 clusters (Goekoop and Goekoop, 2014). 

Another example of a network characteristic is the probability distribution of the 

strength of the nodes. Certain types of network (e.g., small-world networks (Watts 

and Strogatz, 1998)) have specific governing distributions that can be estimated. A 

common distribution found in many real-life phenomena (Newman, 2005) is the 

power law distribution. This distribution is based on the mathematical formulation 

f(x) = axk and has the property that scaling the input of the function results in a 

proportional scaling of the relationship itself. This is used to identify power law 

relationships; if a number of points follow a power law relationship, then the log-

log plot of x and f(x) should roughly show a straight line. If the distribution of 

connection strengths would follow a power law, this suggests that the network 

adheres to a so-called “80/20” rule, meaning that relatively few nodes in the 

network have a lot more connections than others (80% of the connections are 

linked to only 20% of the nodes). 

Sample 

Data come from the second follow-up of a sample of adolescents who were 

originally recruited at age 7–8 years (Bartels-Velthuis et al., 2010). The baseline 

case–control sample consisted of N = 347 children with AVH and N = 347 matched 

controls (total N = 694). N = 293 adolescents participated in the second follow-up, 

where a broad spectrum of psychopathological experiences was assessed. For more 

details, see Bartels-Velthuis et al., 2016. At baseline, AVH were assessed in a 2-stage 

procedure. First, children were screened with the question: “In the past year, have 
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you heard one or more voices that only you and no one else could hear?” When 

answered positively, a structured interview to assess AVH was conducted with the 

Auditory Vocal Hallucination Rating Scale (AVHRS) (Jenner and van de Willige, 

2002). Control children were selected from the same original population by 

applying a matching algorithm that took sex, age, and degree of urbanization of the 

school into account.  

Instruments 

Networks of psychopathological experiences were based on data from 2 

questionnaires indexing a broad symptom spectrum. First, the Community 

Assessment of Psychic Experiences (CAPE) was completed (Stefanis et al., 2002), a 

42-item self-report questionnaire assessing mild psychotic experiences that covers 

3 subscales: positive psychotic experiences (20 items), negative psychotic 

experiences (14 items), and depressive feelings (8 items). Each item assesses 

frequency and associated distress on a 4-point scale. Only frequency items were 

used. Two items of the positive subscale were strongly interdependent, namely, 

“hearing voices” and “hearing voices talking to each other.” The latter item was 

deleted because of multicollinearity. Second, the Depression, Anxiety and Stress 

Scale (DASS-21) was completed (Henry and Crawford, 2005), covering 3 subscales: 

depression (7 items), anxiety (7 items), and distress (7 items). Each item is scored 

on a 4-point scale. The Depression subscale was excluded because of 

multicollinearity with the CAPE Depression subscale. 

Analyses 

The network model that was estimated was the Ising model (van Borkulo et al., 

2014) (see supplementary appendix for details on this model and model 
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estimation). The Ising model requires dichotomous data (a symptom is either 

present or absent) and assumes (among others) that activation of a node is 

dependent on the activation of its neighboring nodes. We chose this model because 

(a) it uses a regularization approach, alleviating the fact that there are many items 

relative to the sample size, (b) model interpretation is intuitively easy to grasp, and  

(c) given that this field of analysis is relatively novel, we wanted to use a network 

model that has already been investigated in the area of psychopathology to 

facilitate the comparison and replicability of results and the Ising model has been 

used before (van Borkulo et al., 2014; Boschloo et al., 2015; Boschloo et al., 2016). 

For model estimation, data were recoded to 0 as “not present” and 1 as “present.” 

Other recoding schemes (e.g., rescoring both 0 and 1 to 0) were less than optimal, 

leading to very skewed proportion of 0 vs 1 responses. After fitting the Ising model, 

we analyzed the resulting network using the qgraph package (Schmittmann et al., 

2015) that visualizes graphs and calculates centrality indices. We used the 

“centrality_auto” function to assess node centrality. Also, we calculated the 

connectedness per domain by calculating the ratio of the number of actual edges 

compared the number of possible edges separately for positive psychotic 

experiences, negative psychotic experiences, depression, anxiety, and stress. 

Analysis of the full network was done by investigating which nodes form 

communities, using the function “edge.betweenness.community” from the 

“igraph” package. We also considered the distribution of the strength of all the 

nodes and investigate its shape using the poweRlaw package (Gillespie, 2014) (see 

supplementary appendix for R code).  
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Example 

We compared symptom networks of the 2 original subsamples (i.e. children 

with/without AVH at age 7–8 years) to examine the network structure of a broader 

spectrum of psychopathological experiences for differences between these 2 

groups to provide us with more insights into the underlying mechanisms in 

individuals with lower or higher liability for psychosis.  

 

Results 

Sample 

This follow-up was completed by N = 293 children. N = 283 completed the both 

CAPE and DASS, leaving a final dataset consisting of 55 items in N = 283 children. 

Mean age was 18.9 (SD 0.4) years, and N = 166 (59%) were female. N = 14 (0.4%) 

currently reported AVH, as opposed to 50% at baseline. Mean CAPE positive sum 

score was 4.3 (SD 4.4), mean negative sum score was 8.3 (SD 5.6), and mean 

depressive sum score was 4.7 (SD 3.4). Mean DASS anxiety score was 2.8 (SD 2.8), 

and mean stress score was 4.7 (SD 3.9). Response patterns are shown in Table 1. 
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Table 1. Percentages of Community Assessment of Psychic Experiences (CAPE) 

and Depression, Anxiety and Stress Scale (DASS) Responses by Subscale 

 CAPE DASS 

 Positive Negative Depression Total Anxiety Stress Total 

Original responses 

0 (never) 81.8 54.7 53.3 67.0 69.0 48.8 58.9 

1 
(sometimes) 

14.6 33.7 36.2 25.3 23.4 37.5 30.4 

2 (often) 3.0 9.4 8.4 6.2 6.2 11.1 8.6 

3 (almost 
always) 

0.6 2.2 2.1 1.4 1.4 2.7 2.0 

After recoding 

0 (never) 81.8 54.7 53.3 67.0 69.0 48.8 58.9 

1 (ever) 18.2 45.3 46.7 33.3 31.0 51.2 41.1 

 

Analysis of Individual Nodes 

Results of the Ising analysis are shown in Figure 1. Labels of the nodes in the 

network are listed in supplementary Table 1. Individual node strength and 

betweenness are shown in Figure 2a and 2b, respectively. Note that because not all 

nodes lie on a shortest path, some nodes have zero betweenness. Positive 

psychotic experiences tended to have lower strength compared to the other 

subscales. Summary statistics of strengths are shown in Table 2. Inspecting both 

figures and the table together, it can be seen that there are many interconnections 

(a) within each symptom domain and (b) between experiences of different 

domains. Strong within-domain links that stand out were seen between “feelings 

lacking intensity” and “feelings are blunted” within negative psychotic experiences 

and between “using a lot of nervous energy” and “feeling touchy” and between 
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“feeling agitated” and “finding it difficult to relax” when experiencing stress. Within 

positive psychotic experiences, a strong link was observed between the items 

“thoughts in your head are not your own” and “feeling under external control.” 

Especially negative psychotic experiences and stress show a strong within-domain 

interconnectedness, also expressed in their high values of connection strengths. 

Also, as indicated by the high betweenness values, these experiences were often 

on pathways between other experiences. Thus, they play a very central role in the 

interconnections of the full symptom network. When examining connections 

between experiences of different domains, strong links are observed between the 

negative item of “feeling that you are lacking in energy” and the depression item of 

“feeling tense.” Another strong link was seen between the anxiety item of 

“experiencing breathing difficulty” and the positive psychotic item of 

“doppelganger.” 
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Figure 1. Representation of network model of Community Assessment of Psychic 

Experiences (CAPE) and Depression, Anxiety and Stress Scale (DASS) items  
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Table 2. Mean Node Strength of the 5 Subscales 

Strength Mean Variance Median 

Positive psychotic experiences 0.78 0.58 0.82 

Negative psychotic experiences 1.91 0.68 2.02 

Depressive feelings 1.63 0.59 1.41 

Anxiety 1.54 1.31 1.63 

Stress 2.47 1.45 2.50 

 

When comparing the connectedness within the 5 subdomains, positive psychotic 

experiences showed the lowest within-domain connectedness (ratio of number of 

actual edges vs the number of possible edges of 0.047) followed by depressive 

experiences (ratio 0.179). Experiences of stress had the highest connectedness 

(ratio 0.619). The connectedness of negative psychotic experiences (ratio 0.247) 

and of experiences of anxiety (ratio 0.286) was comparable. This means that 

positive psychotic experiences were less connected to each other than experiences 

of other psychopathological domains and that experiences of stress were more 

connected to each other. 

In total, 101 edges were identified in the network. Of these, 56 edges were within-

domain edges (e.g., a depressive item connected to another depressive item) and 

45 were between-domain edges (e.g., a depressive item connected to an anxiety 

item). Thus, there were more within-domain connections than between-domain 

connections. 
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Analysis of the Full Network 

We found 6 large communities. Grouping of the items into these communities is 

listed in Table 3 and visualized in Figure 3. Two smaller communities were found, 

with, respectively, 3 or 4 experiences. The other 4 communities contained larger 

groups of items. Only 1 community (community 5) consisted of items all belonging 

to the same domain (positive psychotic experiences). The other communities were 

a mix of experiences of multiple domains, although often experiences pertaining to 

1 domain were “dominant” (e.g., in community 2, the vast majority of items pertain 

to negative psychotic experiences). There were various items that were not 

connected to any community, meaning that they were not detected by this specific 

community-detection algorithm as belonging particularly to any of the 

communities. Thus, these items are less likely to co-occur with other items. Items 

of different communities that share an edge serve as a bridge between 2 

communities (referred to in the literature as “bridge-symptoms,” a term we will 

also use here even though we in general speak about experiences instead of 

symptoms). One such bridge-symptom is the item “I worried about situations in 

which I might panic,” connected to 3 other communities outside its own. This item 

thus refers to a crucial experience in terms of spreading of activity: Whenever this 

particular symptom is present, the chance that other communities of experiences 

also are activated (i.e., the chance of comorbidity) increases. This chance of 

coactivation is less when non-bridge-symptoms are activated. 
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Table 3.  Grouping of Items Into 6 Communities 

Item Domain 

1
 (

ye
llo

w
) 

2
 (

lig
h

t 
p

u
rp

le
) 

3
 (

d
ar

k 
p

u
rp

le
) 

4
 (

re
d

) 

5
 (

gr
ee

n
) 

6 
(o

ra
n

ge
) 

7
 (

m
in

t 

gr
ee

n
) 

Being 

persecuted 

Positive x       

Believe in 

occult 

Positive x       

Worried about 

panic 

Anxiety x       

Not much of a 

talker 

Negative  x      

No interest in 

people 

Negative  x      

Lacking 

motivation 

Negative  x      

Spending days 

doing nothing 

Negative  x      

Lacking 

spontaneity 

Negative  x      

Neglecting 

hygiene 

Negative  x      

Never get 

things done 

Negative  x      

Few hobbies or 

interests 

Negative  x      

Feel sad Depressive  x      

Not a very 

animated 

person 

Negative   x     

3 



A transdiagnostic network approach to psychosis | 67 

 

 

Lacking in 

energy 

Negative   x     

Feel guilty Depressive   x     

Feel tense Depressive   x     

Difficult to 

relax 

Stress   x     

Hard to wind 

down 

Stress    x   
 

Over-react to 

situations 

Stress    x    

Using a lot of 

nervous energy 

Stress    x    

Getting 

agitated 

Stress    x    

Intolerant of 

anything 

Stress    x    

Rather touchy Stress    x    

Close to panic Anxiety    x    

Double 

meaning 

Positive    x    

Electrical 

devices 

Positive     x   

Thoughts in 

your head 

Positive     x   

Vivid thoughts Positive     x   

Under control 

of force 

Positive     x   

Things in 

magazines or 

on TV 

Positive      x  
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Communicate 

telepathically 

Positive      x  

Doppelganger Positive      x  

Breathing 

difficulty 

Anxiety      x  

Experienced 

trembling 

Anxiety      x  

Over-react to 

situations 

Anxiety      x  

Scared without 

reason 

Anxiety      x  

Cry about 

nothing 

Depressive      x  

Pessimistic 

about 

everything 

Depressive       x 

No future Depressive       x 

Do not want to 

live anymore 

Depressive       x 

Feel like a 

failure 

Depressive       x 

No emotions at 

important 

events 

Negative       x 

Feelings lacking 

intensity 

Negative       x 

Emotions are 

blunted 

Negative       x 

Look oddly 

appearance 

Positive       x 

Note: As not all nodes are grouped into communities (some items are isolated, as shown in Figure 

3), not all items are in this table.  

3 



A transdiagnostic network approach to psychosis | 69 

 

 

 

 

Figure 3. Grouping of Community Assessment of Psychic Experiences (CAPE) and 

Depression, Anxiety and Stress Scale (DASS) items in communities. 
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Power Law 

The log-log plot of the cumulative distribution function of the data as well as a line 

representing a power law is presented in Figure 4. To assess goodness-of-fit, we 

followed a bootstrap procedure (Clauset et al., 2007). This resulted in P = .815, 

indicating that a power law of the node strengths cannot be ruled out. However, 

because the sample is rather small (48 nodes with nonzero strength), this test is not 

conclusive.  

 

 

Figure 4. Log-log plot of node strengths 
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Example 

We compared 2 networks of multiple-domain psychopathological experiences in 

the 2 original subgroups of the sample, namely, individuals with/without AVH at 

age 7–8 years (figure 5). Although the N = 14 individuals with current AVH scored 

higher on both CAPE and DASS,46 the original 2 subgroups differed only in DASS 

anxiety score in the current follow-up (AVH = 3.4, SD 3.2; no AVH = 2.2, SD 2.2; P < 

.001). As the groups became much smaller, the ratio of number of nodes  

(experiences) to number of participants became unfavorable for model estimation. 

To reduce the number of items, we used only the CAPE dimensions, leaving out the 

DASS. The item on “hearing voices” was excluded for both subgroups, as this is the 

defining experience that originally differed between subgroups. More connections 

between positive psychotic experiences and fewer connections between 

depressive feelings were seen in individuals with AVH. The number of connections 

between negative psychotic experiences was comparable, but qualitatively 

different, as different items were connected. Interestingly, the depressive and 

negative dimensions are closely interconnected in both subgroups but even more 

strongly in individuals without AVH. Individuals without previous AVH had a strong 

connection between “feeling like a failure” and “feeling there is no future for me”; 

individuals with previous AVH had a strong connection between “feeling that 

thoughts in your head are not your own” and “feeling under external control.” 
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Discussion 

We applied a network approach to psychopathology in adolescents, originally 

recruited as a matched case–control sample of children with/without AVH at age 

7–8 years. An important aspect of the study was the transdiagnostic approach, 

incorporating experiences from multiple domains of psychopathology (Kendler, 

Zachar and Craver, 2011), namely, positive psychotic experiences, negative 

psychotic experiences, depression, anxiety, and distress. As hypothesized, we 

found that it was possible to map a complex network of multidomain 

psychopathological experiences. Also, we found that, although psychopathological 

experiences showed more connections within each domain than between the 

different domains, experiences of different domains were closely connected and 

that positive psychotic experiences were the least connected. Although the 

adolescents with or without previous AVH did not differ in their scores on the CAPE 

at the current measurement, differences in the interconnectedness of experiences 

were still found, possibly reflecting a network characteristic indexing psychosis 

liability. These differences pertained to the number and nature of the experiences 

as well as to the strength of the connections. 

Our results show that it is possible to map multidimensional experiences as a 

network and that examination of interconnectedness of experiences provides 

information that cannot be easily distilled from composite scores, e.g., correlations 

of sum scores (Borsboom and Cramer, 2013; Fried and Nesse, 2015c). This was seen 

within each domain, as not all experiences connected to each other in similar ways. 

For example, the stress item “using a lot of nervous energy” was connected to many 

other stress items, and thus formed a more central symptom in the network 

compared to the item of the same domain “intolerance for distraction” that was 
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only connected to one other stress item. Negative psychotic experiences showed 

the most interconnections, whereas positive psychotic experiences showed the 

least. Also, positive psychotic experiences showed the lowest within-domain 

connectedness (i.e. were least often connected to other experiences in the same 

domain). This suggests that positive psychotic experiences are more “independent” 

than other psychopathological experiences, in that their presence in itself does not 

necessarily trigger the activation of other symptom domains. This could be in line 

with the notion of psychotic experiences as a relative independent “index of 

severity” that can be copresent in all other psychopathology domains (Sarchiapone 

et al., 2012). This difference in connectivity may be partly explained by the higher 

mean scores of the negative domain. However, the difference in mean score does 

not explain all: although mean item scores were similar for negative and depressive 

experiences, negative experiences were more interconnected, reflected in more 

edges and higher mean edge strength. This is in line with a recent study showing 

that, in a network of psychopathological experiences, the prevalence of 

experiences was not associated with the number of connections, although they did 

find some evidence that floor effects may occur in case of less-frequent experiences 

(Boschloo, Schoevers, et al., 2016). Thus, shifting the focus from experiences or 

symptoms per se to the dynamics between symptoms seems to yield important 

information, as it allows us to examine roles and/or contributions of individual 

items. This is important, as different symptoms may play different roles for 

different patients and this may affect treatment choice and response. 

Besides within-domain interconnections, we also observed many interconnections 

between multiple domains of psychopathology. In line with previous work 

(Boschloo, Schoevers, et al., 2016), more within-domain connections were found 

than between-domain connections. Studying these interconnections provides 
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more detailed information than a correlation of sum scores: It specifically shows 

how 2 specific experiences are associated, facilitating development of targeted 

interventions. The many domain-crossing links, especially between depressive and 

negative experiences, underline the need to work cross-diagnostically and to 

examine the relationship of symptom  (domains) not only within a single diagnostic 

construct but also in relation to other symptom (domains). This is especially 

important when addressing the development of psychopathology, as the level of 

boundary-crossing may change with phase of illness (McGorry and van Os, 2013). 

In addition to information on individual experiences, network analysis also yields 

important information on the full network, i.e., the whole system of experiences 

together. The (suggested) presence of a power law may indicate that the symptom 

network acts as a scale-free network, and may have some of its characteristics such 

as the presence of hubs (Cohen et al., 2002; Goekoop and Goekoop, 2014). Hubs 

have central positions in a network and therefore may be ideal for targeted 

intervention. In the network of the total sample, the item “getting agitated” had 

the highest strength and thus might qualify as a “hub.” Targeting specifically 

agitation in treatment may then influence the dynamics of all other symptoms, as 

the network model assumes direct influence between individual nodes (Cramer et 

al., 2010). 

The presence of different communities demonstrates alternative ways of grouping 

experiences than according to their original domain, providing information on 

patterns of co-occurrence. Some clusters still capture experiences of 1 domain, e.g., 

cluster 5 only consists of positive psychotic experiences. However, other clusters 

(e.g., clusters 3 and 6) encompass experiences from 3 or 4 domains. One cluster of 

experiences, e.g., shows that some positive psychotic experiences co-occur with 
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specific anxiety experiences. This could alert clinicians on the possible copresence 

of psychotic experiences when assessing anxiety and may guide intervention 

strategies in a way that considers dynamic relationships between anxiety and 

psychosis. These findings also show that not all experiences may have equal roles 

in clinical presentation. Apparently, certain positive psychotic experiences (e.g.,  

“feeling under control of an external force”) are more likely to co-occur with other 

positive psychotic experiences than others (e.g., “feeling persecuted”). These 

nuances would not have been detected with regular approaches using sum scores. 

Identifying communities also helps us to identify bridge-symptoms (Goekoop and 

Goekoop, 2014) that may play an important role in understanding the spreading of 

activation through a network. As bridge-symptoms are relatively easy to connect to 

all other nodes in a network, they have a relatively strong influence on the global 

structure of the network (Goekoop and Goekoop, 2014). For example, if a patient 

reports only non-bridge-symptoms within one cluster, the chances of coactivation 

of other symptom clusters (communities) is smaller than when a patient does 

report a bridge-symptom of this symptom community, as the presence of this 

symptom also increases the chances of activation of the other symptoms in the 

community that the bridge-symptom is connected to. Similar to identifying hubs, 

identifying bridge-symptoms could be an important goal for clinicians to guide 

treatment: targeting a bridge-symptom could prevent spreading of activation 

throughout the symptom network and could potentially limit or prevent the 

presence of comorbidity. 

Comparing symptom networks of different populations may reveal interesting 

information regarding (differences in) the development of psychopathology. 

Ideally, networks of individuals with/without current AVH would have been 
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compared; however, this was impossible due to the small number of individuals 

with current AVH. Still, comparing the original subgroups yielded interesting 

information. Even though adolescents with and without previous AVH scored 

equally high on positive and negative psychotic experiences, as well as on 

depression, both qualitative and quantitative differences in network structure 

between the groups were apparent. These differences in network architecture 

could thus not be explained by current differences in CAPE sum scores. Analyses 

showed, e.g., that in the group with previous AVH, positive psychotic experiences 

were more interconnected compared to the group without previous AVH, which 

could be expected. Interestingly, the group without previous AVH showed more 

interdomain connections of positive psychotic experiences with both other 

domains than the group with previous AVH. More detailed examination revealed 

that the nature of the experiences in the interdomain connections was very 

different: For example, in the group without previous AVH, the “milder” item of 

“feeling that people are not what they seem to be” was linked to the (negative) 

item of “having few interests or hobbies,” whereas in the group with previous AVH, 

items that were linked with other items were, among others, “feeling under control 

of an external force,” “seeing things that others do not,” and “hearing your 

thoughts being echoed back.” These items seem comparatively more “severe.” 

Again, these nuances at the level of individual items would be lost if plain 

correlations between the domains would be compared across the 2 groups. 

Apparently, dynamics between mental experiences have different patterns in 

individuals who as children had lived experience of psychosis. This may suggest that 

in individuals with a higher liability for psychosis, interconnectedness between 

symptoms may be different. Mapping the dynamics between experiences of early 
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psychopathology may help to better understand the ontogenesis of clinical 

disorders. 

Applying the network approach to psychopathology is an exciting new avenue for 

psychiatric research, as it offers us a new array of tools to examine experiences and 

symptoms. It allows a focus on the role of individual symptoms and on the dynamics 

between symptoms. Also, it is very well suited to model psychopathology 

transdiagnostically. However, some criticisms may be brought to bear on the 

methodology presented in this article. Although the network approach is 

conceptually intuitive and attractive in various areas of science, its applicability in 

psychopathology, as well as its ability to generate replicable results, is still in its 

infancy. Clearly, more empirical research is needed. Most work to date is cross 

sectional in nature, often pertaining to (partial) correlations and leaving questions 

concerning causality, undersampling, and dynamic associations between 

symptoms over time unanswered. Another complication concerns the choice for a 

particular network model. A variety of statistical models exist that attempt to 

uncover network structures between variables, and it is currently not clear which 

model is appropriate for a given set of research questions. The Ising model makes 

a number of assumptions, one of the most notable being one that assumes all 

variables in the network have a “preferred” state. The exact interpretation of this 

in the context of psychopathology is not clear yet. The inclusion and interpretation 

of covariates in a network, while mathematically trivial, is also an open matter of 

research. Moreover, a wide variety of mathematical tools exist, and it is not certain 

which specific characteristics of a network are relevant to analyze. Most research 

so far (including the current work) has focused on mapping the network structure 

of a given set of psychopathological symptoms. However, the true challenge lies in 

the exploration of the question whether certain network characteristics are able to 

3 



A transdiagnostic network approach to psychosis | 79 

 

 

predict outcome measures of interest, such as developmental course or 

clinical/functional outcome. Also, it is not known to what degree network models 

are suitable to describe group tendencies, given the highly individual nature of 

symptom dynamics that may require a within-person design rather than a between-

person design. Also, it is important to keep in mind that network analysis is a tool 

for understanding psychopathology. As with all theoretical paradigms, the network 

approach is another model that we use to attempt to better understand 

psychopathology, and it cannot provide “the” answer to existing questions. 

Thorough validation of the model, especially in terms of predictive validity of course 

and outcome of network parameters, is necessary to better estimate the value of 

this approach. 

The current article is, to our knowledge, one of the first to examine the 

interconnectedness of psychotic experiences with other domains of 

psychopathology. Although half of the sample reported AVH at baseline, the 

current wave included only a minority of individuals with AVH. Still, the nature of 

this sample and the fact that the current analyses were secondary to the original 

research question should be kept in mind when interpreting the results, and 

replication is necessary. In particular, the division of the subgroups of adolescents 

with/without previous AVH should be kept in mind and future studies may want to 

assess subgroups that are based on different criteria. We discussed network 

aspects that were of interest for the current data; however, our choices inevitably 

represent a selection of all possibilities. The current article used cross sectional 

data, and thus, no conclusions can be drawn regarding causality of associations. 

This article analyzed network structures at the group level. For individualized 

networks of symptoms that may eventually contribute to personalized medicine 

and treatment (van Os et al., 2013), investigating dynamic (Odgers et al., 2009), 
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intraindividual networks over time is necessary. As the network approach in 

psychiatry is relatively new, current work (including this article) is often more 

hypothesis-generating in nature. In future research, specific hypotheses should be 

tested; e.g., parameters derived from network analysis could be used to predict 

important variables, such as course or outcome of early psychopathology. This, 

eventually, may help to tailor treatment that is better matched to individual needs. 
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Abstract 

Background 

Differences in within-person emotion dynamics may be an important source of 

heterogeneity in depression. To investigate these dynamics, researchers have 

previously combined multilevel regression analyses with network representations. 

However, sparse network methods, specifically developed for longitudinal network 

analyses, have not been applied. Therefore, this study used this approach to 

investigate population-level and individual-level emotion dynamics in healthy and 

depressed persons and compared this method with the multilevel approach. 

Methods 

Time-series data were collected in pair-matched healthy persons and major 

depressive disorder (MDD) patients (n = 54). Seven positive affect (PA) and seven 

negative affect (NA) items were administered electronically at 90 times (30 days; 

thrice per day). The population-level (healthy vs. MDD) and individual-level time 

series were analyzed using a sparse longitudinal network model based on vector 

autoregression. The population-level model was also estimated with a multilevel 

approach. Effects of different preprocessing steps were evaluated as well. The 

characteristics of the longitudinal networks were investigated to gain insight into 

the emotion dynamics. 

Results 

In the population-level networks, longitudinal network connectivity was strongest 

in the healthy group, with nodes showing more and stronger longitudinal 

associations with each other. Individually estimated networks varied strongly 
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across individuals. Individual variations in network connectivity were unrelated to 

baseline characteristics (depression status, neuroticism, severity). A multilevel 

approach applied to the same data showed higher connectivity in the MDD group, 

which seemed partly related to the preprocessing approach. 

Conclusions 

The sparse network approach can be useful for the estimation of networks with 

multiple nodes, where overparameterization is an issue, and for individual-level 

networks. However, its current inability to model random effects makes it less 

useful as a population-level approach in case of large heterogeneity. Different 

preprocessing strategies appeared to strongly influence the results, complicating 

inferences about network density. 
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Introduction 

Although major depressive disorder (MDD) is predicted to become one of the most 

important contributors to the global burden of disease (Mathers and Loncar, 2006), 

the condition remains poorly understood. Despite many research efforts, the 

etiological mechanisms underlying depression are still unclear and accurate 

prediction of outcome and course in MDD patients has proven difficult. An 

important reason for this may lie in the heterogeneity of MDD, both in terms of the 

possible variations in patients’ symptom patterns and in course trajectories 

(Widiger and Samuel, 2005; Wardenaar and de Jonge, 2013). Furthermore, the 

definition of MDD as formulated in the Diagnostic and Statistical Manual (DSM) is 

based on clinical consensus rather than empirical research, limiting its validity and 

usefulness in scientific research (Kendell, 1989b; Shorter, 2003). 

Researchers have attempted to develop alternative, data-driven diagnostic systems 

focusing either on the identification of symptom dimensions or discrete 

sub/prototypes to provide more homogeneous descriptions of psychopathology, in 

particular MDD (van Loo et al., 2012). Most researchers have used latent variable 

models (LVM) to identify such symptom dimensions (e.g., Clark and Watson, 1991; 

Watson, 2005) or subtypes (e.g., Sullivan et al., 1998; Lamers et al., 2010). However, 

it has been argued that, like DSM classifications, the diagnostic entities resulting 

from LVMs do insufficient justice to the dynamic nature of psychopathology 

because they assume that all observed symptoms are manifestations of a single 

underlying disorder or severity construct (e.g., Cramer et al., 2010). Because of this, 

these diagnostic descriptions provide no insight into temporal relationships and 

interactions between individual symptoms. This is unfortunate, because in real life 

symptoms may develop consecutively, with the onset of one symptom influencing 
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the onset and/or persistence of other symptoms (Borsboom et al., 2011). It has 

been suggested that such dynamic processes could be captured using techniques 

from network analysis, which could provide deeper insights into the dynamic 

phenomenology of psychopathology and the underlying mechanisms (e.g., Cramer 

et al., 2010; Borsboom 2011; Borsboom and Cramer, 2013). 

In the network framework, psychopathology is represented as a network, in which 

nodes that represent symptoms or emotions are connected to each other by edges 

that represent some measure of association (e.g., correlations or regression 

coefficients). This approach can be used to visualize and analyze the relationships 

between responses on questionnaires or symptoms reported in clinical interviews. 

For instance, a simple matrix of (partial) correlations between symptoms can be 

visualized as a network, enabling subsequent analyses with dedicated techniques 

from graphical modeling/network analysis (e.g., centrality indices, connectivity 

indices, clustering algorithms). Network analyses can both be used to investigate 

the cross-sectional correlations between symptoms at a specific point in time and 

to investigate temporal associations between symptoms or emotions in 

longitudinal studies. Most studies have thus far used the former approach to get 

some insight into the cross-sectional correlation networks and, for instance, the 

centrality or clustering of certain symptoms within these networks (e.g., Cramer et 

al., 2010; Fried and Nesse, 2015b). 

Interestingly, the longitudinal network approach, which allows for the investigation 

of how symptoms or emotions influence each other over time, has been used less 

often, although a few studies have used networks to analyze the structure of 

longitudinal associations in a multilevel data analysis framework (Bringmann et al., 

2013; Wigman et al., 2013, 2015; Pe et al., 2015a). The relative scarcity of 
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longitudinal network models may lie in the associated analytical difficulties. A key 

challenge lies in distinguishing the relevant, longitudinal within-person correlations 

between emotions over time from the contemporaneous correlations at each time 

point. In addition, the question has remained unanswered whether longitudinal 

emotion networks are best studied at the population level or by generating a 

separate network for each individual member of the population. This latter 

approach might be optimal to gain insight into the actual temporal dynamics 

between emotions as they occur in individuals, because it would prevent the 

observed effects from being obscured by averaging across a heterogeneous pool of 

individuals. When using large numbers of repeated measures, the data of a single 

individual can be treated as a time series, allowing for data analysis at the person 

level and generation of person-specific networks. However, estimation of such 

person-specific longitudinal networks is not a trivial matter. 

Fortunately, analytical methods have recently been developed that are specifically 

aimed at analyzing individual time-series data using network techniques. Abegaz 

and Wit (Abegaz and Wit, 2013) introduced a method that uses a penalized vector 

autoregression (VAR) model to estimate both contemporaneous and temporal 

associations in time-series data and demonstrated the use of this method in gene 

expression data. Using this approach, the contemporaneous and temporal 

associations can be investigated separately. In addition, the penalized approach has 

the advantage of reducing the number of spurious associations included in each of 

the networks. 

The present study was aimed to apply the sparse longitudinal network approach to 

time series of affective states (further called ‘emotions’) (90 measurements; 3 

times per day), collected in a group of 27 MDD patients and a group of 27 pair-
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matched healthy subjects. Both population-level and individual-level analyses were 

performed. First, network analyses were performed on the pooled time-series data 

of the MDD group and on those of the healthy group. The resulting networks were 

compared in terms of overall connectivity and the nodes with the largest in- and 

out-strength. To investigate how the sparse VAR results compare to results 

obtained with the previously used multilevel approach (Bringmann et al., 2013; 

Wigman et al., 2013, 2015; Pe et al., 2015b), the population-level networks were 

also estimated with the multilevel approach and compared to the sparse VAR-

based networks. In addition, because different data pre-processing steps can be 

used (i.e. detrending or not; transformation or not; group-wise vs. individual-wise 

preprocessing), the effects of different preprocessing choices were evaluated. 

Next, network analyses were conducted on each subject’s individual data, and it 

was evaluated whether the connectivity of individual networks was associated with 

depression status (MDD vs. healthy) and other clinical and personality factors, in 

order to gain insight into the possible determinants of inter-individual differences 

in emotion dynamics. In line with the network perspective of psychopathology as a 

dynamic network of interacting symptoms (Borsboom and Cramer, 2013; 

Bringmann et al., 2013), this study focused on the temporal associations. 

 

Materials and methods 

Participants and procedures 

Data were collected as part of the Mood and Movement in Daily Life (MOOVD) 

study (Bouwmans et al., 2015). The study included 27 MDD patients and 27 healthy 

4 



94 | An investigation of emotion dynamics in depressed patients and healthy persons 

 

persons, pair-matched by age, gender, smoking behavior, and BMI. During a period 

of 30 consecutive days, participants filled in a questionnaire thrice per day using an 

electronic diary. This procedure led to a dataset with up to 90 repeated 

assessments per subject. The study protocol was approved by the Medical Ethical 

Committee of the University Medical Center Groningen and conducted in 

accordance with the Declaration of Helsinki. All participants provided written 

informed consent. 

Measures 

A list of self-report items was administered at each time point with an electronic 

device (PsyMate, PsyMate BV, Maastricht, the Netherlands). Seven positive affect 

(PA) items (feeling talkative, enthusiastic, confident, cheerful, energetic, satisfied, 

and happy) and seven negative affect (NA) items (feeling tense, anxious, distracted, 

restless, irritated, depressed, and guilty) were used. These items were adapted 

from a previous study (Bylsma et al., 2011) where they had proven to be very useful 

for experience sampling research. The items were rated on a 7-point Likert 

response scale. The affect items are further called ‘emotions’, in line with previous 

studies on this topic (e.g., Bringmann et al., 2013; Pe et al., 2015a). At baseline, the 

BDI (Beck et al., 1961) was used to assess depression severity in the MDD and 

control group. A person was placed in the control group if the BDI score was less 

than 9 and placed in the MDD group if the BDI score was over 14. Next, the 

Composite International Diagnostic Interview (CIDI) (Kessler and Üstün, 2004) was 

administered to verify the presence (MDD group) or absence (control group) of a 

current or recent (<2 months) diagnosis of MDD according to DSM-IV criteria. The 

Eysenck Personality Questionnaire (Eysenck and Eysenck, 1975) was used to assess 

baseline neuroticism in all subjects. 
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Statistical analyses 

Data preprocessing 

The percentage of missing observations was 8.2% and 6.8% in the MDD and control 

group, respectively. Length of the time series was 83.2 on average (sd = 7.4). 

Missing data points were imputed with multiple imputation using R-package 

‘Amelia’ (Honaker et al., 2011). The length of the time series after imputation was 

90. All analyses were performed in ten imputed datasets and results were 

subsequently averaged. Because VAR models assume stationary data, we 

detrended the data by (i) fitting a nonparametric smoothing spline to the univariate 

time series of each item (using R’s smooth.spline function, choosing degree of 

freedom = 2), and by (ii) subtracting this curve from the original time series. Since 

the data consisted of Likert-style responses with skewed distributions, we relaxed 

the assumption of normality by transforming each item using the normal quantile 

transformation described in (Bogner et al., 2012). This transformation is similar to 

a Gaussian copula in the sense that the marginals are non-parametrically estimated 

empirical cumulative density functions; see also (Liu et al., 2012a). Both 

preprocessing steps (detrending and quantile transformation) were done per item 

and pooled over all individuals of the group for the population-level analyses; and 

per item per individual for the individual-level analyses. Other preprocessing steps 

have been previously used in longitudinal network studies. For instance, Bringmann 

et al. (2013) used person-mean centering without detrending and did not transform 

the data. To investigate the effect of our preprocessing choices on the network 

results, the multilevel analyses were run multiple times with different sets of 

preprocessing steps. 
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Network estimation 

A modified VAR model was used for the current analyses (Abegaz and Wit, 2013). 

This model is different from a standard VAR model in that the estimation of the 

contemporaneous and temporal associations is performed using a regularized 

estimation approach (Tibshirani, 2011). In a standard approach, the parameters of 

a model may be estimated by maximizing the (log-)likelihood of the model. 

However, with a regularization approach this likelihood is modified to include a 

penalty function, which grows with the number and/or size of the model 

parameters, resulting in a sparser model compared to the model that would be 

estimated with a standard likelihood. In some situations, regularization allows one 

to estimate a model when there are more variables than sample points (e.g., in 

genetic datasets), but more generally, facilitates the interpretability of model 

results. Because the population-level networks were devoid of edges when using 

an information-criterion-type selection method, the regularization hyper-

parameters λ1 and λ2 were set to 0.38 and 0.05, respectively, for all network 

analyses. These values were chosen because the regularization values provided by 

the default optimality criterion resulted in a network structure that was nearly 

empty and not useful for our purposes. Instead, we picked a value for λ1 from a 

range of possible values by refitting the population level models to 100 simulated 

dataset using a block-bootstrap and selecting a value for λ1 from the interquartile 

range. In addition, we set λ2 at 0.05, to achieve a suitable sparsity. See Tibshirani 

(2011) for more on the role of hyper-parameters in regularization. 

The connection between VAR models and networks has been described previously 

(Dahlhaus and Eichler, 2003; Gao and Tian, 2010). When a VAR model is 

operationalized as a network model, the regression coefficients correspond to the 
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edge weights in the network. If A represents the matrix of regression coefficients 

between the outcomes at time t versus the outcomes at time t-1, then the entry a 

of A at place (j,k) represents the association between item j at time t-1 and item k 

at time t. Because the regression coefficients in a VAR model represent relations 

over time, the edges are arrows instead of lines, giving a directed (longitudinal) 

network. The other main parameters of the VAR model, i.e. the covariance matrix 

of the noise at time t representing the contemporaneous associations can also be 

visualized in a network. The entries of this matrix represent the estimated 

covariance between item j and k. These can be converted into a partial correlation 

matrix and visualized in an undirected contemporaneous network. To gain insight 

into the group- and individual differences in emotion dynamics over time, the main 

focus of this study was on the regression coefficients and the associated directed 

network. In addition, the covariance matrix was estimated and the associated 

undirected network inspected. To calculate the partial correlation matrix, the 

inverse of the covariance matrix was taken, resulting in the so called precision 

matrix (see Abegaz and Wit, 2013), which was rescaled to a partial correlation 

matrix (Lauritzen, 1996). All VAR models were run with time lag 1. In the 

population-level analysis, data from persons are treated as replications from the 

same population (i.e. the model is a constant coefficient model) (Horváth and 

Wieringa, 2008). 

In addition to the sparse VAR-based models, population-level networks were also 

estimated with the multilevel approach presented by Bringmann et al. (2013). In 

this multilevel approach, univariate multilevel regression models are fitted to each 

emotion variable, using the lagged values of all other emotion variables as 

predictors. The models were estimated using the lme function of the R package 

nlme. Emotion scores were person-mean centered in advance. Random slopes 
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were included for each variable in the model. The need to include a time trend was 

tested by comparing models with and without time trend (average BIC across 

univariate models). Models without time trend were favored by the BIC 

comparisons. Mimicking the Bringmann et al. (2013) code was not completely 

possible, as having 14 items meant that we had to specify a parsimonious random 

effect covariance structure to get the lme function to run at all (independent vs. 

unstructured covariance structure). 

All above described analyses were run treating the overnight lag similarly to the 

other time lags in the dataset. By using this approach, one assumes that the 

overnight lag is comparable to the in-day time lags (e.g., morning-afternoon), which 

may not be the case. Therefore, we also reran the multilevel analyses with the 

overnight lag set to missing, to investigate the effect of including vs. excluding the 

overnight lag. This was only done with the multilevel approach because this 

approach has been most widely used to previously analyze diary data and is capable 

of handling missing data points. 

 

Analyses of the population networks 

After network estimation in the healthy and MDD groups, the resulting networks 

were compared on several aspects. First, incoming and outgoing edges were 

investigated by looking at the in- and out-strength of each node. The in- and out-

strength of a node is computed by summing the absolute values of in- and outgoing 

edge weights, respectively. The nodes (emotions) with the highest in- and out-

strength were then compared between groups by means of visual inspection. Third, 

the degree of connectivity was compared between the healthy and MDD groups. 

This was done by considering network density, which is defined as E/(V*(V– 1)) 
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where E is the number of edges and V is the number of nodes (Coleman and Moré, 

1984). Autoregressive effects were not included in this density measure, but a 

variant that does include autoregressive effects was also computed. Using a Monte 

Carlo permutation test (Collingridge, 2013) it was investigated whether the two 

group networks differed significantly in terms of network density. In this test, the 

original group members were repeatedly reshuffled (30,000 times) into two new 

groups, after which the network density was recomputed. Plotting the histogram 

of the resulting differences indicates how ‘extreme’ the density difference in the 

original data is compared to what would be expected based on random variation 

alone. This permutation test was performed in each imputed dataset and the 

results were averaged. 

 

Analyses of the individual networks 

Individual networks were estimated using the same procedures as above, but now 

separately for each individual. After fitting the individual networks, it was 

investigated if and to what extent variations in network density across individuals 

were related to having an MDD diagnosis, as previous studies suggested that a 

depressed state may be characterized by more highly connected emotion networks 

than a healthy state (Wigman et al., 2013, 2015; Pe et al., 2015a). In addition, to 

gain more insight into other possible determinants of inter-individual network 

differences, the associations between subjects’ network densities and baseline 

neuroticism, BDI scores, and mean NA levels were analyzed with univariate linear 

regression analyses. The association between network density and BDI score was 

analyzed per group, because the BDI score was also used as an inclusion criterion, 

leading to a clear design-based distinction in BDI sum score between the groups. 
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Regression models with NA and neuroticism, respectively, as the independent 

variables were run in both groups combined. All preprocessing, missing data 

imputation and statistical analyses were performed in R (version 3.2.0.) All used 

scripts are available from the first author. 

 

Results 

Sample descriptive information 

Demographic information about the MDD and healthy groups is shown in Table 1. 

The groups did not differ on any of the baseline characteristics except the BDI score 

and medication use. The mean level and standard deviations of each item per group 

is shown in the supplementary S1 Table. The healthy group scored significantly 

lower on the negative emotions and higher on the positive emotions compared to 

the depressed group. Within-person standard deviations of almost all negative 

emotions were significantly smaller in the healthy group compared to the 

depressed group (see S2 Table). As regards the positive emotions only one item had 

a significantly smaller within-person standard deviation in the healthy group. 
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Table 1. Demographic and clinical characteristics of MOOVD participants. 

 Depressed (n = 27) Non-depressed (n = 27) 

Age, years (sd) 34.7 (9.9) 34.0 (9.0) 

Female, n 20 20 

BMI, kg/m2 (sd) 24.2 (6.0) 22.5 (2.6) 

Smoker, n 7 6 

Level of education, n   

   Low 0 0 

   Middle 14 13 

   High 11 13 

   Missing 2 1 

Employment, n   

   Employed 8 14 

   Student 6 8 

   Unemployed 8 3 

   Other 4 2 

   Missing 1 0 

BDI score (baseline) (sd) 31.3 (10.0) 2.3 (2.7) 

Medication use, n 17 3 

Antidepressants use, n 14 1 

Note: BMI = Body Mass Index, BDI = Beck Depression Index.  
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Population networks 

The results of the sparse VAR analyses in the MDD and healthy groups are shown 

as longitudinal networks in Figure 1. The MDD group network was characterized by 

a lower mean in- and out-strength across nodes than the control group network 

(see Table 2) and also showed less variability in in- and out-strength across nodes 

(lower standard deviations). 

 

 

Figure 1. Population networks for the MDD group (left) and control group 

(right). 

The networks show longitudinal associations between 14 emotion items. Green 

and red arrows correspond to positive and negative regression coefficients, 

respectively. An arrow being more opaque means a stronger connection, i.e. 

representing a larger regression coefficient. 
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Table 2. Mean in- and out-strength for the population networks. 

 MDD network Control network 

 In-strength Out-strength In-strength Out-strength 

Mean 0.11 0.11 0.27 0.27 

Standard deviation 0.07 0.12 0.12 0.32 

Median 0.09 0.07 0.24 0.13 

Min 0.03 0.00 0.09 0.00 

Max 0.28 0.41 0.47 0.80 

 

The item-specific in- and out-strengths for both population networks are shown in 

Figure 2. Inspection of Figure 2 shows that, overall, the in- and out-strength were 

larger for the control network nodes. The four nodes that had the highest out-

strength in the control network were 'Anxious', 'Irritated', 'Guilty' and 'Happy'. In 

the MDD group, the four nodes with the highest out-strength were 'Cheerful', 

'Restless', 'Happy' and 'Anxious'. The four affective items with the highest in-

strength in the MDD network were 'Enthusiastic', Confident’, ‘Tense’ and 'Satisfied'. 

In the control network, 'Tense', and 'Depressed' had the highest in-strength. Taken 

together, these results show that the nodes in the control network had a stronger 

average temporal association with their neighboring nodes compared to the nodes 

in the MDD network. 
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Figure 2. Item-specific in- and out-strengths for the population networks in the 

MDD and control groups. 

X-axis values indicate the mean item-specific in-strength and out-strength for the 

MDD group (blue) and the control group (red). 
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Comparing network density across groups 

The difference in network density between the two groups in the original data 

configuration was -0.12 (MDD group: 0.28, healthy group: 0.40), meaning that the 

network density was higher in the healthy group than in the MDD group (see Table 

3). Averaging over the imputed datasets, the graph density difference was found to 

be in the bottom 3% of all graph density differences found in the permutation test. 

This indicated that the observed difference in density between the networks of the 

MDD and healthy groups was statistically significant. When autoregressive effects 

were included, the densities were 0.28 for the MDD group and 0.38 for the healthy 

group. The undirected networks of partial correlations between the residuals of the 

VAR models, reflecting the contemporaneous associations between the emotions, 

are shown in S1 Fig. Inspection of these figures shows that there was a higher 

number of connections in the MDD group than in the healthy control group. 
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Table 3. Population-level density values for the MDD and Control group 

networks, from different model procedures. 

Method Preprocessing Density 

definition 

MDD Control 

Original analyses 

Sparse VAR Detrending + Transformation 

(group-wise) 

#Edges 

(without ar) 

0.28 0.40 

Sparse VAR Detrending + Transformation 

(group-wise) 

#Edges 

(including ar) 

0.28 0.38 

Sparse VAR Detrending + Transformation 

(group-wise) 

Average 0.02 0.03 

Comparison with the multilevel approach 

Multilevel Person-mean centering #Edges 0.21 0.15 

Multilevel Person-mean centering Average 0.04 0.03 

Multilevel Person-mean centering + Night 

lag excluded 

#Edges 0.15 0.10 

Multilevel Person-mean centering + Night 

lag excluded 

Average 0.02 0.01 

Multilevel with our preprocessing steps 

Multilevel Detrending + Transformation 

(group-wise) 

#Edges 0.24 0.31 

Multilevel Detrending + Transformation 

(group-wise) 

Average 0.05 0.05 

Multilevel Detrending + Transformation 

(per individual) 

#Edges 0.14 0.11 

Multilevel Detrending + Transformation 

(per individual) 

Average 0.03 0.03 

Note. Sparse VAR: Sparse vector autoregressive approach as described by Abegaz and Wit, 2013.  

Multilevel: Univariate multilevel regression approach as described by Bringmann et al., 2013.  

Detrending: subtracting a smoothing spline from each series.  

Transformation: normal quantile transformation as described in Bogner et al., 2012.  

Detrending and transformation were done on imputed series, because of estimation difficulties with 

missing data.  

#Edges in sparse VAR approach: network density = (# remaining edges)/(# possible edges) 
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#Edges in multilevel approach: network density = (# significant edges)/(# possible edges) 

Average density in sparse VAR approach: network density = average of absolute edge weights of 

remaining edges.  

Average density in multilevel approach: network density = average of all absolute edge weights.  

All density measures include autoregressive (ar) effects, unless otherwise indicated.  

In bold: highest densities of the two groups, for ease of comparison. 

 

Individual networks 

In Figure 3, within-individual longitudinal networks are shown for 4 randomly 

selected persons from each group. Visual inspection of the network figures 

revealed strong heterogeneity in network characteristics across subjects. Next, the 

mean in-strength and out-strength were calculated for each subject’s network 

nodes. In the complete sample, the mean in-strength ranged from 1.13 to 1.97 and 

the mean out-strength ranged from 1.21 to 2.85 across subjects. In the MDD group, 

the mean in-strength ranged from 1.14 to 1.97 and the mean out-strength ranged 

from 1.21 to 2.85. In the healthy group, the mean in-strength ranged from 1.13 to 

1.81 and the mean out-strength ranged from 1.21 to 2.11. This suggested that 

network connectivity differed strongly across individuals and that these differences 

were not explained by top-down defined diagnostic group (MDD or control); 

regressing graph density on the group label revealed no statistically significant 

difference between the groups (with an estimate of -0.005, s.e. = 0.023, p = 0.81). 

In- and out-strength of individual networks was on average four times higher 

compared to the population networks. 
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Determinants of network density 

In the pooled data, univariate regression analyses with each individual's graph 

density as dependent variable and neuroticism as independent variable showed no 

significant associations (coefficient = -0.003, s.e. = 0.009, p = 0.30, 95% CI = -0.009 

to 0.002). Also, NA score was not significantly associated with network density 

(coefficient = 0.003, s.e. = 0.003, p = 0.30, 95% CI = -0.002 to 0.01). The association 

between baseline BDI score and graph density was analyzed in the two groups 

separately, and was non-significant in both cases (in the MDD group: coefficient =  

-0.0006, s.e. = 0.002, p = 0.743, 95% CI = -0.004 to 0.003; in the control group: 

coefficient = 0.002, s.e. = 0.006, p = 0.723, 95% CI = -0.004 to 0.003).  

Comparison with the multilevel approach to dynamic networks 

The population-level results of this paper are in striking contrast with previously 

published work on this topic (Wigman et al., 2013, 2015; Pe et al., 2015a), which 

could be due to the different analytic approach. We addressed this by comparing 

the results of the abovementioned population-level analysis with results from a 

multilevel approach as used in these previous papers and described by Bringmann 

et al. (2013). Previous studies using the multilevel approach also used a different 

definition of network density than the one used in the current paper, namely, the 

average absolute edge strength of the network (using all edges, also the non-

significant ones). Applying this density definition to the results from the multilevel 

models, we obtained a graph density of 0.04 for the MDD network and 0.03 for the 

control network. Applying our own definition of network density (the number of 

edges in the network divided by the number of possible edges) to the multilevel 

data, we obtained a graph density of 0.21 for the MDD network and 0.15 for the 

control network (see Table 3). So, both density measures indicated that the MDD 
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network was denser than the control network when we used the multilevel 

approach. Applying Bringmann’s definition of network density to the networks 

obtained from our sparse approach, we got a lower density for the MDD network 

(0.02 for MDD vs 0.03 for control), in line with our original results (#edges: 0.28 for 

MDD and 0.38 for control). So, both density measures indicated that the control 

network was denser than the MDD network if we used the sparse VAR approach. 

When we used our preprocessing method together with the multilevel approach, 

the network density was also higher in the control group (#edges: 0.24 for MDD 

and 0.31 for control); while average densities were equal  (0.05 and 0.05, 

respectively). This suggests that the discrepancy in the results from the two 

approaches was due to differences in preprocessing rather than to differences in 

modeling strategy. Further analyses showed that an important part of the 

discrepancy could be explained by the fact that we preprocessed the data at the 

level of the groups in our population-level analyses. When we applied our 

preprocessing method at the level of the individual and used the multilevel 

approach, a slightly higher density in the MDD group (#edges: 0.14 for MDD and 

0.11 for control) or equal densities (average: 0.03 for MDD and 0.03 for control) 

were found, depending on the density definition. This suggests that our normal 

quantile transformation and detrending strategy also explained part of the 

discrepancy. 

The effect dropping the overnight lags 

The multilevel analyses were also run with the overnight lag set to missing (see 

Table 3), using person-mean centering as preprocessing step. The density measures 

were lower than for the networks estimated in the full data, with higher density in 

the control group than in the MDD network. 

4 



An investigation of emotion dynamics in depressed patients and healthy persons | 111 

 

 

Discussion 

The current study used a VAR-based regularized network method to enable an 

investigation of how emotions are associated with each other over time within 

persons. Population-level analyses indicated that the temporal emotion network of 

the healthy group was significantly more strongly connected (higher density) than 

the network of the MDD group. This difference was also evident from the mean in- 

and out-strengths that were calculated for both population networks: nodes in the 

healthy group networks had stronger temporal associations with their neighbors 

than their counterparts in the MDD group network. The individual-level network 

analyses suggested that there was a very high level of heterogeneity across subjects 

in the characteristics of their networks. Importantly, variability in individual 

network density was not explained by group membership (MDD vs. healthy). 

Moreover, network density was not associated with baseline BDI, NA or 

neuroticism scores. Furthermore, another difference between the individual and 

population networks was the fact that in- and out-strength tended to be on average 

four times larger in the individual network. The reason for this finding is as of yet 

unknown to us. Interestingly, the sparse VAR-based results differed from results 

obtained with the multilevel approach that has been used previously to estimate 

longitudinal networks (Bringmann et al., 2013). Networks based on the latter 

approach showed higher density in the MDD group than in the healthy group. 

Furthermore, estimated network densities differed considerably depending on the 

used preprocessing steps. These results are discussed in more detail below. 

The results of the current study have important methodological implications. First, 

the apparent discrepancy between the population-level and individual-level results 

implies that at least one of the two is not accurate. The used sparse VAR approach 
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is a constant coefficient approach, which relies on the assumption that individuals 

are similar to each other as regards the studied parameters, but the individual-level 

analyses suggest the opposite. The individual-level results may reflect true 

heterogeneity, but may also reflect noise. It has been suggested that a unit-by-unit 

approach is a preferable when between-subjects heterogeneity is large and the 

number of time points is high, but that a population-level approach (with either 

constant, fixed or random effects) is more accurate in case of homogeneity and 

short or noisy time series (Horváth and Wieringa, 2008), but it is hard to tell 

whether there is true heterogeneity or not, and whether fluctuations are real 

variations or just noise. However, based on the fact that individual differences are 

ubiquitous in the literature, we are inclined to think that the constant coefficient 

approach of the sparse VAR approach is too limited. 

The question may then arise why we did not simply use a random effects multilevel 

approach, as was done in previous studies on dynamic networks (Bringmann et al., 

2013; Wigman et al., 2013, 2015; Pe et al., 2015a). The main reason was that the 

sparse VAR approach allows for estimation of networks with multiple nodes. In a 

multilevel model with random effect variances and covariances for all parameters, 

the number of parameters grows rapidly with increasing number of nodes, leading 

to estimation problems. Indeed, when we tried to apply the multilevel approach to 

our data we had to use a very parsimonious random effect structure to get the 

model running at all. Another advantage of the sparse VAR approach is that it is a 

vector model, meaning that dependencies in the error structure due to 

contemporaneous associations across the variables can be estimated directly 

during the estimation process. The multilevel approach consists of separate 

univariate regression equations, which implies that the dependencies between the 

error terms of the different equations cannot be estimated directly. This potentially 
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leads to bias in the estimated coefficients (see also the appendix of Bringmann et 

al., 2013). Our results showed that the contemporaneous associations were many, 

especially in the MDD group, so it is not unlikely that the fact that these are not 

directly estimated in the multilevel models will bias the results. Nevertheless, 

univariate regression equations can, under certain circumstances, produce a 

network with a correct structure, even though the regression weights will be biased 

(Meinshausen and Bühlmann, 2006). This would imply that, when investigating the 

characteristics of a network derived from multilevel analyses, it is safer to focus on 

the absence/presence of edges rather than the edge weights (see also below). 

The obvious advantage of the multilevel approach is that random effects can be 

included in the model, so potential heterogeneity in the effects can be accounted 

for. Population-level findings from our sparse VAR approach were in striking 

contrast with previous findings from a multilevel approach (Wigman et al., 2013, 

2015; Pe et al., 2015a). These previous studies reported that higher connectivity in 

emotion networks was related to higher disorder severity, and this was explained 

with the notion that higher connectivity leads to positive feedback loops and thus 

increasing and/or persisting emotions. The sparse VAR results did not align with this 

theory: network connectivity was higher in the healthy group and no associations 

between the individual network densities and severity indicators were found. 

When we repeated our analysis using the multilevel approach, this yielded opposite 

results: now network density was higher in the depressed group, replicating the 

previous multilevel studies. 

Thus, it seems that methodology plays a big role in determining what kind of 

conclusion we draw about the density of population networks. Applied to the same 

data, the two approaches yielded opposite conclusions. Our additional analyses 
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showed that the discrepancy in the results was most likely due to differences in 

preprocessing methods, rather than to differences in modeling strategy. Higher 

density in the control group was also found with a multilevel approach, when we 

used our original preprocessing method. However, applying our preprocessing 

method at the level of the individual instead of pooled over individuals of the 

groups, the multilevel approach showed an equal density or a slightly higher density 

in the MDD group, depending on the density definition. This shows the importance 

of preprocessing at the proper level when groups are heterogeneous, and thus 

should probably be seen as a further invalidation of our population-level results. 

Other aspects of our preprocessing also seemed to explain some part of the 

discrepancy, for example whether or not the data were transformed. Some 

previous studies applied linear regression techniques to variables that were 

probably rather skewed. Especially in ESM data of healthy participants, floor and 

ceiling effects are often present. This may bias the results; a recent study showed 

that the higher density in the MDD group reported in a previous study was 

eliminated if a generalized approach was used to deal with the skewness of the data 

(Terluin et al., 2016). Our variables were also skewed, especially the negative items 

in the healthy group. Our normal quantile transformation was an attempt at 

alleviating this problem. Indeed, the multilevel models without this transformation 

step returned skewed distributions for the residuals of several of the emotions, 

especially in the healthy group. The distribution of the residuals of the sparse VAR 

models better resembled the normal distribution, although distributions were still 

not optimal for some items. Future work may help to find still better ways to deal 

with non-normal data. Another preprocessing aspect is if and how the data are 

detrended. We subtracted a smoothing spline from each of the series to ensure 

stationarity, whereas in the multilevel approach, models with and without a trend 
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variable were compared using the BIC. All in all, it seems that more work is needed 

to determine the optimal way of preprocessing network data, especially when they 

are skewed. Until that time, inferences about the link between increased emotion-

network connectivity and increased severity should be made with caution, as the 

methods used have varied considerably and appear to have great influence on the 

outcomes. 

In this study also a different definition of graph density was used. Previous studies 

used the average of the absolute values of all edges, whereas we used the number 

of remaining edges in the penalized models divided by the number of possible 

edges. This difference, however, did not explain the discrepancy in the results from 

the sparse VAR approach and the multilevel approach, although the values were of 

a different order of magnitude. We chose the latter definition because it is a 

common definition of graph density in a directed network in the field of applied 

mathematics (e.g., Coleman and Moré, 1984). Obviously this does not make our 

choice of density measure correct in itself and we think it is still a matter of debate 

which definition of density is the most appropriate for our field. We think both 

definitions have their advantages and disadvantages. Averaging the absolute values 

has the disadvantage that also non-significant values are included while such edges 

may merely represent noise/spurious associations. Averaging only the significant 

values would resolve that problem but would lead to other peculiarities: if only one 

edge with a large estimate would be significant, average density would be very 

large. Our own density measure has the advantage that non-significant (and thus 

potential spurious) associations are not included, but has the disadvantage that the 

size of the associations is not accounted for. Moreover, the penalized approach may 

eliminate many small-sized edges, which may be relevant from a substantive point 

of view. It is still unclear what is most important as regards density: the number of 
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connected nodes, the size of the connections, or both. One could argue that using 

a density measure based on the number of edges is less affected by biased 

coefficient estimations. Therefore, from a pragmatic perspective, using such a 

density measure could be particularly useful when a network is estimated based on 

the multilevel approach, which can have biased edge weights, as discussed above. 

The obvious problem of our sparse approach is that it is a constant coefficient 

model, in which homogeneity in the effects across individuals is assumed. This is 

probably not very realistic, as also our individual-level analyses suggest. The 

possibility to include random effects to account for such heterogeneity is the great 

advantage of the multilevel approach. The problem with the multilevel approach, 

however, is that models become easily overparameterized with higher number of 

nodes. Thus, it seems that a combination of the two approaches is needed: an 

approach that includes both a regularization method and a method to account for 

heterogeneity in the effects. A Bayesian approach, as has recently been advanced 

(Schuurman et al., 2016) may also be a fruitful road to explore. Hopefully, future 

research can yield such improved methods. 

The current study also illustrated the possibility to generate longitudinal emotion 

networks for individual subjects using VAR-model estimations. Because the sparse 

VAR model uses regularization, this approach can also work with short time series 

(i.e. little data per model parameter) and many nodes. The networks varied strongly 

across individuals. If these results truly reflect reality, this has clear implications for 

the generalizability of population-level networks to individuals within these 

populations. For instance, based on the population-level networks in this study, one 

could have expected the healthy group members to show more highly connected 

individual networks than the MDD group members (or vice versa, when a multilevel 

4 



An investigation of emotion dynamics in depressed patients and healthy persons | 117 

 

 

approach was used). However, no such relationship between individual network 

characteristics and group membership was seen. Thus, generalizability of 

population-level network models to individuals is likely to be limited (Molenaar, 

2004). From an application perspective, the possibility to correctly estimate n = 1 

networks opens up a whole range of new possibilities. In research, estimation of 

individual networks allows network characteristics (e.g., density, mean in/out-

strength) to be treated as subjects’ attributes that vary within the sample and to be 

used as variables in (multivariate) analyses. In applied settings, well-estimated, 

empirically-based network models could be of particular interest to those working 

in e-health and precision medicine. For instance, the method could be used to 

estimate a personalized network model based on diary data collected by a patient 

using a smartphone app (or similar device). Such a network can generate feedback 

for the patient about the influences that particular emotions/feelings have on each 

other in his or her daily life. Some preliminary work has already been done on such 

automated feedback systems (Blaauw et al., 2014; Van Der Krieke et al., 2017) and 

the presented methods could help to develop these systems further. 

The focus of this study was on the longitudinal (time-lagged) associations between 

emotions. The advantage of the VAR approach is that it is possible to estimate 

networks that purely reflect the dynamic associations between emotions over time. 

By capturing all contemporaneous covariances between the emotions in the error 

covariance matrix of the VAR model, observed longitudinal associations between t 

and t-1 that are actually explained by contemporaneous covariances between 

emotions at t-1 and autocorrelations between t and t-1 are eliminated from the 

longitudinal network. This is an important feature of the VAR model as it helps to 

better distinguish the potential order of effect in the relationships between 

emotions (Brandt and Williams, 2007). Nevertheless, it can be argued that these 
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models are incomplete. Often, contemporaneous associations between mental 

states assessed with diary methods are substantial and this was also the case in our 

study, especially in the MDD group. The contemporaneous associations reflect to 

what extent emotions tend to be experienced together, which may be due to 

shared measurement variance, a common cause, or interactions among the 

emotions at shorter time intervals. There are approaches in which the 

contemporaneous associations are included in the model, e.g. structural VAR 

models (Amisano and Giannini, 1997) and uSEM models (Gates et al., 2010), but 

these models cannot be identified unless some a priori restrictions are imposed 

(Brandt and Williams, 2007). If there is a strong theory guiding choices about the 

ordering of the contemporaneous associations, these approaches may be 

preferable. 

Limitations 

Although the current study had several strengths, including the penalized 

approach, the considerable length of the time series, the efforts taken to 

appropriately handle non-normality and missing data, and the possibility to relate 

network characteristics to patient characteristics, the results should also be 

interpreted in the light of several limitations. First, the emotion items were scored 

on a 7-point scale but the used model could only treat them as continuous, which 

could have influenced the results to some degree. Second, only VAR models with 

time lag 1 were estimated to keep the models as parsimonious as possible. 

Although the method can also be used with time lag 2, this would require 

estimation of numerous additional parameters. Third, the power to detect 

meaningful associations between the individual network densities and severity 

measures may have been limited due to the rather small sample size. Fourth, the 
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items used to assess PA and NA are not necessarily comparable to depression 

symptoms, because symptoms, as per definition, should persist for more than two 

weeks, and we did not assess problems like suicidality, eating problems and 

sleeping problems, which may play an important role in MDD. Fifth, the interval 

between the evening and morning measurements was longer than the other 

measurements, which may have introduced additional noise in the data. Sixth, the 

coefficients used are raw coefficients. It has been shown that standardizing 

coefficients can yield different results (Bulteel et al., 2016). Despite these 

limitations the current study provided interesting new starting points for further 

research in this direction, especially as regards methodology. 

 

Conclusions 

The current study presented a VAR-based method for the estimation of sparse 

population-level and individual-level networks of emotion dynamics over time. The 

population-level sparse VAR results were in sharp contrast with results obtained 

from a multilevel approach. Further, population-level results from both the sparse 

VAR and the multilevel approach were in contrast with individual-level results: 

whereas the population-based analyses indicated that the within-person emotion 

dynamics were stronger (sparse VAR) or less strong (multilevel) in healthy subjects 

than in MDD patients, the individually estimated emotion networks varied strongly 

across persons and showed no association with diagnostic group, severity and 

personality. This suggests that either the individual networks are unreliable, or that 

emotion dynamics are highly personal and not related to top-down defined 

disorder categories and/or severity constructs. The main conclusion of the study 
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may be that drawing inferences from dynamic emotion networks should be done 

with great caution until some consensus is obtained as regards the preferred 

methodology.  
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Abstract 

Objective  

Symptoms such as energy loss and cognitive problems are prominent in both 

people with Multiple Sclerosis and with depression. Because depression is common 

among patients with MS and these illnesses have symptoms in common, the 

question is if symptoms play a different role in both diseases. This study used a 

network approach to compare the roles of individual depressive symptoms in the 

clinical picture of MS patients and controls.  

Methods   

Participants were assessed with the PHQ-9 at baseline and 6 biweekly follow-up 

points. A community sample from another longitudinal study was pair-matched to 

a MS sample based on baseline depression severity. Associations between PHQ-9 

symptoms were analyzed and compared using sparse longitudinal network models 

based on vector auto-regression (VAR).  

Results  

The contemporaneous general population displayed a higher density and node 

centrality than the MS network. All nodes of the general population network 

showed larger closeness compared to the MS network. Most of the general 

population network nodes showed higher strength. Longitudinal networks were 

empty for both groups except for some autoregressive effects in the MS group. 

Individual network analysis shows high variability around group-level analysis. 
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Conclusion 

A contemporaneous difference between groups was found in terms of density and 

centrality, indicating that depression symptoms could behave differently in people 

with MS. 
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Introduction 

Multiple sclerosis (MS) is a disease that affects the central nervous system and 

affects about 30 in 100.000 people globally (World Health Organization, 2008). MS 

goes together with a variety of physical and mental health problems. A particularly 

troublesome example is Major Depressive Disorder (MDD); the annual prevalence 

of MDD for people with MS is 16% compared to 7% in the general population 

(Patten et al., 2003). This is problematic considering that for people with MS, MDD 

is a risk factor for suicide and has a negative effect on treatment adherence (World 

Health Organization, 2008).  

MS and MDD have some overlapping symptoms. For example, people with either 

disorder may experience a decreased ability to focus as well as increased fatigue. 

This leads to the question whether MDD simply has a higher prevalence in people 

with MS because of the shared criterion symptoms, which could possibly lead to 

overdiagnosis of MDD in MS patients (World Health Organization, 2008). Another 

possibility is that depression symptoms play a different role in people with MS. For 

instance, the symptom of energy loss may be more likely to occur in MS patients 

than in non-patients even at similar levels of overall depression severity, or, might 

occur due to the MS even in the absence of depression. For more detailed 

information on the role of depression symptoms in combination with MS, see 

(Siegert and Abernethy, 2005). Also, the way in which symptoms like energy loss 

and cognitive problems are related to other depressive symptoms could differ 

between MS patients and non-patients. In psychiatry, a diagnosis of depression 

depends on having a depressed mood or loss of interest that are associated with a 

set of additional symptoms. DSM-5 requires at least five symptoms to be present 

during the same 2-week period. A person with depressed mood and less than 2-3 
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other symptoms would not be diagnosed. Yet a person with MS, who may be in the 

same non-pathological state vis a vis depression may achieve the required number 

of symptoms due to an unrelated occurrence of low energy and cognitive changes, 

without experiencing the same syndrome. To investigate differential roles of 

individual depressive symptoms, one should ideally investigate the role of these 

symptoms in MS and healthy samples with similar depression severity levels. 

Moreover, in order to investigate this problem, we need to focus on symptoms 

rather than syndromes or compound severity scores, as we are interested in 

specific symptoms rather than overall depression measures. To investigate the role 

of specific symptoms within the larger pool of depressive symptoms, a network 

perspective could be very useful, as it allows for the investigation of the 

connectivity and interplay between individual symptoms. 

The network approach to psychopathology is a relatively new area of research and 

has been put forth by Borsboom (Borsboom et al., 2011; Borsboom and Cramer, 

2013) and others (Bringmann et al., 2013; van Borkulo et al., 2014). The main 

assumption of this approach is that psychopathological symptomatology arises 

dynamically, with individual symptoms influencing the onset or persistence of 

others, leading to the high variety of symptom patterns observed in patients. In 

other words, psychopathology is defined in terms of a collection of symptoms and 

their interdependencies. In a network, nodes represent a symptom (or a proxy: e.g., 

a questionnaire item) and edges between these nodes represent measures of 

association (e.g., correlations). Insights into mental disorders can be gained by 

looking at the characteristics of the network and the roles of the symptoms within 

the network as a whole. Networks can be estimated in cross-sectional data, where 

they visualize undirected associations between symptoms, but networks can also 

be estimated in longitudinal data, where they reflect directed effects of symptoms 
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over time. A big advantage of the network approach is that there is a large body of 

research on networks from, for example, mathematics (where the field is known as 

graph theory). This research has provided tools for analyzing characteristics of 

networks and obtaining insights into the dynamical interactions between nodes. 

For instance, given an estimated network, one can evaluate which node or nodes 

in the network are most important or ‘central’. Alternatively, one can compare the 

degree of connectivity of different networks. The former characteristic is known as 

node centrality, the latter property is also known as network density. A full 

overview of the many possibilities of network analysis is outside the scope of this 

article. For a more extensive overview of networks in psychopathology, see 

Wigman et al., 2016. 

The current study aims to investigate and compare the role of depression 

symptoms between people with and without MS, by estimating a longitudinal 

network model of depressive symptoms based on longitudinal depression 

assessments in a sample of people with MS and a sample of subjects from the 

general population. As the primary focus of this study was on the differential roles 

of depressive symptoms, the amount of present psychopathology at the first 

measurement was controlled for by pair-matching the two samples on baseline 

severity. After network estimation, the network characteristics were compared 

between the MS and general population samples by looking at overall network 

connectivity (density) and the role of individual symptoms (node centrality) within 

the networks. 
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Methods 

Samples 

Data from two source samples were used: an MS sample and a general population 

sample. The first source sample consisted of individuals diagnosed with MS, who 

were randomly selected from a patient registry maintained by the only MS clinic in 

the Calgary region and includes 3,099 patients, who had not previously opted out 

of research, had not been discharged from the MS Clinic and had a diagnosis of MS 

recorded by an MS neurologist between 2003 and 2009. Recruitment took place 

between June 2011 and January 2012. A random sample of 500 patients were sent 

a recruitment letter by mail from the clinic director and invited to contact the 

research team directly to discuss participation in the study. Of the approached 

patients, 186 responded and expressed willingness to participate. Of these, 177 

provided informed consent and participated in the study. Data collection took place 

between June 2011 and August 2012 by means of a multimodal data collection 

approach. Participants were offered the options of online, telephone and mail 

questionnaires; they could switch modes during the study period. The instrument 

of interest to this study, the PHQ-9, was administered to the study participants at 

baseline and every two weeks subsequently. The duration of the complete study 

was six months, but only data from the first three months are included in the 

current analysis (seven measurements) (Berzins, 2014).  

 

The second source sample consisted of data obtained from 3,304 community 

residents selected by random digit dialing (Gravel and Béland, 2005). Similar to the 

MS subsample, each person in the second sample provided responses to the PHQ-

9 seven times, with two weeks between each measurement. To obtain a general 
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population sample that was severity-matched to the MS sample, the sum score of 

the baseline depression severity measurement was first computed for each subject. 

Next, for every MS participant, 5 subjects with the same depression score at 

baseline were randomly selected from the general population sample (i.e., 5-to-n 

matching). This resulted in a general population sample of 885 subjects. Descriptive 

information for each sample is shown in Table 1 and histograms of baseline sum 

scores of the samples is shown in Figure 1a and 1b.  

 

Table 1: Descriptive information per sample 

 General 

population 

sample 

(N=3,304) 

Multiple 

sclerosis 

sample 

(N=177) 

Matched 

general 

population 

sample (N=885) 

Mean PHQ-9 response at 

baseline (sd) 

0.37 (0.46) 0.62 (0.57) 0.62 (0.56) 

Mean PHQ-9 response follow-

up(sd) 

0.47 (0.82) 0.59 (0.87) 0.30 (0.66) 

Mean age (sd) 44.4 (11.9) 52.9 (11.6) 43.8 (11.8) 

Percent female 67.7% 74.9% 68.0% 

Marital status - Married 72.5% 73.2% 68.1% 

Marital status – Single 13.0% 8.5% 14.7% 

Marital status – 

Widowed/divorced/separated 

14.4% 18.3% 17.1% 

Income < $30K (CAN) 12.9% 18.8%  

Income $30K - 60K (CAN) 24.0% 23.9%  

Income > $60K (CAN) 53.9% 47.9%  
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Figure 1a, 1b: Histograms of sum score at baseline for the MS and general 

population samples. 
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Measurements 

At each repeated measurement, the Patient Health Questionnaire (PHQ-9; (Spitzer 

et al., 1999) was used to rate the severity nine depressive symptoms over the 

preceding two weeks. The PHQ-9 has nine items, each rating one of the nine DSM-

IV/5 symptom-based criteria for a major depressive episode on a scale from 0 (“not 

at all”) to 3 (“nearly every day”). Previously, the PHQ-9 has been found to be robust 

to the presence of patient-reported symptoms attributable to MS (Sjonnesen et al., 

2012). 

Missing data 

There were 1.1% missing data entries in the MS sample and 13.5% missing data 

entries in the general population sample. Both sample data sets were imputed ten 

times using Amelia, an R package that can be used for multiple imputation of 

clustered time-series data (Honaker and King, 2010). During the analyses, 

coefficients for longitudinal and contemporaneous associations between symptoms 

were estimated for each imputed data set. The resulting coefficient matrices were 

averaged and the corresponding network generated. The resulting networks were 

investigated and interpreted.  

Pre-processing 

Because VAR models assume stationary data, each PHQ item was de-trended within 

each person by fitting a non-parametric smoothing spline, using R’s smooth.spline 

function, to the time series and subtracting this from the data so that the resulting 

time series had zero mean. Next, a non-paranormal transformation was applied to 

each item within each person using the huge.npn function from the R package huge 

(Zhao et al., 2012). This was done to reduce the skewness of the distributions, since 
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VAR models assume normally distributed data. If all responses were zero, which can 

happen (especially for items assessing symptoms like suicidal ideation), no pre-

processing was performed. If the responses were constant, the mean was 

subtracted. 

Model fitting 

A vector autoregressive (VAR) lag-1 model was fitted to the preprocessed data 

using the R package SparseTSCGM (Abegaz and Wit, 2013). This package 

implements a VAR model that includes regularization of both the longitudinal as 

well as the contemporaneous associations in longitudinal data. Regularization is a 

way of estimating a model such that spurious effects are weighted down compared 

to maximum likelihood estimates. Regularization is helpful (1) when there are 

relatively few measurements compared to the number of variables, (2) when it is 

assumed that spurious associations exist that one wants to eliminate and (3) to 

facilitate interpretability. The strength of the regularization is determined by two 

parameters: one parameter (λ1) controls the amount of regularization on the 

contemporaneous associations and another (λ2) controls the amount of 

regularization on the longitudinal associations. To illustrate the influence of the 

regularization coefficient λ2 on the structure of longitudinal networks, the network 

structure was estimated for a range of lambda values. Selection of the 

regularization coefficients was performed based on the Akaike Information 

Criterion (AIC).  

There is a close relationship between VAR models and network models. It can be 

shown that, under suitable conditions, the regression coefficients can be properly 

interpreted as edge weights in a directed network representing the longitudinal 

associations between the PHQ-9 items (Dahlhaus and Eichler, 2003). Aside from the 
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VAR regression coefficients, the SparseTSCGM package outputs the inverse of the 

estimated covariance matrix at time t. This matrix was transformed into a matrix of 

partial correlations using a transformation in chapter 5 of (Lauritzen, 1996). These 

partial correlations can be interpreted as edge weights in an undirected network 

representing the contemporaneous associations between the PHQ-9 items. 

Individual person networks 

In the Sparse TSCGM approach, data from persons are treated as replications from 

the same population (i.e. the model is a constant coefficient model). To get a sense 

of individual variation around the population-level estimates, the regularized VAR 

model was also applied to each individual’s data, using the same model fitting 

procedure. Since there are seven measurements for each person across nine items, 

this was not always possible for numerical reasons; individual networks could be 

estimated in 14.8% and 17.5% of all cases in the MS and matched general 

population sample, respectively. In view of these low percentages, these individual 

analyses will be mainly presented for illustrative purposes. After obtaining the 

matrices of longitudinal associations and partial correlations for these persons, 

variability was computed for each edge by computing the standard deviation of the 

corresponding entries of the longitudinal association and partial correlation matrix.  

Network characteristics 

Centrality measures 

Three widely used centrality measures were calculated for each individual item and 

compared between the MS and general population samples: (1) node strength, (2) 

betweenness, and (3) closeness. The node strength is computed by summing the 

absolute values of edge weights and reflects the strength of an average link 
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between two nodes. In the case of directed (e.g. longitudinal) networks, one can 

distinguish between in- and outstrength, considering in- and outgoing edges, 

respectively. Betweenness is a measure that represents how often a node is on a 

shortest path between any two nodes in the network. Closeness is a quantity that 

represents the average length of the shortest path between a node and any other 

node (Barrat et al., 2004); the more central a node is, the closer it is to the other 

nodes in the network. 

Density measures 

The degree of overall network connectivity was also compared between the MS 

and general population samples. This was done by considering the network density, 

which was computed in two ways. In the first approach, the classical notion of graph 

density was used, which is computed by dividing the number of realized (non-zero) 

edges by the number of possible edges. In the second approach, an alternative 

notion of graph density was used (Bringmann et al., 2013), where density is 

interpreted as the average of the absolute values of the edge weights. In both 

variants, autoregressive effects were included. Following (Forbes et al., 2017a), we 

refer to the former density measure as ‘connectivity’ and the latter measure as 

‘density’. 

To test whether the difference in density between the samples was significant, a 

permutation test was performed per density measure; data were reshuffled into 

two samples, a network model was fit for each reshuffled sample and the difference 

in density was computed (Higgins, 2003). This was repeated 70,000 times. The null 

hypothesis in this case is that the difference in density between two networks is 

zero. 
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Results 

With the two regularization coefficients found using the AIC, the analyses resulted 

in near-empty longitudinal networks for both samples (not shown), except for 

autoregressive effects in the MS longitudinal group network for five nodes 

(Speaking Slowly, Feeling Better off Dead, Anhedonia, Concentration, Trouble 

Sleeping). We performed a fixed-length time-series bootstrap for the regularization 

parameters and selected regularization parameters from the 50% most commonly 

found coefficient values to see if this changed the network structure, but this too 

resulted in near-empty longitudinal networks. A plot showing the network 

structure for different values of longitudinal regularization (λ2) is shown in 

Appendix A1.  

The contemporaneous networks for both samples were found using the AIC-picked 

regularization coefficient and are shown in Figure 2. The item ‘Anhedonia’ shares a 

strong connection with items ‘Poor appetite or overeating’, ‘Feeling guilty’ and 

‘Trouble concentrating’ in the MS group but not in the GP group. Furthermore, the 

MS networks differs in that it contains pronounced dyads `Having trouble sleeping` 

<-> `Trouble sleeping`, `Trouble sleeping` <-> `Poor appetite or overeating` and 

`Feeling depressed` <-> `Moving or speaking slowly`. The GP network has a 

noticeable connection between `Feeing guilty` and `Feeling you would be better off 

dead`. 
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Connectivity and Density  

The density measures for the contemporaneous networks are summarized in Table 

2. Connectivity was somewhat higher in the general population network, but the 

difference was not significant (p = 0.68). Density was significantly higher in the 

general population group compared to the MS group (p < 0.001). 

Table 2: Network density measures for the contemporaneous networks, using 

two methods of computing density. 

 
Multiple Sclerosis 

sample 

General population 

sample 

Connectivity (number of realized 

edges/number of possible edges) 
0.68 0.96 

Density (average absolute edge 

weight) 
0.16 0.17 

 

Centrality measures 

For the contemporaneous group networks, node centrality measures 

(betweenness, closeness, and strength) for each item in each sample are shown in 

Figure 3. All nodes of the general population network showed a higher degree of 

closeness than those of the MS network, and most of the general population 

network nodes also showed a higher strength. The nodes corresponding to the 

items ‘Feeling Depressed’ and ‘Anhedonia’ had the highest closeness and strength 

in both networks. The betweenness measure showed that the items ‘Feeling 

Depressed’ and ‘Anhedonia’ were most central in the MS sample and ‘Feeling 

Depressed’ and ‘Lacking Concentration’ were most central in the general 

population sample. With respect to strength, an often-used measure of centrality 

in network psychopathology research, the two networks differed most with regard 
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to the items ‘Feeling Tired’ and ‘Feeling I would Be Better Off Dead’. These items 

showed higher centrality in the general population network. Interestingly, MS-

typical symptoms such as ‘Lacking Concentration’ and ‘Feeling Tired’ had a higher 

centrality in the general population network, regardless of centrality measure. In 

fact, ‘Feeling Tired’ had zero betweenness in the MS sample, while it had the third 

highest betweenness in the general population network. Moreover, the symptom 

‘Feeling I would Be Better Off Dead’ had an equal or higher centrality in the general 

population network, regardless of measure. 

 

Individual networks 

The individual edge variability is shown as a network and adjacency matrix in 

Appendix A2. Here, the thickness of an edge represents the variability of that edge 

across individual networks. The plots indicate sizable interpersonal variability 

compared to the group networks. However, since individual networks could only 

be estimated in a small part of all individuals, these results should mainly be seen 

as an illustration of the interpersonal heterogeneity that is bound to exist in 

individual network estimates. 
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Discussion 

In this study the symptom networks of patients with MS and persons from the 

general population (pair-matched on depression severity) were compared using 7 

repeated measures of depressive symptom data assessed at 2-weeks intervals. In 

both samples, the longitudinal symptom networks were empty, except for some 

autoregressive effects in the MS network, while the contemporaneous symptoms 

networks revealed some interesting symptom associations in the MS and general 

population samples. In these networks, the centrality measures were highest for 

most symptoms in the general population sample. These differences in node 

centrality were not entirely in the direction that one might have expected before 

the analyses: typical MS symptoms such as ‘Feeling Tired’ and ‘Lacking 

Concentration’ were found to have higher centrality in the general population-

group network, compared to the MS-group network. Presence of autoregressive 

effects in the MS network might indicate that those symptoms are more inert 

compared to the general population sample. A possible explanation for this result 

is that in MS the symptoms could be due to lesions that have occurred in the brain. 

These lesions occur during attacks, but after than they persist as areas of gliosis and 

scarring in the brain and can be persistent.  

Interrelatedness between symptoms was observed to be lower in the MS patients 

than the general population sample, even at similar levels of depression baseline 

severity. A reason for this could be that symptoms like lack of energy, sleeping 

problems and cognitive problems occur frequently as part of the MS symptom 

burden and not necessarily in the context of depression, even when other 

depressive symptoms are reported. This aligns with research on depression 

measurement in other somatic disorders that has found that somatic depressive 
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symptoms often reflect the severity of the somatic disease rather than increased 

depression in somatic patients (e.g., Delisle et al., 2012; Wardenaar et al., 2015). 

These results indicate that it is important to not only look at depression sum scores 

when investigating depression symptomatology in MS and other somatic disorders, 

because the validity of these scores as measures of pure depression severity could 

be compromised. One way to deal with this in clinical settings, could be to look 

closer at the individually reported symptoms and discuss with the patient to 

evaluate which of the reported symptoms are likely to mainly be an expression of 

the MS (low energy, sleeping problems) and which could really be an expression of 

comorbid depression (e.g., feeling depressed, feeling guilty). For example, fatigue 

in MS typically is sensitive to heat, which is not true of depression fatigue. Fatigue 

in depression is sometimes described in less physical terms (“I don’t have the 

energy to take a shower”) than in MS where it is often more physical. Moreover, 

depression fatigue is typically at its worst first thing in the morning and gets better 

as you get more active, whereas with MS you tend to be energetic after sleep. 

Interestingly, using even a small amount of regularization resulted in empty 

longitudinal networks (apart from autoregressive effects, which may hint to some 

more inertia of selected symptoms in MS). There are different possible 

explanations for this. First, the results may suggest that relevant cross-lagged 

effects were not present in these data, which could be due to the fact that the 

measurements were two weeks apart and only within-subjects effects were 

estimated (due to the person-wise detrending of the item scores). Second, the 

finding may reflect a power problem, since seven repeated assessments may not 

be enough to detect (small) cross-lagged effects in samples of this size. Third, the 

regularization approach may not be suitable for this specific kind of data. For 

instance, it could be that regularization has more use for datasets with a larger 
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number of variables/items. Fourth, many penalty functions exist and it could be 

that a different choice of regularization parameters had resulted in different 

findings. In the future, it might be interesting to investigate the effects of the used 

regularization penalty function on the resulting network structure.  

The connectivity and density analysis of the group networks indicate the 

importance of selecting suitable network characteristics; while the difference in 

connectivity or density might be significant for one measure, it might be non-

significant for the other. It is therefore important for researchers in this field of 

research to formulate reasons for picking one particular characteristic over 

another; the choice may qualitatively influence the outcome of the analysis. In this 

particular case, it is not at all certain there is any clinically relevant difference 

between a density of 0.16 and 0.17, respectively. The difference in amount of 

contemporaneous covariation within items in the GP group is higher compared to 

the MS might also play a role here. 

The pair-matching by baseline severity sum score has allowed for adjustment for 

the fact that people with MS have more psychopathology on average than people 

from the general population sample. This prevents the problem that differences in 

network characteristics may be due to differences in mean levels (and associated 

differences in variances; (Terluin et al., 2016). However, it should be considered 

that matching was done based on baseline severity and the networks were based 

on a total of seven consecutive measurements. 

Future research might focus on the replicability of these results; focusing in 

particular on the specific symptoms that seem to play a different role in both 

samples. Another topic of interest is the longitudinal aspect of these analyses; is it 

possible to do meaningful network analysis with such a low number of 
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measurements over time, and how strongly is this impacted by the number of items 

that are measured? Moreover, recent developments in network methodology has 

opened the door to modeling series that change over time and consists of mixed 

data (Haslbeck and Waldorp, 2015). 

Strengths and limitations  

This study had several strengths, including the longitudinal assessments, use of 

multiple centrality and density measures and the pair-matching between the 

general population and MS sample. However, some limitations also have to be 

discussed. Firstly, the fact that an AIC-selected longitudinal network is near-empty 

for both samples could indicate that the used datasets did not contain enough 

information to detect longitudinal effects with the used methodology. Additional 

analyses showed that the selection of the regularization parameters can have 

strong consequences for the network structure, even when the values of these 

parameters are close to each other (see Appendix A1). This indicates that, although 

extremely useful, regularization can be quite a rigorous process with a certain level 

of arbitrariness. Secondly, different measures of network characteristics (i.e. 

centrality, density) did not always agree with each other, making the interpretation 

of the results harder. For instance, the difference in network density was found to 

be significant when using the Bringmann approach, but was not significant when 

using the classical density measure. The performed analyses in this paper show that 

there are definitely differences between the two samples, but that one needs to be 

careful with the interpretation as the choice of specific measures has a strong 

influence on the eventual interpretation. Secondly, the matching process described 

in this article is only one of a number of possible matching schemes. In this case, 
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matching by e.g., mean sum scores computed for each individual over all time 

points was not possible due to sample size limitations.  

Fitting individual networks showed that although on a group level networks may be 

empty, individual networks may display high variability. Unfortunately, these 

analyses were only possible in a small fraction of all individuals, indicating that the 

structure of this dataset was insufficient to consider this aspect.  

In conclusion, the analysis shows tepid support for the case that depression 

symptoms play a different role in the MS sample versus the general population 

sample, but future research is needed to investigate (i) optimal methodology for 

datasets with the dimensions like the ones used in this paper and (ii) principled 

arguments for selecting one network characteristic over another. 

 

Declaration of interest 

Conflicts of interest: none 

 

Acknowledgements 

The work by Stijn de Vos, Klaas J Wardenaar and Peter de Jonge was funded by a 

VICI grant (no. 91812607) awarded to Peter de Jonge by the Netherlands 

Organization for Scientific Research (NWO-ZonMW). 

 

  

5 



148 | Networks of depressive symptoms in patients with Multiple Sclerosis and controls 

 

References 

Abegaz, F., & Wit, E. C. (2013). Sparse time series chain graphical models for reconstructing genetic 
networks. Biostatistics, 14(3), 586–599. https://doi.org/10.1093/biostatistics/kxt005 

Barrat, A., Barthelemy, M., Pastor-Satorras, R., & Vespignani, A. (2004). The architecture of complex 
weighted networks. Proceedings of the National Academy of Sciences, 101(11), 3747–3752. 
Retrieved from https://www.pnas.org/content/101/11/3747.short 

Berzins, S. (2014). Determinants of Depression in Multiple Sclerosis. Doctoral dissertation, University 
of Calgary. Retrieved from https://prism.ucalgary.ca/handle/11023/1694 

Borsboom, D., & Cramer, A. O. J. (2013). Network Analysis: An Integrative Approach to the Structure 
of Psychopathology. Annual Review of Clinical Psychology, 9(1), 91–121. 
https://doi.org/10.1146/annurev-clinpsy-050212-185608 

Borsboom, D., Cramer, A. O. J., Schmittmann, V. D., Epskamp, S., & Waldorp, L. J. (2011). The Small 
World of Psychopathology. PLoS ONE, 6(11), e27407. 
https://doi.org/10.1371/journal.pone.0027407 

Bringmann, L. F., Vissers, N., Wichers, M., Geschwind, N., Kuppens, P., Peeters, F. P. M. L., … 
Tuerlinckx, F. (2013). A Network Approach to Psychopathology: New Insights into Clinical 
Longitudinal Data. PLoS ONE, 8(4), e60188. https://doi.org/10.1371/journal.pone.0060188 

Dahlhaus, R., & Eichler, M. (2003). Causality and graphical models in time series analysis. Oxford 
Statistical Science Series, (Granger 1969), 115–137. 
https://doi.org/10.1097/PRS.0b013e3182402ce0 

Delisle, V. C., Abbey, S. E., Beck, A. T., Dobson, K. S., Dozois, D. J. A., Grace, S. L., … Thombs, B. D. 
(2012). The influence of somatic symptoms on beck depression inventory scores in 
hospitalized postmyocardial infarction patients. Canadian Journal of Psychiatry. 
https://doi.org/10.1177/070674371205701207 

Forbes, M. K., Wright, A. G. C., Markon, K. E., & Krueger, R. F. (2017). Evidence that psychopathology 
symptom networks have limited replicability. Journal of Abnormal Psychology, 126(7), 969–
988.  

Gravel, R., & Béland, Y. (2005). The Canadian Community Health Survey: mental health and well-
being. The Canadian Journal of Psychiatry, 50(10), 573-579. 

Haslbeck, J. M. B., & Waldorp, L. J. (2015). MGM: Estimating Time-Varying Mixed Graphical Models 
in High-Dimensional Data. Retrieved from http://arxiv.org/abs/1510.06871 

Higgins, J. J. (2003). Introduction to modern nonparametric statistics. 

Honaker, J., & King, G. (2010). What to do about missing values in time-series cross-section data. 
American Journal of Political Science. https://doi.org/10.1111/j.1540-5907.2010.00447.x 

Lauritzen, S. L. (1996). Graphical models (Vol. 17). Clarendon Press. Retrieved from 
https://books.google.nl/books?hl=nl&lr=&id=mGQWkx4guhAC&oi=fnd&pg=PA1&dq=Lauritze
n+SL.+Graphical+models.+1996&ots=2Kgin7LqXc&sig=qJ8ovQAwRvfXRcTWG0Ny5Ofw2Yo 

Patten, S. B., Beck, C. A., Williams, J. V. A., Barbui, C., & Metz, L. M. (2003). Major depression in 

5 



Networks of depressive symptoms in patients with Multiple Sclerosis and controls | 149 

 

 

multiple sclerosis: A population-based perspective. Neurology. 
https://doi.org/10.1212/01.WNL.0000095964.34294.B4 

Siegert, R. J., & Abernethy, D. A. (2005). Depression in multiple sclerosis: A review. Journal of 
Neurology, Neurosurgery and Psychiatry. https://doi.org/10.1136/jnnp.2004.054635 

Sjonnesen, K., Berzins, S., Fiest, K. M., Bulloch, A. G., Metz, L. M., Thombs, B. D., & Patten, S. B. 
(2012). Evaluation of the 9–item patient health questionnaire (PHQ–9) as an assessment 
instrument for symptoms of depression in patients with multiple sclerosis. Postgraduate 
medicine, 124(5), 69-77. 

Spitzer, R. L., Kroenke, K., & Williams, J. B. (1999). Validation and utility of a self-report version of 
PRIME-MD: the PHQ primary care study. Primary Care Evaluation of Mental Disorders. Patient 
Health Questionnaire. Jama, 282(18), 1737–1744. Retrieved from 
http://www.ncbi.nlm.nih.gov/pubmed/10568646 

Terluin, B., De Boer, M. R., & De Vet, H. C. W. (2016). Differences in connection strength between 
mental symptoms might be explained by differences in variance: Reanalysis of network data 
did not confirm staging. PLoS ONE, 11(11), e0155205. 
https://doi.org/10.1371/journal.pone.0155205 

van Borkulo, C. D., Borsboom, D., Epskamp, S., Blanken, T. F., Boschloo, L., Schoevers, R. A., & 
Waldorp, L. J. (2014). A new method for constructing networks from binary data. Scientific 
Reports, 4(1), 5918. https://doi.org/10.1038/srep05918 

Wardenaar, K. J., Wanders, R. B. K., Roest, A. M., Meijer, R. R., & De Jonge, P. (2015). What does the 
beck depression inventory measure in myocardial infarction patients? A psychometric 
approach using item response theory and person-fit. International Journal of Methods in 
Psychiatric Research. https://doi.org/10.1002/mpr.1467 

Wigman, J. T. W., De Vos, S., Wichers, M., Van Os, J., & Bartels-Velthuis, A. A. (2016). A 
transdiagnostic network approach to psychosis. Schizophrenia Bulletin, 43(1), 122–132. 
https://doi.org/10.1093/schbul/sbw095 

World Health Organization. (2008). Atlas. Multiple sclerosis resources ın the world 2008. MS Atlas. 
Retrieved from 
https://apps.who.int/iris/bitstream/handle/10665/43968/9789241563758_eng.pdf 

Zhao, T., Liu, H., Roeder, K., Lafferty, J., & Wasserman, L. (2012). The huge Package for High-
dimensional Undirected Graph Estimation in R. Journal of Machine Learning Research, 
13(Apr), 1059–1062. Retrieved from http://www.jmlr.org/papers/v13/zhao12a.html 

  

5 



150 | Networks of depressive symptoms in patients with Multiple Sclerosis and controls 

 

Appendix A1: 

Plots of longitudinal group networks for the general population (top row) and the 

MS population (bottom row) for increasing penalty coefficients. 
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Appendix A2: 

Network of individual edge variability for the GP (left column) and MS (right 

column) samples. Top row shows longitudinal networks, bottom row shows 

contemporaneous networks. 

 

1: Anhedonia, 2: Depressed, 3: Trouble Sleeping, 4: Tired, 5: Appetite, 6: Guilty, 7: Concentration,  

8: Speaking Slow, 9: Better off Dead   
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Abstract  

Aims 

The mechanisms underlying both depressive and anxiety disorders remain poorly 

understood. One of the reasons for this is the lack of a valid, evidence-based system 

to classify persons into specific subtypes based on their depressive and/or anxiety 

symptomatology. In order to do this without a priori assumptions, non-parametric 

statistical methods seem the optimal choice. Moreover, to define subtypes 

according to their symptom profiles and inter-relations between symptoms, 

network models may be very useful’. This study aimed to evaluate the potential 

usefulness of this approach. 

Methods 

A large community sample from the Canadian general population (N = 254,443) was 

divided into data-driven clusters using non-parametric k-means clustering. 

Participants were clustered according to their (co)variation around the grand mean 

on each item of the Kessler Psychological Distress Scale (K10). Next, to evaluate 

cluster differences, semi-parametric network models were fitted in each cluster 

and node centrality indices and network density measures were compared.  

Results 

A five-cluster model was obtained from the cluster analyses. Network density 

varied across clusters, and was highest for the cluster of people with the lowest K10 

severity ratings. In three cluster networks, depressive symptoms (e.g., feeling 

depressed, restless, hopeless) had the highest centrality. In the remaining two 
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clusters, symptom networks were characterized by a higher prominence of somatic 

symptoms (e.g., restlessness, nervousness).  

Conclusion 

Finding data-driven subtypes based on psychological distress using non-parametric 

methods can be a fruitful approach, yielding clusters of persons that differ in illness 

severity as well as in the structure and strengths of inter-symptom relationships.  
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Introduction 

Internalizing disorders such as depression and anxiety are among the most 

common mental illnesses and constitute a major burden on both patients and 

society (Baxter et al., 2014). In particular, Major Depressive Disorder (MDD) is 

projected to become the biggest contributor to the global burden of disease by 

2030 (Mathers & Loncar, 2006). Unfortunately, the mechanisms underlying both 

depression and anxiety disorders remain poorly understood. One of the reasons for 

this is that there is not yet a valid, evidence-based system to classify persons into 

more homogeneous subtypes based on their depressive and/or anxiety 

symptomatology. As a result, it has remained hard to account for the enormous 

variety in symptom profiles, comorbidity patterns, course trajectories and 

treatment effects that are observed across patients (Rush, 2007; Lamers et al., 

2010). Several researchers have focused on better capturing and explaining this 

heterogeneity by development of data-driven classification systems to subtype 

patients based on their depressive and/or anxiety symptomatology (e.g., Sullivan 

et al., 2002; Wanders et al., 2016). 

Ideally, a symptom-based classification system should be usable to discern different 

types of individuals based on their clinical features, i.e. recognize the different 

symptom profiles that can occur. For example, a system should be able to reliably 

discern a patient with a psychosomatic symptom profile from a patient with mainly 

cognitive symptoms. Importantly, such a classification should be useable in 

research, but preferably also applicable in clinical settings (Epskamp et al., 2018). 

Ideally, new classifications should be developed using as few a priori assumptions 

about the nature of mental disorders as possible, since current classifications or 

labels have been shown to have limited validity (Kendell, 1989a; Clark, Watson and 
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Reynolds, 1995; Widiger and Clark, 2000; Kendell and Jablensky, 2003; Kraemer, 

2007; Jablensky, 2016; Wakefield, 2016). Hence a model-free non-parametric 

approach to data-driven subtyping would be a suitable starting point. One of the 

best known non-parametric clustering methods is k-means clustering (Li et al., 

2016). This method can be applied in a variety of ways. Given a sample of responses 

to a questionnaire, individuals can be clustered based on their raw item scores. 

Alternatively, one could take into account heterogeneity in the associations 

between the items, by computing a rough estimate of each person’s sample 

covariance matrix with respect to the sample mean of each item. The unique 

elements of such a matrix would represent each person’s variability with respect to 

the item sample means. 

Suppose we have a non-parametrically derived cluster model of a dataset. How 

would we characterize and analyze the characteristics of the symptom patterns in 

the clusters? If symptomatology is to be an important aspect of a classification 

system for internalizing problems, then it makes sense to use a methodology that 

reflects this emphasis on symptoms. The simplest approach would be to look at the 

patterns of symptom frequencies and compare these across the clusters. However, 

such an approach provides limited insight into the way the symptoms are 

interrelated within each cluster. One class of models that can be used to provide 

more insight into these interrelationships are network models (Borsboom et al., 

2011; Borsboom and Cramer, 2013). Network models have been used previously in 

a variety of psychiatry-related topics, e.g. (Cramer et al., 2010; Wigman et al., 2013; 

Boschloo et al., 2015; Fried et al., 2017). In such models, symptoms are represented 

by nodes and the associations between symptoms are represented by edges (of 

varying strength) that connect the nodes. Network models have been used to 

analyze the network structure of the DSM (Boschloo et al., 2015), to study 
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comorbidity (Cramer et al., 2010), to differentiate between patient groups 

(Wigman et al., 2013) and to predict the prospective course of depression 

(Boschloo et al., 2016). In the network approach, a mental disorder is assumed to 

be manifested as the result of the interplay among its constituent symptoms. This 

contrasts with the traditional view that symptoms reflect variations on a single 

latent construct that is responsible for all symptoms’ manifestations (Borsboom 

and Cramer, 2013). An advantage of the network approach is that one can use a 

large variety of mathematical tools to gain deeper insight into network structure. 

For example, networks can be characterized by the comparative importance of 

nodes (a.k.a. node centrality) or by their global level of connectivity among nodes. 

Another possibility is to consider the distribution of a network’s node centralities. 

It has been shown that networks in various real-life applications display a similar 

distribution of node centralities (Albert & Barabási, 2002). For example, networks 

whose node centralities follow a so-called power law have the property that around 

20 percent of their nodes account for 80 percent of the total connectivity. Of 

course, other distributions are possible and can be investigated in the context of 

mental illness, where different (sub)types of patients may be characterized by 

different centrality distributions. 

Given their advantages, networks seem to be a suitable tool for characterizing and 

analyzing data-driven clusters. However, some technical issues have to be 

overcome. One important difficulty with network analyses on self-reported 

symptom data is the fact that responses on items that assess symptoms can be 

highly skewed (e.g., suicidal ideation is a highly relevant symptom but only seldom 

reported), leading to non-normally distributed residuals and possibly biased results 

(e.g., Terluin et al., 2016). Fortunately, there are network modeling options that 

relax the assumption of normality and are less sensitive to the effects of skewed 
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data distributions. One such model is the semi-parametric network model that uses 

a so-called non-paranormal distribution to estimate a network model on data, of 

which a transformation is normally distributed (Liu et al., 2012b). 

The goal of the present study is two-fold. First, we aim to identify mental-disorder 

subtypes by using a non-parametric clustering method. To this end, we apply the k-

means clustering algorithm to mental symptom data, collected in a large sample of 

household-dwelling adults in the Canadian Community Health Survey (CCHS), who 

were all assessed with the Kessler Psychological Distress Scale (K10). Because we 

are interested in inter-symptom relationships we apply the k-means algorithm to 

each person’s matrix of item covariances with respect to the sample mean. Second, 

we aim to investigate the distinct characteristics of the identified clusters by using 

the above-described semi-parametric network models to evaluate cluster-specific 

symptom centrality, centrality distributions and overall network density.  

 

Methods 

Participants and procedures  

The dataset came from the CCHS (Rumpf et al., 2018), which has as objective to 

gather health-related data from the Canadian general population on somatic 

disease and health conditions, lifestyle and social conditions as well as mental 

health and well-being. As part of the mental-health module, the K10 questionnaire 

was used to measure depression and anxiety symptomatology. The mental health 

survey covers the population aged 15 years and over living in the ten Canadian 

provinces. Excluded from the survey's coverage are: persons living on reserves and 

other Aboriginal settlements; full-time members of the Canadian Forces and the 
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institutionalized population. Altogether, these exclusions represent about 2% of 

the target population. From the CCHS data, we extracted the K10 items and 

considered only those observations, which had no missing data, resulting in a 

sample size of N=254,443.  

Measures  

The K10 is a 10-item questionnaire with items rated on a 1-to-5 Likert scale that 

was designed to provide a measure of global psychological distress based on 

questions about anxiety and depressive symptoms that a person has experienced 

in the most recent 4-week period (Andrews and Slade, 2001; Furukawa et al., 2003). 

For an overview of the K10 items and their labels, see Appendix 1. 

Statistical analyses 

This section describes how the clustering and subsequent network analyses were 

performed. 

K-means clustering 

The general idea behind the first part of the analyses was to identify clusters based 

on how individuals varied around the grand mean responses on each K10 item. To 

do this, the responses on the items were first averaged across the whole sample, 

resulting in 10 average scores. Next, we calculated an estimate of each person’s 

variation around these averages by computing for each individual’s response the 

quantities (xij – mean(xj))2. Here, xij denotes the response of person i to item j. These 

quantities, arranged as a matrix, form a rough estimation of a sample covariance 

matrix and serve as a measure of an individual’s variability around the grand mean 

(Collingridge, 2013). It is the upper off-diagonal elements of this matrix (i.e. the 

unique entries) that were used in the k-means cluster analysis. Each individual was 
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represented by 45 entries (i.e. the number of unique entries in the matrix described 

above) instead of 10 (the number of items in the used questionnaire), allowing for 

higher-resolution clustering. This way of clustering also takes into account the 

(potential) associations among the items. K-means clustering was performed using 

the kmeans function in the R standard library (‘stats’). Various cluster solutions 

were investigated, ranging from solutions with 2 to 8 clusters and the selection of 

the number of clusters was based on a balance between model fit and model 

parsimony. 

Network modeling 

Having grouped people into clusters, a semi-parametric paranormal network model 

(Liu et al., 2012b) was then fitted based on each cluster’s raw symptom dataset. 

The main feature of the paranormal model is that it generalizes the Gaussian 

network model by assuming that a certain transformation of the data is normally 

distributed instead of the data itself. In other words, this network model assumes 

that f(X) is normally distributed instead of X itself. This transformation f is non-

parametrically estimated based on the data. This model is implemented in the R 

library ̀ huge’ (Zhao et al., 2012). Running this model in each of the individual cluster 

datasets yielded the inverse of the sample covariance matrix (i.e. a precision matrix) 

for each cluster. We transformed this matrix into a matrix of partial correlation 

coefficients using a previously described transformation (Almond, 2010b). 

 

 

 

 

6 



162 | Subtyping psychological distress in the population: a semi-parametric network approach 

 

Analysis of network characteristics 

Node centrality 

The obtained partial correlation matrix was visualized as a network for each cluster, 

using R package ‘qgraph’ (Epskamp et al., 2018). For each network we computed 

and compared various characteristics. Specifically, for each node in each network 

we calculated the centrality (i.e. its importance in the network). There are various 

ways of defining node centrality in a network. We looked at node strength (the sum 

of absolute values of edges incident to a node), closeness (the average shortest 

path length between a node and all other nodes in a network) and betweenness 

(the number of times a node is on the shortest path between two other nodes) 

(Harary, 2018). Afterwards, we investigated if the clusters differed with respect to 

their node centrality distributions using Kolmogorov-Smirnoff tests. This was done 

in a pairwise manner: distributions in two clusters were compared in each separate 

test.  

Overall network density and connectivity 

We computed and compared two global connectivity measures for each cluster’s 

symptom network, see (Forbes et al., 2017a). First, we computed the average of 

the absolute edge weights in each network to obtain a measure of network 

‘density’. Second, we computed the ratio of realized edges to the total number of 

possible edges to obtain a measure of overall network ‘connectivity’. It is useful to 

consider both these measures because they provide different insights into global 

connectivity and need not necessarily be in agreement with each other (De Vos et 

al., 2017). 
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Results 

K-means clustering 

The decrease in the total sum of squares with each added cluster can be used to 

guide selection of a model that balances sufficient explanation of heterogeneity 

with model parsimony. However, since the total sum of squares will keep 

decreasing with each added cluster, this selection will always require a certain 

measure of subjective judgement. In this study, a 5-cluster model was selected as 

it represented a good compromise between model fit and model parsimony. 

Descriptive statistics for each cluster in this model are shown in Table 1. Cluster 1 

contained the most people and had the lowest mean K10 score. This cluster seemed 

to represent (moderately) healthy people. Cluster 5 was the smallest cluster and 

had the highest mean K10 score. Clusters 2, 3, and 4 fell in-between in terms of size 

and mean sum scores and seemed to represent subgroups with moderate levels of 

psychopathology.  
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Table 1:  Sample descriptive statistics per cluster 

Cluster 1 2 3 4 5 

Size 229525 4550 5200 14038 1130 

Sex (%Female) 45.7% 34% 51.2% 36.7% 34.5% 

Age group      

15- 37 years 32.7% 36.4% 54.5% 37.8% 29.0% 

37 -59 years 34.8% 44.5% 31.5% 37.9% 51.6% 

59-81 years 28.4% 17.2% 12.8% 20.8% 17.9% 

K10 item score, mean (SD)      

Feeling tired for no good reason 
1.85 
(0.91) 

3.84 
(1.00) 

2.65 
(1.19) 

3.34 
(1.03) 

4.34 
(0.96) 

Feeling nervous 
1.74 
(0.88) 

3.74 
(1.02) 

2.60 
(1.25) 

3.03 
(1.06) 

4.43 
(0.85) 

Feeling so nervous that nothing 
could calm you down 

1.09 
(0.35) 

2.62 
(1.17) 

1.60 
(0.97) 

1.80 
(0.95) 

3.74 
(1.20) 

Feeling hopeless 
1.13 
(0.41) 

3.28 
(0.93) 

1.54 
(0.83) 

2.33 
(0.96) 

4.26 
(0.85) 

Feeling restless 
1.51 
(0.79) 

3.22 
(1.09) 

4.26 
(0.71) 

2.39 
(0.97) 

4.23 
(0.90) 

Feeling so restless you could not  
sit still 

1.15 
(0.45) 

2.61 
(1.18) 

3.91 
(0.82) 

1.68 
(0.83) 

3.79 
(1.16) 

Feeling depressed 
1.48 
(0.72) 

3.85 
(0.74) 

2.10 
(0.97) 

3.05 
(0.79) 

4.54 
(0.60) 

Feeling so depressed that nothing 
could cheer me up 

1.07 
(0.29) 

3.17 
(0.98) 

1.35 
(0.66) 

2.08 
(0.97) 

4.13 
(0.87) 

Feeling everything was an effort 
1.37 
(0.73) 

3.84 
(0.85) 

2.16 
(1.16) 

3.21 
(0.97) 

4.49 
(0.69) 

Feeling worthless 
1.09 
(0.35) 

3.17 
(1.08) 

1.36 
(0.71) 

2.19 
(1.03) 

4.18 
(0.99) 

K10 sum score groups (%)      

10 - 23 99.8% 0% 52.8% 27.2% 0% 

23 - 37 0.2% 86.2% 47.2% 72.8% 0% 

37 - 50 0% 13.8% 0% 0% 100% 
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Network characteristics 

The partial correlation networks of the clusters are shown in Figure 1. The networks 

of clusters 2 and 4 contained many negative edges while those of clusters 1, 3 and 

5 contained mostly positive edges. Interestingly, the networks associated with 

clusters 1 and 4 had the largest global level of connectivity (see Table 3), regardless 

of the measure used. Even though cluster 1 contained the healthiest people and 

cluster 5 contained the people most afflicted with mental illness, the global 

connectivity measures showed a more densely connected network for cluster 1 

than for cluster 5.  

Node centrality measures are shown in Figure 2. For each cluster, the nodes with 

the highest centrality are presented in Table 2. The symptom ‘Feeling depressed’ 

was the most prominent in clusters 1, 3 and 5 for all centrality measures. For cluster 

5 the symptom ‘Feeling worthless’ made an entrance in each top 3. Cluster 3’s most 

relevant nodes were all related to feeling depressed or nervous. For cluster 4, the 

symptoms ‘Feeling everything was an effort’, ‘Feeling nervous’ and ‘Feeling so 

nervous that nothing could calm you down’ comprised the top 3 most relevant 

nodes for all measures. Cluster 2 seemed to be dominated by ‘Feeling restless’ and 

‘Feeling so restless you could not sit still’. Kolmogorov-Smirnoff tests did not 

indicate any statistically significant differences between the clusters’ node 

centrality distributions. 
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Table 2: the three most central nodes per cluster, for each centrality measure  

Centrality 
measure 

Cluster 

1 2 3 4 5 

Strength 

1 Depressed So restless 
you could 
not sit still 

Depressed Effort Depressed 

2 Restless So nervous 
that nothing 
could calm 
you down 

Nervous So nervous that 
nothing could 
calm you down 

So restless 
you could 
not sit still 

3 Hopeless Restless So depressed 
that nothing 
could cheer 
me up 

Nervous Worthless 

Closeness 

1 Depressed So restless 
you could 
not sit still 

Depressed So nervous that 
nothing could 
calm you down 

Depressed 

2 Nervous Restless Nervous Nervous Effort 

3 So nervous 
that nothing 
could calm 
you down 

Depressed So depressed 
that nothing 
could cheer 
me up 

Effort Worthless 

Betweenness 

1 Depressed Restless  Depressed Effort Depressed 

2 Tired So nervous 
that nothing 
could calm 
you down 

Nervous So restless you 
could not sit 
still 

Worthless 

3 So depressed 
that nothing 
could cheer 
me up 

Nervous So nervous 
that nothing 
could calm 
you down 

Nervous So restless 
you could 
not sit still 
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Table 3: global connectivity measures according to two definitions of global 

connectivity 

Global 

connectivity 

measure 

Cluster 

1 2 3 4 5 

Connectivity 0.89 0.73 0.67 0.82 0.67 

Density 0.073 0.059 0.052 0.067 0.055 

 

 

 

 

Figure 2: Centrality plot for clusters 1 through 5 for three centrality measures. 
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Discussion 

In this paper we looked at non-parametric clustering of a large sample of individuals 

from the general Canadian population and applied a semi-parametric network 

model to each of these clusters, taking into account the skewness of the ordinal 

symptom reports often encountered in psychiatric questionnaire data from general 

population samples. 

Our k-means clustering method was based on covariances instead of raw item 

scores or severity measures, yielding clusters not only differing clearly in levels of 

symptomatology but also in network structure. The analysis divided the dataset 

into five data-driven subgroups of people with varying levels of psychopathology. 

The cluster of people with the lowest symptom severity was by far the largest, in 

line with the fact that most people in the general population do not suffer from 

moderate to severe levels of mental illness, as measured by the K10. The other 

clusters seemed to represent groups of people with moderate (clusters 2, 3, 4) and 

high (cluster 5) levels of psychopathology.  

The symptom networks showed pronounced differences across clusters, indicating 

substantial variation in symptom interdependency between clusters. Networks of 

clusters 2 and 4 differed from the other networks in that they contained mostly 

edges with negative weights. Another surprising difference was found in the 

networks of clusters 1 and 5. These clusters contained people with, respectively, 

the highest and the lowest symptom overall severity levels, yet the network of 

cluster 5 was less dense than the network of cluster 1. This seems to contradict 

earlier results in network modeling that suggest network density is positively 

associated with severity levels of psychopathology (Wigman et al., 2013, 2015; 

Boschloo et al., 2015; Pe et al., 2015; van Borkulo et al., 2015; Borsboom, 2017). 
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One possible reason for this discrepancy may be differences in methodology. For 

example, most of these previous studies did not account for the fact that 

psychopathology data often show substantial floor effects, especially in the 

subgroups with the lowest severity levels. This may result in lower variances in 

these groups, which may in part explain why observed connectivity measures may 

be higher in subgroups with higher symptom severity if such non-normal 

distributions are not accounted for (Terluin et al., 2016). Also, other methodological 

differences, for example, methods used for the detrending and centering of the 

data, have previously been shown to lead to differences in results (De Vos et al., 

2017). Therefore, we opted for a non-parametric method in order to make no a 

priori assumptions about the underlying marginal distribution of the symptoms. 

Alternatively, it may simply not be true that a higher level of psychopathology 

implies a more highly connected network. In order to resolve this issue, more 

research is needed and, potentially, new theories should be developed in order to 

generate new testable hypotheses that can help the field to progress further. For 

instance, perhaps other network characteristics than connectivity could be more 

robustly associated with illness severity. 

Inspection of the centrality indices can provide some insight into the relative 

importance of symptoms in a network. In directed networks, central nodes are 

often interpreted as nodes that play an important role in connecting other nodes 

in the network to each other. In cross-sectional, undirected networks, node 

centrality cannot be interpreted as nodes along directed paths. Here, high 

centrality of a node can be interpreted as an indication of a high rate of pairwise 

co-occurrences with its neighboring nodes. Vice versa, a node that corresponds to 

a symptom that only shows little pairwise co-occurrences with other symptoms will 

have a comparatively low centrality in the network. Considering the most central 
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nodes for each cluster’s network, we saw that for people in clusters 1, 3 and 5, 

affect-related symptoms such as ‘Feeling depressed’ and ‘Feeling so depressed that 

nothing could cheer me up’ were most central. In cluster 5 the cognitive symptom 

of ‘Feeling worthless’ also stood out, indicating the importance of this symptom for 

people with severe psychopathology. In Clusters 2 and 4, symptoms related to 

agitation (‘Feeling nervous’, ‘Feeling restless’) and energy (‘Feeling everything was 

an effort’) seemed to be most central. Importantly, these findings are relatively 

robust with respect to choice of centrality measure. This indicates that, although 

far from complete, it seems possible to detect ‘from the ground up’ meaningful 

subgroups of individuals in the population, based on the structure of networks of 

depressive symptoms. The Kolmogorov-Smirnoff tests that were used to compare 

centrality distributions across clusters did not show significant differences in node 

centrality between clusters, but this may be partially explained by a low sample 

size, since there are 10 node centrality coefficients per network and the 

Kolmogorov-Smirnoff test is rather conservative. 

Some limitations of this study need to be addressed. First, a problem with k-means 

clustering is that it is not always clear how to determine the optimal number of 

clusters, adding a subjective aspect to model selection. Secondly, this study was 

based on cross-sectional data, as a result of which we cannot say anything about 

symptom associations over time within persons. Finally, the K10 is dissimilar from 

other depression questionnaires, in that it contains items on depressive as well as 

anxiety symptoms. Future research is needed to investigate whether the results of 

this study can be replicated when using different samples and/or depression 

questionnaires.  
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In conclusion, using relatively simple techniques we were able to find clusters of 

people, which did not only differ in terms of symptom severity but also in terms of 

patterns of between-symptom associations, demonstrating a promising approach 

that can be used and further explored in future data-driven psychopathology 

subtyping studies. 
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Appendix 1: K10 item labels 
 

Item 

number 

Label Label abbreviated 

1 Feeling tired for no good reason Tired 

2 Feeling nervous Nervous 

3 Feeling so nervous that nothing could 

calm you down 

NervousCalm 

4 Feeling hopeless Hopeless 

5 Feeling restless Restless 

6 Feeling so restless you could not sit 

still 

RestlessSit 

7 Feeling depressed Depressed 

8 Feeling so depressed that nothing 

could cheer me up 

DepressedCheer 

9 Feeling everything was an effort Effort 

10 Feeling worthless Worthless 

6 
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In this chapter, I summarize the findings presented in the previous chapters, 

integrate and compare them with other contemporary network research and 

discuss potential pitfalls, opportunities and possible future research directions in 

the psychiatric network field. 

Summary 

The network approach, as an alternative to the traditional latent cause 

conceptualization of mental illness (chapter 2), is an intuitively attractive new field 

that has given researchers in epidemiology, psychiatry and related areas a sizable, 

‘shiny’ new toolbox of methodological concepts, with which to analyze item-

response data. A subset of this toolbox is displayed in chapter 3, where we used the 

Ising model and the concept of network communities, i.e. the concept of detecting 

which nodes in a network belong together, to study data from children with and 

without psychotic and related experiences. Focusing on communities allows one to 

uncover different ways of grouping symptoms than according to their original 

domain. Moreover, this analysis showed that, using the network approach, it is 

possible to extract additional information from data that cannot be obtained from 

composite scores. For example, mean item scores were similar for negative and 

depressive experiences, while nodes in the negative experience subscale showed a 

higher level of interconnectivity. 

Longitudinal sparse vector autoregressive models were used in chapters 4 and 5. In 

chapter 4, a sample of depressed patients was compared with a healthy sample 

that was matched on age, gender, smoking behavior and BMI. This study showed 

that longitudinal network connectivity was strongest in the healthy group when 

sparse vector autoregressive (VAR) and a data transformation to counter non-

normality were used. However, network connectivity was strongest in the MDD 
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group when a standard multilevel model and no transformation was used. This 

points towards the importance of data pre-processing steps for the eventual 

interpretation and interpretability of (longitudinal) network models in psychiatry. 

Sparse VAR models were used in chapter 5 to investigate and compare emotion 

dynamics in a group of patients with multiple sclerosis and a general population 

sample that was pair-matched on severity at baseline. This study showed that 

networks of MS patients and general population individuals with roughly similar 

levels of psychopathology at baseline, have a different architecture: i.e. the 

symptom nodes have a different centrality. Both studies revealed that utilizing 

regularization is a handy and sometimes necessary tool to estimate networks, but 

also has some disadvantages, such as the instances where it leads to ‘empty’ 

networks. 

Chapter 6 shows a novel approach to the issue of mental illness subtype detection. 

This chapter shows that non-parametric clustering of individuals based on inter-

symptom associations results in groups with distinct levels of psychopathology as 

well as different network representations. It also shows the usefulness of a semi-

parametric network estimation technique for non-normally distributed data. 

Integration with contemporary network research 

As mentioned in the introductory chapter of this thesis (chapter 1), network 

research suffers from a number of technical and conceptual issues, some of which 

I have aimed to address in this thesis.  

The first issue is overparametrization: the lack of degrees of freedom in the 

estimation of networks. This problem occurs especially in dynamic networks and 

multilevel models with multiple nodes. For example, a common way to estimate a 

dynamic network on the basis of time-series data obtained through Experience 
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Sampling Methodology (ESM) is to use a multilevel VAR model with random effects 

for all parameters and an unstructured random effect covariance matrix (e.g., 

Wigman et al., 2015, Bringmann et al., 2013, Bringmann et al., 2016, Pe et al., 2015, 

chapter 4). One downside of this model is that, as the number of items increases, 

the number of parameters that need to be estimated increases rapidly. In that case 

one may need to (i) reduce the number of nodes in the network, (ii) impose 

additional structure on the covariance matrix of the model (iii) remove random 

effects from the model, or (iv) collect more data. Depending on the circumstances, 

these solutions can be difficult or infeasible, may lead to biased estimates, or do 

not do justice to the heterogeneity present in the data. The assumption that 

dynamic effects are identical across all individuals is unrealistic was also shown in 

our chapters 4 and 5, in which our analyses at the individual level showed between-

person heterogeneity in the effects. In chapters 4 and 5 we showed that the use of 

regularization is one possible solution to the problem of overparametrization, 

although this method has strengths as well as weaknesses. One observed strength 

was that we could estimate a larger network compared to multilevel-based 

networks. A downside of this approach was the fact that standard information-

theoretical approaches to regularization-parameter selection (i.e. by using the AIC 

or BIC) led to almost empty networks in chapter 4. Another downside is that, 

although we were able to fit networks at the group level and at the individual (N=1) 

level with this sparse VAR model, there is no multilevel implementation of this 

model. This could be problematic since fixed-effect models may not accurately 

display the heterogeneity present in MDD. Future research might focus on 

designing and implementing a model that allows for the estimation of sparse 

dynamic networks using VAR while also incorporating random effects.  
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The second issue we aimed to address in this thesis is non-normality, which arises 

from the type of data we often use in our field (i.e. discrete Likert-type data) and 

the type of ‘non-normal’ phenomenon we aim to measure. Specifically, when 

measuring depression or related disorders, one often measures symptoms that 

typically display low variance, such as suicidal ideation. Moreover, the frequency of 

occurrence of symptom variables in relatively healthy samples is often low, leading 

to floor effects and skewed data distributions. Modeling data with such non-normal 

distributions may lead to biased estimates (Terluin et al., 2016; Forbes et al., 

2017a). Particularly, it may lead to deflated regression coefficients in healthy 

samples compared to depressed samples, because the standard deviation in the 

former samples is lower. In chapters 4, 5 and 6 we employed a probability integral 

transformation to transform skewed data in order to better meet distributional 

modeling assumptions. One upside to this preprocessing step is that this data 

transformation is empirically determined instead of based on assuming a specific a 

priori functional form, in contrast to skewness-compensating approaches like the 

one proposed in (Terluin et al., 2016) where a generalized mixed model with an 

inverse Gaussian link function is used. Another upside to this procedure is that it is 

not part of the statistical model but takes place before any model fitting happens. 

The downside is that it might impede interpretation of results, since we are doing 

inference on transformed data.  

The third is issue is the hypothesis that network density is associated with a higher 

level of illness severity. For example, in Van Borkulo et al. (2015) it is reported that 

people who persist in their depressive state will display a network with a higher 

density. Pe et al. (2015) found that people with MDD have a more densely 

connected network compared to the network of a sample of healthy controls. 

Wigman et al. (2013) found severity groups that were characterized by 
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progressively increasing connection strength and Wigman et al. (2015) found a 

more strongly connected dynamic network for persons with a clinical diagnosis 

compared to healthy subjects. In chapters 4 and 5 we could not confirm this 

hypothesis, and also other recent studies could not (e.g., Snippe et al., 2017; 

Schweren et al., 2018; Groen et al., 2019; Bos et al., 2018). In chapter 4, we saw 

that data preprocessing steps such as standardization and transformation, and 

whether this is done at the group or the individual level strongly influences the 

density comparisons. In view of the fact that estimates of connection strength are 

sensitive to differences in standard deviations, as exemplified above, it seems that 

especially transformation or other methods to deal with floor effects may impact 

the conclusions drawn from such comparisons. In order to draw definitive 

conclusions based on network analysis it seems that methodological agreement on 

this matter might need to be reached first.  

A final issue is the actual definition of network ‘density’. In most network studies in 

psychiatry (e.g., Bringmann et al., 2016), network density is defined as the average 

of the absolute values of the edge weights in the network of interest. This is in 

contrast with the standard definition of network density in graph theory, where 

density is traditionally defined as the fraction of the number of realized edges to 

the total possible number of edges (Coleman and Moré, 1984). These different 

density measures may yield different results (e.g., chapters 4 and 6). This does not 

mean that either definition is wrong per se and one can make arguments for both. 

On the one hand, a possible downside of the `density as average connection 

strength`-operationalization is that this definition implies that an empty network 

with one very strong connection could have a larger density than a network with 

lots of weaker edges. On the other hand, there is no reason to assume that the 

classical operationalization of density is better. It might be that both definitions 
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capture meaningful, but provide different information about a network. Again, this 

issue points to the need for more methodological clarity and agreement. The same 

can be said about local connectivity measures such as strength, betweenness and 

closeness. In cross-sectional networks Forbes et al. (2017) advocate to only focus 

on strength because it is not clear that the other two node characteristics actually 

represent anything psychopathological and perhaps the same can be said about 

global network characteristics. As for longitudinal networks, a commonly used 

centrality measure is in- and out-strength but I am not aware of any evidence that 

would lead one to prefer a particular centrality measure over another.  

Challenges, opportunities and future research 

Because the network approach is a relatively new avenue of research, there is a 

multitude of future research that can be done. The issues that need to be addressed 

can be roughly divided into a methodological, practical and a conceptual category, 

although the boundaries between these categories can be fuzzy. Concerning 

methodological issues, there are some limitations to network models that are 

currently commonly used in psychopathology research. For example, most network 

models assume either a continuous, Gaussian probability density (e.g., VAR models, 

Gaussian Graphical Models) or random variables with a binary outcome (e.g., van 

Borkulo et al., 2014). However, the typical data that psychopathology researchers 

work with are neither. Since data are often in the form of Likert-type scales, it would 

be helpful to utilize network models that can model non-Gaussian and/or discrete 

data with more than two levels. There is a model in statistical physics called the 

Potts model (Wu, 1982) that might be used for Likert-type data, but in the case of 

Gaussian networks there is still the matter of treating Likert-type data as 

continuous. The alternative would be to transform the data, as we did in multiple 
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chapters in this thesis, but the downside is that inference on transformed data is 

needed. Some work has been done on this topic (e.g., Morrison et al., 2017), but it 

might be a while before there is a ready-to-use R package for such a model.  

Another possible methodological topic for future research is the combination of 

multilevel network models with a regularization feature function. This would allow 

for estimating a larger number or nodes as well as modeling heterogeneity in the 

estimates, while also taking care of the rapidly increasing number of parameters in 

such a model. Another opportunity is in the area of time-varying network models. 

Recent research (Wichers et al., 2018) on the link between complex systems theory 

and psychopathology suggests that symptoms may display sudden, non-linear 

shifts in system behavior. This points to the need for statistical models that can 

represent these aspects and some work has been already done on this topic (e.g., 

Bringmann et al., 2017). Perhaps new techniques like these can model abrupt 

changes in mental states over time more accurately. Because depression may have 

biological and social causes (Kendler, 2014), the network approach might also be 

improved if research would combine data sources from other domains than self-

report alone. This has been done as a proof of concept by Santos et al. (2017), but 

the authors note that, in their case, the employed methodology (a Gaussian 

Graphical Model with regularization) likely leads to under-pronounced edges 

between symptom and biomarker nodes. 

The clinical relevance of network models is one practical issue that may be 

addressed in future research. Since the introduction of networks to the field of 

psychiatry there has been the hope that network models could deliver a patient’s 

therapy plan, tailored to that specific individual. In fact, the application of networks 

in daily clinical research was recently investigated by Epskamp et al. (2018). 
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However, as was mentioned in Wichers et al. (2017), we ought to be careful. 

Although the methodology to estimate intra-person cross-sectional and 

longitudinal networks exists, one may wonder if the patient in question ends up 

looking at an accurate depiction of their symptom profile or just at a collection of 

statistical artefacts because the network approach is still in an early stage and only 

little is known about their functioning and robustness. Another practical challenge 

is the investigation of actual real-life predictive ability and/or usefulness of 

networks; how well do they predict when compared to existing clinical predictors 

and or clinical judgement? Such research could for example look into questions 

such as: how predictive are patient-specific local or global network characteristics 

of future remission, and how does this compare to the prognosis made by the 

clinician and/or established prognostic tools? It is important to understand how 

well network models map onto reality before we accept them into daily clinical 

practice.  

Finally, we come to the conceptual challenges. First, there is the issue of 

replicability and generalizability. According to Forbes et al. (2017), the network 

approach suffers from a lack of replicability, which they argue results from an 

abundance of measurement error, the exploratory nature of the methods and the 

large number of parameters to be estimated. One additional problem is that many 

network studies use different samples, experimental designs and questionnaires 

that can impact the resulting analyses (Fried et al., 2017). Moreover, network 

models most often use self-reported single-item symptom assessments as their 

nodes. By doing this, all variance in each of the items is automatically assumed to 

be meaningful, whereas in reality a considerable portion of the variance in each 

individual item score will consist of patient- or sample-specific measurement error. 

This means that in practice it is unclear to what extent a network models 
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meaningful information and to what extent noise. Given that networks can be very 

sensitive to the above-mentioned methodological issues it is not very surprising 

that there is a replicability problem. Psychiatric research is quite hard from a 

statistical perspective. The ‘thing’ that we are interested in can usually only be 

measured by proxy. This measurement is a complex process in which many 

influences play a role that are outside the control of researchers. We have to 

remain well aware of this when interpreting network models or when designing a 

study. 

As mentioned earlier, the network approach gives researchers a lot of new tools 

with which to analyze networks. With such a plethora of options, it is not a trivial 

matter to decide which tool is the best for the job. Moreover, it might not even be 

clear what that ‘job’ would be. What exactly does it mean to say that the network 

approach is a successful one? If one wants to know which tools are the best, then 

we need to first define an objective that we seek to maximize.  Currently, it is not 

entirely clear what this objective should be. Do we need networks to be able to 

predict clinically relevant features, do we need networks to say anything 

etiologically relevant, or do we primarily need networks to produce a pretty 

picture? This is a question that demands topic-specific information and cannot be 

left to statistics alone. 

Although an interdisciplinary approach to mental health seems to make a lot of 

sense in general given the mysteries of MDD, there exist some possible challenges 

with interdisciplinary psychiatric research: many concepts and tools are derived 

from other fields. For example, the Ising model as used by van Borkulo et al. (2014) 

is borrowed from statistical mechanics, where the notion of the energy of a system 

is used. This leads to the question if and how this concept actually maps onto 
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psychiatric concepts. Another possible problem with the tendency to use 

innovative tools from other (technical) fields lies in transparency. If a network paper 

contains a justification for some modeling choices by referencing mathematical 

papers, it is may be that the reader (who likely has a medical or psychological 

background) will not follow the reasoning and will have to assume that the 

argument is valid, while much may depend on these seemingly minute choices. I 

would argue that psychiatric research would benefit from using less complicated 

models, not more. Given the fact that psychiatric research already has a problem 

with replicability, one should be careful to add even more possible idiosyncrasies 

via new methodological features. Moreover, it seems that the lure to the shiny and 

well-filled network toolbox leads different researchers (myself included) to each 

pick different tools, leading to replicability issues. However, the research field is still 

quite young and it is perhaps not surprising that the first wave of research has 

mainly been exploratory in nature. For now, it seems that the biggest challenges in 

the field are not necessarily the ones that require new state-of-the-art models but 

rather lie in finding a well thought out, state-of-the-art approach to determine 

when and how to use network models in psychopathology research and how to 

ensure their applicability and replicability. 
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English Summary 

Introduction 

Major Depressive Disorder (MDD) is a mental illness that greatly impacts patients 

as well as the people around them. It is estimated to become the biggest 

contributor to the global burden of disease in the next few decades. MDD is hard 

to understand because it is a highly heterogeneous illness: patients with the same 

MDD diagnosis may display vastly different symptom profiles, illness course and 

responses to treatment. Furthermore, reliable biological markers for MDD have yet 

to be found.  

From a statistical point of view, MDD and psychiatric disorders in general have 

traditionally been analyzed as if they are physical illnesses; as an entity that has a 

definitive but unmeasurable, latent cause that leads to manifestation of depression 

symptoms. Importantly, these symptoms are assumed to be mutually independent: 

their co-occurrence is completely explained by the assumed underlying disorder. 

This disease model is called the ‘latent variable model’. The use of the latent 

variable model to represent MDD is problematic because both the existence of a 

single latent cause and the independence of symptoms are hard to justify. The 

current dissertation therefore aims to investigate the use of an alternative disease 

model of MDD: the network model. 

A network model is a statistical model that is used to estimate relationships  (edges) 

between a large number of entities (nodes). Networks have become prominent in 

a wide variety of scientific disciplines during the 20th century such as biology, 

sociology and computer science. Before that, networks were studied 

mathematically in a field called ‘graph theory’. Recently, network models have been 
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increasingly applied in psychiatric research, where they are used to model and 

visualize how disorder symptoms (nodes) are related/associated (edges) to each 

other. Network models are an interesting alternative to latent variable models in 

psychiatric research because they do not assume the existence of a single latent 

cause for MDD and they can model (in)direct relationships among symptoms: i.e. 

how one symptom may lead to other symptoms, etc. As such, network models 

naturally allow for the modeling of psychiatric illnesses as complex, interwoven 

networks of symptoms that may better reflect reality than traditional diagnostic 

approaches. 

This thesis is concerned with the application of network models in mental health 

research on both cross-sectional and longitudinal study data, addressing several 

methodological issues that have been raised by previous work. Based on this work, 

we discuss the strengths, weaknesses, possibilities and challenges of the network 

approach to psychopathology research. 

Findings 

In chapter 2 the main assumptions behind latent variables are considered. 

Essentially, this model assumes that all measurement variables depend solely on 

one or multiple latent variables. Depression data typically consist of two or more 

modes. Data come from (1) multiple patients, on (2) multiple symptoms, spanning 

(3) multiple time points. Latent variable models can be used in any two out of three 

of these settings, but they lack the flexibility needed to model a complex and 

dynamic illness such as MDD. In this chapter, an alternative to traditional latent 

variable models is presented in the form of three-mode PCA. 

In chapter 3 the main ideas behind the network approach are explained and the 

use of networks in psychiatric research is showcased by applying the network 
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modeling framework to a dataset concerning psychopathology in adolescents. This 

dataset is interesting because it contains data on multiple domains of 

psychopathology, namely positive and negative psychotic experiences, depression, 

anxiety and distress. We found that networks allow researchers to model such 

multidimensional datasets effectively and that networks provide information not 

easily obtained from aggregate measures such as sum scores. For instance, we 

found that symptoms of different domains were connected and that positive 

psychotic symptoms had the least inter-domain connections. We also consider new 

analytic tools available in the network framework, such as network communities, 

and their applications. 

In chapter 4, a regularized version of a vector autoregressive network model is used 

to investigate the associations between emotions over time in individuals with 

MDD and a control group. This analysis is done on both the population-level data 

as well as in each participant’s individual data. Population-level analyses showed 

that the network representing emotion associations over time was more strongly 

connected in the control group than in the MDD group. Moreover, edges in the 

control group had larger edge weights than those in the MDD group. Individual-

level analyses indicated a high level of heterogeneity across subjects. The VAR-

based result differed from results obtained in a multilevel approach that was used 

in previous network research and in chapter 4 as well. This was also a consequence 

of differences in preprocessing, indicating that there are some open questions 

concerning best practices in network methodology. 

In chapter 5, network models are used to compare the longitudinal and 

contemporaneous symptom networks of a group of multiple sclerosis (MS) patients 

to those of a group of individuals from the general population. The groups were 
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pair-matched on depression severity. Longitudinal networks of both groups were 

empty. Typical MS symptoms such as feeling tired or lacking concentration 

displayed higher centrality in the general population contemporaneous network, 

compared to the MS contemporaneous network. Overall connectedness among 

symptoms was observed to be lower in the MS patients, aligning with previous 

research that found that somatic depressive symptoms reflect the severity of the 

somatic disease rather than increased depression. In this chapter, too, we found 

that methodological choices may greatly influence the findings obtained from 

network analyses. 

In chapter 6 semi-parametric Gaussian network models are used to find data-driven 

clusters in a large sample of the Canadian general population. Individuals are 

clustered by looking at how their item responses on a depression questionnaire 

vary around the sample grand mean (‘K-means clustering’). A symptom network is 

estimated for each cluster using semi-parametric network models. These network 

methods can be used to model associations among symptoms even if the data are 

not normally distributed. Instead, the network model automatically finds a 

transformation to apply to the data before network model fitting. We find that the 

clusters group people according to psychopathological severity. Interestingly, the 

cluster with the highest severity has a less dense network than the cluster with the 

lowest severity. The five clusters’ symptom networks also differ in which nodes 

were most central. Clusters 1, 3 and 5 are marked by prominent affect-related 

symptoms, while in clusters 2 and 4 symptoms related to agitation seem to be the 

most central. This indicates that it might be possible to use network model-based, 

data-driven clusters to identify potentially meaningful groupings of individuals with 

different mental health profiles. 
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Conclusion 

The network approach provides researchers with a new research paradigm and a 

new toolbox to analyze psychopathology. It appears that by using network models, 

researchers may be able to obtain more and different information about 

psychopathology than they would obtain if they used, for example, aggregated sum 

scores. Using regularization in combination with VAR-based models, it is also 

possible to analyze data with a large number of items or to fit models with a large 

number of parameters, especially compared to e.g., multilevel models. In addition, 

it was found that by employing semi-parametric network models it is also possible 

to model non-normally distributed data.  

However, it still remains unclear what is the best way to use and estimate networks 

in psychopathology research. Methodological choices such as those regarding the 

use of regularization, hyperparameters, random effects, population- versus 

individual level models, and data preprocessing were shown to impact the 

conclusions of the analyses. It is not clear-cut which approach is better or more 

correct and, by extension, which model results should be seen as valid evidence for 

a particular theory. For instance, it has been hypothesized that a higher level of 

psychopathological severity is reflected in a more densely connected network, but 

this was not always reflected in the results of this thesis and, importantly, was 

shown to depend on the used methods, preprocessing and otherwise, and the 

definition of the used measure of 'network density'. Moreover, this may also 

depend on the network model that is used. Overall, the network conceptualization 

of psychopathology has given researchers a  valuable new toolbox to work with. 

However, more research is needed to overcome the methodological challenges in 

this field.  
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Nederlandse Samenvatting 

Inleiding 

Depressie is een mentale aandoening die een grote impact heeft op de patiënt en 

diens sociale omgeving. Deze stoornis wordt in de nabije toekomst naar schatting 

één van de grootste oorzaken van ziektelast. Depressie is moeilijk te doorgronden 

omdat het een zeer heterogene ziekte is; twee personen met dezelfde depressie 

diagnose kunnen bijvoorbeeld heel verschillende ziektebeelden vertonen of een 

heel ander ziektebeloop laten zien. Bovendien zijn er tot op heden geen 

betrouwbare biologische markers gevonden voor depressie. 

Depressie wordt statistisch gezien traditioneel geanalyseerd alsof het een fysieke 

ziekte betreft; er wordt verondersteld dat er een duidelijke onderliggende ziekte-

entiteit is die aan de symptomen van depressie ten grondslag ligt, en dat de 

aanwezigheid van deze symptomen enkel afhangt van deze onderliggende oorzaak. 

Latente variabele modellen (LVM) zijn een veelgebruikt soort statistische modellen 

waarin deze aannames worden gemaakt en waarmee depressie veel wordt 

onderzocht. Echter, een duidelijke enkelvoudige oorzaak is in het geval van 

depressie nog nooit gevonden, waardoor er serieus getwijfeld kan worden aan de 

bruikbaarheid van LVMs voor het onderzoeken van psychopathologie. Dit 

proefschrift focust daarom op een potentieel alternatief voor LVMs in de vorm van 

netwerkmodellen. 

Een netwerkmodel is een statistisch model dat wordt gebruikt om relaties (lijnen) 

te schatten en weer te geven tussen een aantal variabelen (knopen). 

Netwerkmodellen zijn de afgelopen decennia gebruikt in allerlei wetenschappelijke 

disciplines zoals biologie, sociologie en informatica. Daarvóór zijn netwerken vooral 
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wiskundig bestudeerd in de zogenaamde grafentheorie. Meer recent worden 

netwerken ook toegepast in psychiatrisch onderzoek. Netwerkmodellen zijn een 

interessant alternatief voor LVMs omdat ze niet het bestaan van een latente 

oorzaak veronderstellen maar de mogelijkheid toestaan dat symptomen elkaar 

beïnvloeden (over de tijd), waardoor depressieve symptomen zich kunnen 

ontwikkelen, voortbestaan en/of verdwijnen over de tijd als gevolg van hun 

onderlinge interacties. Netwerkmodellen maken het mogelijk om over mentale 

aandoeningen te redeneren als nauw verweven netwerken van symptomen, wat 

beter aansluit bij de realiteit dan de traditionele manier van denken over 

psychiatrische diagnostiek. 

Dit proefschrift gaat over het toepassen van netwerkmodellen in psychiatrisch 

onderzoek in zowel cross-sectionele als longitudinale studies, waarbij een aantal 

specifieke methodologische kwesties worden behandeld. Ook bespreken we de 

voor- en nadelen, uitdagingen, mogelijkheden en te nemen hindernissen voor het 

gebruiken van de netwerkbenadering in dit onderzoeksgebied.  

Bevindingen  

In hoofdstuk 2 worden de hoofdaannames achter LVMs besproken. Data van 

depressieve patiënten bevatten over het algemeen twee of meer modes; er kunnen 

data zijn van (1) meerdere patiënten, van (2) meerdere symptomen en over (3) 

meerdere meetmomenten. LVMs kunnen gebruikt worden voor elk van deze 

situaties afzonderlijk, maar hebben niet de flexibiliteit om een complexe en 

multimodale ziekte als depressie adequaat te representeren. Een alternatief voor 

LVMs in de vorm van drievoudige PCA wordt hier besproken. 

8 



200 | Nederlandse Samenvatting 

 

In hoofdstuk 3 wordt een algemene inleiding tot het gebruik van netwerkmodellen 

in psychiatrisch onderzoek gegeven. De modellen worden gedemonstreerd door 

een netwerkmodel toe te passen op data die gaan over psychopathologie in 

adolescenten. Deze dataset is interessant omdat deze meerdere psychiatrische 

sub-domeinen bestrijkt: positieve en negatieve psychotische ervaringen, depressie, 

angst en stress. We vinden dat netwerkmodellen onderzoekers in staat stellen om 

multidimensionale datasets als deze te modelleren en dat de netwerken informatie 

verschaffen die met traditionele methodes niet te verkrijgen zijn. Zo vinden we 

bijvoorbeeld relaties tussen symptomen van verschillende sub-domeinen en we 

vonden dat positieve psychotische symptomen het kleinste aantal inter-domein 

verbindingen hebben. Ook worden methodologische technieken uit de 

netwerktheorie, zoals die van netwerk communities, in dit hoofdstuk besproken. 

In hoofdstuk 4 wordt een studie gepresenteerd waarin een geregulariseerd vector 

autoregressief (VAR) netwerkmodel werd gebruikt om verbanden tussen  emoties 

over de tijd te onderzoeken in een groep mensen met depressie en in een 

controlegroep. Deze analyse werd uitgevoerd op de gecombineerde data van de 

hele groep en op de individuele data van elke deelnemer. Analyses op groepsniveau 

tonen aan dat het netwerk dat verbanden tussen emoties over de tijd representeert 

sterker is verbonden in de controlegroep, vergeleken met de depressiegroep. Ook 

vinden we sterkere verbanden tussen individuele symptomen in de controlegroep. 

Analyses op individueel niveau tonen aan dat er een hoge mate van heterogeniteit 

bestaat tussen de netwerken van individuen. We vinden ook dat de VAR-

methodologie andere resultaten oplevert dan een eerder gebruikte 

netwerkbenadering met behulp van een multilevel regressie-analyse. Ook vinden 

we dat verschillen in voorbewerking van de data een grote impact op de resultaten 
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kunnen hebben, wat duidt op een aantal open methodologische vraagstukken op 

dit gebied. 

Hoofdstuk 5 beschrijft een studie waarin netwerkmodellen gebruikt worden om 

gelijktijdige en longitudinale symptoomnetwerken van mensen met multipele 

sclerose (MS) te vergelijken met die van mensen uit de algemene bevolking. Er 

worden geen verschillen gevonden in de longitudinale netwerken van de twee 

groepen maar wel in de netwerken van de gelijktijdige verbanden; typische MS-

symptomen zoals moeheid en verminderd concentratievermogen laten een hogere 

centraliteit zien in het gelijktijdige netwerk van mensen uit de algemene bevolking 

vergeleken met het gelijktijdige MS-netwerk. Symptoomverbanden blijken over de 

hele linie ook minder sterk in het MS-netwerk, wat overeenkomt met eerder 

onderzoek dat liet zien dat somatische depressie symptomen eerder de ernst van 

de onderliggende somatische ziekten dan de aanwezigheid van depressie 

reflecteren. Echter, ook hier vinden we dat methodologische keuzes een grote 

impact hebben op de bevindingen.  

In hoofdstuk 6 wordt een studie beschreven waarin semi-parametrische 

Gaussiaanse netwerkmodellen gebruikt worden om data-gedreven clusters te 

modelleren in een grote representatieve steekproef uit de Canadese bevolking. 

Individuen worden geclusterd op hoe hun responsen op een symptoomvragenlijst 

variëren rondom het gemiddelde. Met behulp van deze zogenaamde ‘K-means 

clusteranalyse’ vinden we een indeling in 5 clusters van individuen. Voor elk cluster 

wordt vervolgens een symptoomnetwerk geschat met behulp van een semi-

parametrisch netwerkmodel. Deze methode kan gebruikt worden om 

symptoomdata te modelleren, ook als deze niet normaal verdeeld zijn. De 

clusteranalyse resulteert in groepen met verschillende ernst van psychopathologie. 
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Het symptoomnetwerk in het cluster met de meeste klachten heeft een lagere 

connectiviteit dan het netwerk van het cluster met de minste klachten. Clusters 1, 

3 en 5 kenmerken zich door prominente affect-gerelateerde symptomen, terwijl in 

clusters 2 en 4 agitatie-gerelateerde symptomen belangrijk zijn. Deze resultaten 

laten zien dat clustering op basis van netwerken kan helpen bij de identificatie van 

mogelijk betekenisvolle populatie-subgroepen met verschillende mentale 

gezondheidsprofielen.  

Conclusie 

De netwerkbenadering verschaft onderzoekers een nieuwe manier van kijken op 

mentale aandoeningen en een gereedschapskist vol met methoden om 

psychopathologische data te onderzoeken. Het lijkt erop dat netwerkmodellen 

informatie kunnen opleveren die via meer traditionele methoden niet te verkrijgen 

is. Het gepresenteerde werk laat verder zien dat het door gebruik van regularisatie 

in combinatie met VAR mogelijk is om data te analyseren met modellen die relatief 

veel parameters hebben, vooral in vergelijking met netwerkmodellen gebaseerd op 

multilevel analyses. Door semi-parametrische netwerken te gebruiken kunnen we 

ook niet-normaal verdeelde data analyseren. 

Het is echter nog steeds niet geheel duidelijk op welke manier netwerkmodellen 

het beste kunnen worden toegepast. We vinden bijvoorbeeld dat methodologische 

keuzes een grote invloed kunnen hebben op de resultaten van een analyse, waarbij 

het niet overduidelijk is welke manier de beste of meest correcte is, waardoor het 

onduidelijk blijft of resultaten kunnen worden geïnterpreteerd als bewijs voor een 

bepaalde theorie. Er bestaat op basis van eerder werk bijvoorbeeld een hypothese 

dat de ernst van een mentale aandoening samenhangt met de connectiviteit van 

het bijbehorende netwerk, maar dit blijkt in dit proefschrift niet altijd het geval en 
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hangt onder andere af van de gebruikte definitie van netwerkconnectiviteit en 

andere methodologische keuzes, zoals het te gebruiken netwerkmodel. 

 Al met al is de netwerkbenadering van mentale aandoeningen een nuttige 

toevoeging voor het veld en kan het veel nieuwe mogelijkheden bieden. Er is echter 

meer onderzoek nodig om te achterhalen op welke manier dit het beste gedaan 

kan worden.
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kindness, support and infectious curiosity, may there be many coffee breaks in the 

future. Robin, Fionneke, Anouk en Marieke: jullie waren hele fijne kantoorgenoten, 

bedankt dat ik even kon blijven plakken in jullie kantoor. Professor Scott Patten: 

thank you for your hospitality, showing me the University of Calgary and teaching 

me how to look for dinosaur bones. Dank aan alle fijne collegae op het ICPE en 

GMW. Ik hoop dat we elkaar vaker treffen, zo niet op professioneel vlak dan toch 

zeker in de kroeg. 

Mijn promotietraject was onvoltooid gebleven zonder mijn vrienden. Dank aan de 

KODTMDWWJHOHOHGVELB borrelclub voor het tot een hoger plan tillen van 

vrijdagmiddagborrels. Anne en Niek: ik voel mij bevoorrecht dat ik jullie tot mijn 

goede vrienden mag rekenen, bedankt voor alles. Dank aan de MS Stubnitz 
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(Stubnitz hoog!) en in het bijzonder de sexy oude lullen, jullie zijn geweldig. Dank 

aan Douwe en Pieter van het interprovinciaal overlegorgaan. Dank aan mijn 

paranimfen Anne en Yonathan voor de emotionele zorgen.  

Ten slotte, mijn lieve vriendin Olga: zonder jou had ik het niet gered. Heel erg 

bedankt voor je begrip, geduld en ondersteuning tijdens de laatste loodjes. 

Большое спасибо, моя милая. 
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