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C H A P T E R 1

INTRODUCTION

W
hen you start thinking about networks, you can see them all around.

Take for example a collaboration network of some large company with

several departments. You can envision employees being nodes in a net-

work and draw a connection between those who often work together. Those who

work at the same department will probably have many connections amongst each

other. In addition, some employees who work in projects that transcend depart-

ments, will have connections with employees outside their own department. This

social network can be further analyzed. If the network is dense (i.e., contains many

connections), many employees collaborate and, consequently, knowledge will

spread easily through the department or company. A less dense network, however,

means that people work more solitary. Next, one could zoom in on individual

employees: Which employee collaborates most with other employees in his or

her department? Which employee collaborates most with employees outside his

or her department? In terms of spreading of knowledge, a company will benefit

most from employees who collaborate with many other colleagues within and

between departments, as they enable spreading and/or acquiring knowledge

most efficiently. Analysis of these patterns of connections between individuals is

known as network analysis.

1



CHAPTER 1. INTRODUCTION

1.1 The network perspective on psychopathology

Besides the social sciences, network analysis has also entered research on in-

telligence, and psychopathology (Borsboom, 2008; Borsboom & Cramer, 2013;

Cramer, Waldorp, Van Der Maas, & Borsboom, 2010; Schmittmann et al., 2011; Van

Der Maas et al., 2006). Focusing on psychopathology, the nodes in the network

are now symptoms instead of employees, and the connections — called edges in

graph theory — are now relationships between symptoms. For example, when a

person does not sleep well for several nights, he or she will get tired. Although this

may be an experience that many people have, it can get out of hand for some. A

possible causal chain could be: insomnia → fatigue → concentration problems →
feeling sad → insomnia. Ultimately, this could culminate in a full-blown major de-

pressive disorder (MDD). Following from this network view on psychopathology,

stronger and/or more causal relationships (i.e., stronger connectivity) can more

easily lead to MDD. That is, if Bob′s symptoms have strong causal relationships,

his insomnia can culminate easily in MDD. Conversely, if Alice′s symptoms have

weak connectivity, her insomnia does not lead to MDD; the sleep problems can

subside without having triggered activation of symptoms in a causal chain.

1.2 This thesis

Although the network perspective is a relatively new game in town — with its

conceptual and empirical foundations in 2008 and 2010 (Borsboom, 2008; Cramer

et al., 2010) and the development of an advanced visualization technique in 2012

(i.e., the free R package qgraph; Epskamp, Cramer, Waldorp, Schmittmann, &

Borsboom, 2012) — its popularity is rising fast. Therefore, when this PhD project

started in 2012, it was important to contemplate about what the network perspec-

tive could offer psychology and psychiatry. An inspiration for this search was a

simulation model I made already before this project started. In this interactive

agent-based simulation tool, depression is modeled as a network of its symptoms

(Van Borkulo, Borsboom, Nivard, & Cramer, 2011; Wilensky, 1999)1. Investigating

the behavior of this relatively simple model raised question about what it could

be in networks that could give rise to behavior in real people: the connection

1see Van Borkulo, Van Der Maas, Borsboom, and Cramer (2013) for an advanced interactive model

2



1.2. THIS THESIS

strengths, connectivity, how easy symptoms develop? This was the starting point

of this thesis.

The work described in this thesis is part of a broader collaboration between

the University Medical Center Groningen (Dept of Psychiatry) with the largest

provider of mental health services in the Netherlands (i.e., GGZ Friesland) focus-

ing on novel data driven approaches to improve the effectiveness of mental health

care. It is also the result of a fruitful collaboration with the Psychological Methods

department of the University of Amsterdam who have done pioneering work on

the network approach to psychopathology. It is organized around four compo-

nents: 1) a theoretical deepening of the network perspective on psychopathology,

2) the development of methodology to analyze group-level data, 3) empirical stud-

ies at the group-level, and 4) individual networks and prediction. In the following,

I will describe these components in more detail.

1.2.1 A theoretical deepening of the network perspective on

psychopathology

First, in Chapter 2, the network perspective is introduced. Moreover, this chapter

elaborates on graphical models, which are used to model symptom-symptom rela-

tionships. In addition, this chapter describes how to analyze networks to discover

important symptoms and symptom dynamics in a network. Chapter 3 elaborates

on the implication of the network perspective for research in psychopathology.

Currently, we do not fully understand why some healthy individuals develop

MDD whereas others do not while experiencing similar adverse events, or why

some patients recover from MDD whereas others do not. Therefore, this chapter

investigates vulnerability from a network perspective by simulating data from

a network structure that was partly based on empirical data. This chapter aims

to study 1) differences in the number of depression symptoms of more and less

strongly connected systems, and 2) differences in behavior of such systems when

putting them under stress.

3



CHAPTER 1. INTRODUCTION

1.2.2 Methodological challenges for group-level analyses: network

estimation and comparison

In a next part of this PhD project, we wanted to investigate whether vulnerability

to develop or maintain MDD is related to network connectivity in cross-sectional

data (i.e., at the group-level). However, at the time, there was no methodology

at hand to infer the network structure of psychopathology from empirical data.

That is, a big difference with networks such as the collaboration network is that a

psychopathology network is unobservable. You cannot ask a symptom whether it

has a causal relationship with another symptom. Also, a psychopathology network

is not like a road infrastructure in which you can only go directly from one city

to another, if there is a road — that you can actually see — between them. The

network structure of psychopathology, which can consist of (temporal) associa-

tions between symptoms, has to be inferred from measurements of symptoms.

This requires a method to estimate the network structure. Consequently, applying

network analysis to psychopathology is not a trivial thing and poses a great chal-

lenge on studying psychology and psychopathology from a network perspective.

Chapter 4 introduces a method, called eLasso, to estimate the network structure

from binary data. Performance is studied with simulations and the method is

illustrated with real data. For a tutorial about how to use the implementation in R
package IsingFit, see Appendix D.

A next step in investigating vulnerability, is to compare network structures of

groups of individuals who differ with respect to this. Chapter 5 presents a test to

statistically compare networks: the Network Comparison Test (NCT). This test

compares two networks on three different characteristics. Performance of NCT

is also studied with a simulation study and the utility of NCT is demonstrated

with real data. For a tutorial about how to use the implementation in R package

NetworkComparisonTest, see Appendix E.

1.2.3 Clinical studies relating vulnerability to local and global

connectivity of group-level networks

Having developed this methodology, we will then investigate the relationship

between network structure and course of depression in empirical data. Chapter

6 examines whether there are differences in network structure of patients with
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persistent versus remitted MDD. In a prospective study, global network structures

are compared in patients at baseline, in which those who will recover and those

who will not at 2-year follow-up are contrasted (see also Chapter 7, which contains

a comment and reply to this study). Conversely, Chapter 8 considers whether local

symptom network connectivity (centrality) of healthy individuals was related to

the risk of developing MDD. We investigated healthy individuals with no lifetime

MDD and related symptom centrality of the group-level network to the risk of

developing MDD at 2-year follow-up.

1.2.4 Methodological challenges at the level of the individual: using

network models to predict clinical course in patients with

depression

After having focused on group-level analyses, we zoom in on individual networks

in the next part of this thesis. Chapter 9 proposes a method to predict the behavior

of an individual′s network structure. The ratio between activation and recovery

of symptoms — expressed in the Percolation Indicator (PI) — is hypothesized to

predict the behavior of the symptom network in the future. Performance of PI is

investigated and the method is illustrated with real data.

1.2.5 Conclusions

To summarize results of the entire field of empirical studies that applied the

network perspective to psychopathology, Chapter 10 encloses a review of all

such studies from 2010 — when the empirical foundation was laid – to 2016. The

empirical studies are discussed in the light of three empirically relevant themes:

comorbidity, prediction, and clinical intervention.

Finally, Chapter 11 contains an overview of the results of this thesis, accom-

panied by a general conclusion. Although the network approach has gotten very

popular and a lot has been accomplished in the field in a relative short time,

there are still many questions to be answered. Therefore, this thesis concludes

with a proposed research agenda for the future of the network perspective on

psychopathology.
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CHAPTER 2. THE NETWORK APPROACH

T
he network approach to clinical psychology is a relatively new approach

and diverges on various aspects from existing models and theories. The

hallmark of the theory is that there is no common cause that underlies

a set of symptoms. Instead, the network approach starts out by assuming that

symptoms causally interact with each other. In this chapter, we first explain the

conceptualization of psychological phenomena as a network in the introduction.

Second, we provide an overview of the methods that are used to construct network

models from data; both Gaussian and binary data, as well as cross sectional and

longitudinal data are covered. Third, we describe how a given network can be

analyzed to uncover important symptoms in the network, to predict behavior of

the network, and to compare network structures. Finally, we discuss the promising

prospects for clinical psychology research that the network approach has to offer

and some of the challenges a researcher might face in applying this approach to

clinical psychology data.

2.1 Mental disorders as complex dynamical systems

Mental disorders are unfortunately not rare conditions that affect only a handful

of people: for example, the estimated life prevalence of any anxiety disorder was

over 15% in 2009 (Kessler et al., 2009). Also, Major Depressive Disorder (MDD)

was the third most important cause of mortality and morbidity worldwide in

2004 (World Health organization, 2009). Given the high prevalence of MDD and

the detrimental consequences of both the disease itself and the diagnosis label

(e.g., job loss and stigmatization), it is of the utmost importance that we know

how MDD is caused and what we can do to remedy it (Donohue & Pincus, 2007;

C. D. Mathers & Loncar, 2006; Wang, Fick, Adair, & Lai, 2007).

Given its prevalence and importance, one might be tempted to deduce that we

must know by now what a mental disorder such as MDD is and how we can treat

it. That is, however, not the case. Despite a staggering amount of research - for

example, a Google search for keywords “etiology” and “major depression” since

2011 yielded some 17000 papers - we have not come much closer to knowing

why some treatments appear to have moderate effects in some subpopulations

of patients. And, more importantly, we currently have no consensus on the very

definition of what a mental disorder is. This is in fact one of the largest unresolved
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issues in clinical psychology and psychiatry (see Kendler, Zachar, & Craver, 2011,

for an overview of the various theories of psychiatric nosology).

One assumption that the majority of nosological theories share is that symp-

toms (e.g., insomnia, fatigue, feeling blue) of a mental disorder (e.g., MDD) are

caused by an underlying abnormality. Such theories assume that the reason that

the symptoms of, say, MDD, are strongly correlated is that they are all caused by

the same underlying set of pathological conditions (e.g., serotonin depletion).

This so-called common cause model comes with assumptions that are proba-

bly unrealistic and certainly problematic in clinical translations of this model

(see Borsboom & Cramer, 2013; Cramer et al., 2010; Fried, 2015, for an extended

discussion of common cause models in clinical psychology). For example, one

problematic assumption is that in a common cause model, the symptoms are

exchangeable, save for measurement error. This means that suicidal ideation, for

example, should give the exact same information about someone′s level of de-

pression as insomnia. This is problematic: surely, someone with suicidal thoughts

is in worse shape than someone with insomnia. Despite these problematic as-

sumptions, the majority of current research paradigms in clinical psychology

and psychiatry are based on this common cause idea (e.g., using sum scores as a

measure of someone′s stance on a clinical construct; searching for the underlying

abnormality of a certain set of symptoms, etc.).

Network models of psychopathological phenomena are relatively new and

diverge from the above mentioned existing models and theories in that the very

hallmark of the theory is that there is no common cause that underlies a set of

symptoms (Borsboom, 2008; Borsboom & Cramer, 2013; Cramer & Borsboom,

2015; Cramer et al., 2010). Instead, the network approach starts out by assuming

that symptoms (e.g., worrying too much or having trouble sleeping) attract or

cause more of these symptoms. For example, after an extended period of time dur-

ing which a person has trouble sleeping, it is not surprising that this person starts

to experience fatigue: insomnia → fatigue (both symptoms of major depression).

Subsequently, if the fatigue is long lasting, it might stand to reason that this person

will start feeling blue: fatigue → feeling blue (also both symptoms of MDD). Such

direct symptom-symptom interactions in the case of MDD have, under certain

circumstances (Borsboom & Cramer, 2013; Leemput et al., 2014), the capacity to

trigger a diagnostically valid episode of MDD; that is, according to the Diagnostic

and Statistical Manual of Mental Disorders (DSM; American Psychiatric Associ-
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ation, 2013), the experience of five or more symptoms during the same 2-week

period (American Psychiatric Association, 2013). For other psychopathological

symptoms, a similar causal network structure appears equally likely: for instance,

experiencing trembling hands and a sense of impending doom (i.e., a panic at-

tack) might trigger concerns about whether such an attack might occur again

(two symptoms of panic disorder: having panic attacks → concern about possible

future attacks, Cramer & Borsboom, 2015). Likewise, prolonged difficulty falling

or staying asleep might cause irritable feelings or angry outbursts (two symptoms

of Posttraumatic Stress Disorder (PTSD): sleep difficulty → irritability or anger;

McNally et al., 2015).

A systems perspective on psychopathology sits well with accumulating evi-

dence for the hypothesis that individual symptoms are crucial in the pathogenesis

and maintenance of mental disorders: stressful life events directly influence in-

dividual symptoms and not a hypothesized common cause (Cramer, Borsboom,

Aggen, & Kendler, 2012); individual symptoms have differential impact on some

outcomes of psychopathology such as work impairment and home management

(Wichers, 2014); and they appear to be differentially related to genetic variants

(Fried & Nesse, 2015b). Additionally, when asked to reflect on the pathogenesis

of mental disorders, clinical experts, as well as patients themselves, often report

a dense set of causal relations between their symptoms (Borsboom & Cramer,

2013; Frewen, Allen, Lanius, & Neufeld, 2012; Frewen, Schmittmann, Bringmann,

& Borsboom, 2013).

Thus, instead of invoking a hypothetical common cause to explain why symp-

toms of a mental disorder are strongly associated, network models hold that these

correlations are the result of direct, causal interactions between these symptoms.

As such, the central idea of the network approach is “...that symptoms are con-

stitutive of a disorder not reflective of it” (McNally et al., 2015). The idea of a

mental disorder as a network is more generally called a complex dynamical system

(Schmittmann et al., 2013) consisting of the following elements: (1) system: a men-

tal disorder is conceptualized as interactions between symptoms that are part of

the same system; (2) complex: symptom-symptom interactions might result in

outcomes (e.g., a depressive episode) that are hard, if not impossible, to predict

from the individual symptoms alone; and (3) dynamical: complex dynamical

systems are hypothesized to evolve over time. Alice, for example, first develops

insomnia, after which she experiences fatigue; which results, over the course of a
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couple of months, in feeling blue, which makes her feel worthless: insomnia →
fatigue → feeling blue → feelings of worthlessness.

In this chapter we first provide a light introduction to graphical models such

as the networks described above. Second, we will discuss a variety of methods

to estimate and fit bidirectional network models for multiple types of data (i.e.,

binary vs. continuous data and inter- vs. intra-individual data). Note that we will

only briefly discuss how to infer causal structures from data, as a great body of

literature already exists on this topic (e.g., Pearl, 2000). Third, we show how one can

analyze a network after it has been estimated (e.g., what are important symptoms

in a given network?). Additionally, we will discuss current state of the art research

in clinical psychology and psychiatry with network models: what have these

networks taught us about psychopathology? We conclude with a discussion about

the enticing prospects for psychopathology research that a systems perspective

has to offer. Additionally, we discuss some of the challenges a researcher might

face in applying network methods to psychopathology data.

2.2 Constructing Networks

2.2.1 Graphical models

Networks consist of nodes and edges. Nodes can represent anything, for exam-

ple entities such as train stations or variables such as psychological test scores.

The edges represent relations between the nodes, for example whether the train

stations are connected by a railway line or, when nodes represent test scores,

the extent to which these scores correlate. Edges can be directed (e.g., variable

x causes variable y , indicated by an arrow pointing from x to y) or undirected

(e.g., correlations or partial correlations, indicated by a line between nodes). In

recent decades, the conception of complex systems of interacting entities as net-

works has led to the development of a set of powerful empirical research methods,

known as network analysis (Borsboom & Cramer, 2013).

Section 2.1 discussed the network approach as an alternative perspective to

the common cause model in understanding relations between clinical psycho-

logical variables (e.g., symptoms of mental disorders). In the network approach,

psychological constructs can be understood as clusters of closely related vari-

ables that have direct (i.e., pairwise) causal relations with each other. But how
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FIGURE 2.1. Two examples of a probabilistic graphical model to represent the conditional

dependencies between the variables A, B, C and D.

do we model such a network of direct relations between variables? One way to

model direct relations is by estimating dependencies between variables while

conditioning on other variables. Consider a set of variables of which you believe

a causal network underlies the observed associations between these variables.

Many of the associations will be induced by relations via other variables in the

network. For example, when ‘sleep problems’ lead to ‘fatigue’ and ‘fatigue’ leads to

‘concentration problems’, then ‘sleep problems’ and ‘concentration problems’ will

have an association as well. However, part of this association cannot be explained

by a direct relation but is due to the mediation of ‘fatigue’. Therefore, the direct re-

lation between ‘sleep problems’ and ‘concentration problems’ is more accurately

approximated by the association between ‘sleep problems’ and ‘concentration

problems’ while conditioning on ‘fatigue’ than by the simple association between

‘sleep problems’ and ‘concentration problems’.

In disciplines such as physics, probability theory, and computer science, proba-

bilistic graphical models are used to model the conditional dependencies between

a set of random variables (Koller & Friedman, 2009). Two examples of probabilistic

graphical models are Markov random fields (or Markov networks; see Figure 2.1,

left panel) and Bayesian networks (see Figure 2.1, right panel).

Both graphs consist of a set of nodes that represent random variables and a

set of edges that represent conditional dependencies between the nodes they

connect. A Markov random field is an undirected graph (i.e., the edges have no

direction) while a Bayesian network is a directed acyclic graph (DAG), which

12
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means that edges are directed but without forming cycles. Let ⊥⊥ denote indepen-

dence, let | denote a conditional event and let iff denote ‘if and only if’. Missing

edges in a Markov random field correspond to all pairs of variables for which the

pairwise Markov property holds: Xi ⊥⊥ X j |XV \{i , j } iff {i , j } ∉ E , with X being a set

of variables, E the set of all edges, V the set of all nodes, and V \ {i , j } the set of

nodes except nodes i and j . This means that for every two nodes in the Markov

random field that are not connected, the variables represented by these nodes

are conditionally independent given all other variables in the network, while for

every two nodes that are connected by an edge, the variables represented by these

nodes are conditionally dependent given all other variables in the network.

A Bayesian network is a DAG that satisfies the local Markov property: Xv ⊥⊥
XV \de(v)|Xpa(v) for all v in V (Koller & Friedman, 2009). This means that given

its parents Xpa(v) every node in the network is conditionally independent of its

non-descendents V \ de(v). For every two nodes that are connected, the parent is

the node connected to the tail of the arrow (i.e., the cause) while the descendent

is the node connected to the head of the arrow (i.e., the effect). A node can have

none, one or multiple parents and none, one or multiple descendents. In Figure

2.1 (right panel) node A is conditionally independent of D (a non-descendent of

A as there is no arrow pointing from A directly to D) given its parents (B and C).

Node B has only one parent (C) but is also conditionally independent of D given

its parent C.

These probabilistic graphical models play an important role in the develop-

ment of network-construction methods that are used to model psychological

constructs and relations between psychological variables. The Ising model, one

of the earliest types of Markov random fields, forms the basis for constructing

networks of binary variables (see section 2.2.3: Binary data) and partial correlation

networks are a Gaussian version of a Markov random field. The correspondence

between a Markov random field and a partial correlation network will be explained

more thoroughly in section 2.2.2.2: Partial correlations to identify connections.

Note that dependencies in a Markov random field do not necessarily indicate

direct relations. A dependence between two nodes could also be induced by a

common cause of these nodes that is not included as a node in the network and

therefore is not conditioned on. For example, when ‘concentration problems’ and

‘sleep problems’ are both caused by a noisy environment, but this noise is not

included as a node in the network and thus is not conditioned on, this induces
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a dependency between ‘concentration problems’ and ‘sleep problems’ in the

network. This edge between ‘concentration problems’ and ‘sleep problems’ can

however not be interpreted causally; the edge reflects their dependence on the

same common cause. Another reason why two nodes may show a dependency in

a Markov random field that does not reflect a direct causal relation is when these

nodes share a common effect (i.e., when two variables have a causal effect on the

same variable as is the case with nodes B and C that both cause A in Figure 1).

How this leads to creating a dependency between two variables with a common

effect is beyond the scope of this book chapter and we refer the reader to Pearl

(2000) for more information on common effects. Because of these alternative

explanations for conditional dependencies, one should always be careful with

interpreting such edges in a network.

In the next sections we will discuss methods that are currently used to iden-

tify the connections in a network. We discuss methods for cross-sectional data,

with a distinction between Gaussian (2.2.2) and binary data (2.2.3), followed by

a method for longitudinal data (2.2.5). Not all of the networks discussed in this

chapter rest on conditional independencies. For example, edges in a correlation

network (2.2.2.1), reflect marginal dependencies. Such marginal dependencies

(e.g., zero-order correlations) may often reflect spurious relationships that disap-

pear when the other nodes in the network are conditioned on. For this reason,

to obtain an accurate estimate of the underlying direct relations between nodes,

conditional independencies are preferred over marginal dependencies. Never-

theless, correlation networks can provide a quick insight in the structure of the

data.

2.2.2 Gaussian data

2.2.2.1 Correlations to identify connections

A fairly straightforward way of constructing a network of mental disorders is to use

the correlation matrix observed in clinical test scores. For example, a set of n MDD

or Generalized Anxiety Disorder (GAD) items will result in a symmetric matrix

of n ×n correlations (or polychoric correlations when symptoms are measured

with ordinal items). Each of these correlations refers to the linear association

across individuals between the scores on the two items corresponding to the row

and column in that matrix (with the diagonal consisting of ones). A correlation
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matrix consists of n(n −1)/2 unique elements; the lower or upper triangle of the

matrix. This number of unique elements corresponds to the maximum number

of edges in a correlation network. In a correlation network, every two nodes

are connected by an edge when their correlation differs from zero. Therefore,

the number of unique non zero elements of the correlation matrix corresponds

to the set of edges in the correlation network. Note that estimated correlations

always differ somewhat from zero, resulting in a fully connected network. For

this reason, one might prefer to set a minimum value for the correlations that

are included as edges in the network; alternatively, one might specify that only

edges are included that correspond to significant correlations. Every edge in the

correlation network represents the correlation between the two nodes it connects.

Edges can differ in thickness, corresponding to the strength of the correlation,

and in color, corresponding to the sign of the correlation. The upper right panel of

Figure 2.2 is a hypothetical example of a correlation network based on simulated

data of symptoms of MDD and GAD, in which green edges represent positive

correlations and red edges represent negative correlations. The position of the

nodes in this network is based on the Fruchterman-Reingold algorithm which

places nodes that strongly correlate more closely together. This also causes that

nodes that weakly connect with other nodes are positioned in the periphery of

the network while clusters of strongly connected nodes form the center of the

network (Borsboom & Cramer, 2013).

Correlation networks provide information on which nodes cluster together.

However, as mentioned before, correlations do not reveal which of these associa-

tions reflect direct relations. After all, a correlation between two variables could

be explained by a direct causal relation but also by a third mediating variable, a

common cause of the two variables or by a common effect of the two variables

that is conditioned on. For this reason the direct relation between two variables is

better captured by the correlation between these variables while conditioning on

all other variables in the network. The correlation between two variables while

conditioning on a set of other variables, is called a partial correlation. In the next

section the partial correlation network will be discussed.
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FIGURE 2.2. Hypothetical example of a network based on simulated data of symptoms

of MDD and GAD. The upper left network represents a hypothetical data generating

network of direct relations between symptoms. The upper right network represents a

correlation network based on simulated data from that data generating network. The

lower left network represents the partial correlation network of these simulated data. The

lower right network represents the network that is estimated from the simulated data

using EBIC glasso. The R package qgraph was used to make all four networks in this

Figure (Epskamp et al., 2012).

2.2.2.2 Partial correlations to identify connections

A partial correlation is the correlation between two variables while a set of other

variables is controlled for (or partialed out). To deduce conditional independen-
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cies from partial correlations, multivariate normality is assumed.1 For example,

if one is interested in the direct relation between ‘sleep problems’ and ‘concen-

tration problems’ one could control for all other symptoms. Conditioning on

these variables results in the removal of the part of the simple correlation between

‘sleep problems’ and ‘concentration problems’ that is explained by other symp-

toms such as ‘fatigue’; leaving the partial correlation between ‘sleep problems’

and ‘concentration problems’. In a partial correlation network every edge corre-

sponds to the partial correlation between the variables represented by the nodes

that are connected by that edge, controlling for all other variables in the network.

Consider a network in which V is the set of nodes, i and j are two nodes in this

network and Xi is the variable that corresponds to node i and X j is the variable

that corresponds to node j . To obtain the partial correlation between Xi and X j ,

the other variables that are partialed out, XV \{i , j }, are used to form the best linear

approximation of Xi and X j (denoted as resp. X̂i ;V \{i , j } and X̂ j ;V \{i , j }) (Cramér,

1999). X̂i ;V \{i , j } represents the part of the variation in Xi that is explained by the

other variables in the network (i.e., the variance of Xi that is explained by XV \{i , j }).

The residual of Xi is Xi − X̂i ;V \{i , j } (denoted as X̂i·V \{i , j }
2) and corresponds to

the part in Xi that is not accounted for by XV \{i , j }. The partial correlation between

Xi and X j (denoted as ρ̂i j·V \{i , j }) is the simple correlation between X̂i·V \{i , j }

and X̂ j·V \{i , j } (i.e., between the residuals of Xi and X j ). In this way one obtains

the correlation between Xi and X j that is not explained by other variables in the

network (e.g., the relation between ‘sleep problems’ and ‘concentration problems’

that is not explained by the other symptoms).

Just as for the correlation matrix, the partial correlation matrix consists of

n(n−1)/2 unique elements, and every non-zero element of these unique elements

corresponds to an edge in the partial correlation matrix. The lower left panel of

Figure 2.2 is an hypothetical example of a partial correlation network based on

simulated data of MDD and GAD symptoms. Compared to the correlation network

in the upper right panel of this figure, several strong edges between nodes have

vanished, because these correlations can be explained by other nodes in the

1Other types of relations or types of variables are possible for computing partial correlations but are
beyond the scope of this introductory chapter.

2Here, ‘;’ can be understood as ‘in terms of’, so variable Xi in terms of the other variables in the
network is the linear combination of the other nodes that best approximates Xi . The symbol ‘·’ can be
understood as ‘controlled for’ so Xi·V \{i , j } means the variable Xi while controlling for the other variables
in the network, which is obtained by subtracting the linear combination of these other nodes from Xi .
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network. The difference between a correlation network and a partial correlation

network is how the edges should be interpreted. As could be derived from the

explanation of partial correlations above, a partial correlation of zero (or the

lack of an edge) corresponds to a conditional independence. This should ring a

bell, as this is also the case for a Markov random field, as described in section

2.2.1: Graphical models. In fact, partial correlation networks are the multivariate

Gaussian version of a Markov random field.

To understand how the partial correlation matrix corresponds to a Markov

random field, it is important to understand how a partial correlation network

relates to the covariance matrix, and how the covariance matrix relates to a Markov

random field. It is a well-known fact that one obtains the correlation matrix by

standardizing the covariance matrix, Σ. Less widely known is the fact that the

off-diagonal of the partial correlation matrix equals −1 times the off-diagonal

of the standardized inverse of the covariance matrix, Σ−1 (called the precision

matrix, P ; see Koller & Friedman, 2009; Lauritzen, 1996). So, the following relation

holds between correlations and elements of the covariance matrix, Σ:

ρi j =
σi j√
σi iσ j j

,

and this relation is similar to the relation between partial correlations and ele-

ments of the precision matrix, P :

ρi j·V \{i , j } =−
pi j√

pi i p j j
,

in which P is defined as Σ−1. Note that this relation implies that elements on

the off-diagonal of P equal to zero, result in corresponding partial correlation

of zero. In addition to the relation between the partial correlation matrix and

the covariance matrix, another important is the relation between the covariance

matrix and a Markov random field. With Gaussian multivariate data, zeros in the

precision matrix correspond to conditional independencies (Rue & Held, 2005)

Xi ⊥⊥ X j |XV \{i , j } iff pi j = 0.

Thus, a multivariate normal distribution forms a Markov random field iff miss-

ing edges correspond to zeros in the precision matrix. The following example

explains why zeros in the precision matrix correspond to conditional independen-

cies. To understand this example, two statistical facts should be explicated. Let
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x = [X1, .., Xk ]> be a vector of dimension k where > denotes the transpose of a

matrix. Let fx denote the density function of the variables in x. First, the following

proportional relationship holds for the multivariate Gaussian distribution when

the covariance matrix, Σ, is positive definite (Koller & Friedman, 2009)

fx(Xi , X j , .., Xk ) ∝ exp
(
− 1

2
x>Σ−1x

)
(2.1)

Second, two variables, X1 and X2 are independent iff the following equivalence

holds

(2.2) fx(Xi , X j ) = fx(Xi )× fx(X j )

Consider two variables Xi and X j (x = [Xi , X j ]>) for which we define two

different precision matrices to illustrate the independence principle for Gaussian

data. In equation (2.3) the element pi j = p j i = 0.3 (non-zero), and in equation

(2.4) the element pi j = p j i = 0.

(2.3) P =
 1 0.3

0.3 1

 (2.4) P =
1 0

0 1



These two matrices can be plugged in for Σ−1 in equation 2.1:

fx(Xi , X j )

∝ exp
(
− 1

2

[
Xi X j

][
1 0.3

0.3 1

][
Xi

X j

])

∝ exp
(
− 1

2

(
X 2

i +0.3Xi X j +0.3Xi X j +X 2
j

))

∝ exp
(
− 1

2
(X 2

i )− 1

2
(X 2

j )− 1

2
(0.6Xi X j )

)

∝ exp
(
− 1

2
(X 2

i )
)
×exp

(
− 1

2
(X 2

j )
)
×exp

(
− 1

2
(0.6Xi X j )

)

fx(Xi , X j ) 6= fx(Xi )× fx(X j )

fx(Xi , X j )

∝ exp
(
− 1

2

[
Xi X j

][
1 0

0 1

][
Xi

X j

])

∝ exp
(
− 1

2
(X 2

i +X 2
j )

)

∝ exp
(
− 1

2
(X 2

i )− 1

2
(X 2

j )
)

∝ exp
(
− 1

2
(X 2

i )
)
×exp

(
− 1

2
(X 2

j )
)

fx(Xi , X j ) = fx(Xi )× fx(X j )

19



CHAPTER 2. THE NETWORK APPROACH

This example shows that a zero in the precision matrix results in an inde-

pendency for the multivariate distribution. This example extends to more than

two variables and implies that if pi j equals zero, Xi and X j are conditionally

independent given all other variables ∈ x.

2.2.2.3 Approximations of the covariance matrix to identify connections

From the previous section it is clear that for multivariate Gaussian data the co-

variance matrix is sufficient to determine conditional independencies (i.e., partial

correlations). The inverse of the covariance matrix, the precision matrix P , then

holds all information on the unique (linear) relation between pairs of variables

without the influence of other variables. And from P the partial correlations can

be obtained.

When sufficient observations are available, i.e., k < n, then it is common to

estimate the covariance matrix using maximum likelihood (ML; Bickel & Doksum,

2006; Bilodeau & Brenner, 2008). The ML estimate is obtained by maximizing

the likelihood for a particular P given the observed data X = x. We can then

maximize the function log fθ(X ) where θ contains all relevant parameters. Sup-

pose as before the mean is zero and we only require Σ, with its inverse P , and let

S = 1
n

∑n
i=1 X T X be the estimate of Σ. Then θ = Σ and the ML estimate can be

obtained by maximizing the log-likelihood

LΣ(X ) = log fΣ(X ) =− log |Σ|− tr(Σ−1S).(2.5)

The maximum of LΣ over all positive definite matrices gives the ML estimate Σ̂= S.

An unbiased version is n/(n −1)S. The ML estimate is consistent, meaning that

S →Σ in probability as n →∞ (Ferguson, 1996; Van der Vaart, 1998).

In many cases of network analysis there is an insufficient number of obser-

vations such that S is not positive definite. That means that the ML estimate Σ̂

cannot be used because it cannot be inverted to get P̂ ; Σ̂ is singular. In this (high-

dimensional) situation one of the most popular ways to obtain an estimate of the

precision matrix P is the lasso (least absolute shrinkage and selection operator),

introduced by Friedman, Hastie, and Tibshirani (2008). The general idea is to in-

troduce a penalty to (2.6) such that many parameters will be set to zero exactly. Let

P =Σ−1, the precision matrix. The lasso (or `1) penalty is ||P ||1 =∑k
i=1

∑k
i< j |pi j |,
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such that only the sum of absolute values of the lower triangular part of the matrix

P is used in the penalty with k(k −1)/2 unique covariance parameters. The lasso

algorithm to obtain the estimate P̂ minimizes

log gΣ(X ) = log |P |− tr(PS)+λ
k∑

i=1

k∑
j<i

|pi j |.(2.6)

A high value of λ puts more pi j to zero than a low value. This algorithm is often

referred to as the glasso for graphical lasso (Friedman et al., 2008).

In order to obtain P̂ , the penalty (regularization) parameter λ needs to be

determined. One of the promising methods to do so is the extended Bayesian

Information Criterion (EBIC; Foygel & Drton, 2010). Let S be a subset of 1,2, . . . ,k

and s = |S| the cardinality of this subset. In the EBIC the parameter λ is obtained

by minimizing (Foygel & Drton, 2011)

EBICγ(S) =−2LΣ(X )+ s log(n)+2γ log(p).

Foygel and Drton (2011) show that the EBIC leads to consistent networks as long

as γ is relatively high. The lower right panel of Figure 2.2 is an example of a net-

work that is estimated on simulated data of GAD and MDD symptoms, using

EBIC glasso which is implemented in the package qgraph in R (Epskamp et al.,

2012). The upper left panel of Figure 2.2 represents the data generating network

from which data is simulated. The other three networks (the correlation network,

partial correlation network and glasso network) are based on these data. Compar-

ing these three networks to the data generating network shows that the network

that is estimated with glasso comes closest to the data generating network. The

correlation network includes many spurious relations that can be explained by

other nodes in the network. This is illustrated by the fact that many edges in the

correlation network are no longer present in the partial correlation network in

which the other variables are controlled for. But, just like the correlation network,

the partial correlation network still includes many spurious relations that result

from random noise in the data. In the glasso network most of the spurious rela-

tions are put to zero, rendering the network that is closest to the data generating

network.
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2.2.3 Binary data

The attractive feature of Gaussian data is that we need only compute the inverse

covariance matrix P̂ and ‘read off’ the conditional independencies from the zeros

in P̂ . Unfortunately this does not work for binary data, where only 0 and 1 values

are observed. Binary data is for instance obtained in a questionnaire with items

that refer to symptoms of depression that are either present or not. For Gaussian

data only the first two moments (i.e., mean and (co)variance) are required to rep-

resent the distribution, but for binary data higher order moments (skew, kurtosis,

etc.) are required. For instance, to describe the joint probability of four binary

variables we require interactions of up to order four (McCulloch & Neuhaus, 2005).

The higher order moments are all required to establish conditional independence

(but see Loh & Wainwright, 2013, for an alternative). Hence, conditional indepen-

dence is therefore not easily established for other distributions than the Gaussian,

since all interactions must be taken into account.

A convenient way to get around the higher order interactions is simply to as-

sume that they are irrelevant when the main effects and second order interactions

are in the model. This model, called the autologistic model (Besag, 1974) or the

Ising model, limits the interactions to second order, and so only pairwise products

of the variables are considered. Ernst Ising proposed this model to describe mag-

netization processes in solids (e.g., Cipra, 1987; Kindermann & Snell, 1980). In

applications to psychopathology, the pairwise interactions represent the mutual

influences between symptoms like lack of sleep and lack of concentration. For a

given set of zeros and ones collected in the random variable X of dimension p,

the Ising model gives the probability of X = x as (Kolaczyk, 2009)

fX (X = x) = 1

Z
exp

(
p∑

i=1
µi xi +

p∑
i=1

p∑
j>i

βi j xi x j

)
,

in which Z is the normalizing constant (partition function), which is the sum over

all possible states of X of the exponential part. The normalization constant is in

general infeasible to compute. Consider a network with 40 nodes, then the sum in

Z runs over 240 possibilities of X , which is computationally intractable. Therefore,

the conditional distribution and its associated pseudo-likelihood are often used

(Besag, 1974). Pick a specific node i , and condition on all others, as if i is regressed
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on all other variables V \ {i }. Let

mi =µi +
p∑

j 6=i
βi j x j .(2.7)

Then the conditional distribution of Xi on the remaining nodes is the well-known

logistic function

f (Xi = 1 | x j , j 6= i ) = exp(mi )

1+exp(mi )
(2.8)

It is clear that the normalizing constant Z is irrelevant in the conditional distribu-

tion, and hence is easier to work with.

Conditional independence can also be easily established with the pairwise

Markov random field for binary data. If βi j = 0 then there is no pairwise associa-

tion and hence in the Ising model nodes i and j are conditionally independent.

2.2.3.1 Nodewise logistic regression to identify connections

As was shown above, partial covariances (correlations) are insufficient to deter-

mine conditional independence in binary graphs. So we cannot use the above

glasso method. An alternative approach is based on the conditional independence

of parameters in regression. In nodewise regression of a network, each node in

turn is the dependent variable with all remaining nodes as independent variables.

After this sequence of regressions the neighbourhood of each node is obtained

from the nonzero coefficients from the regressions. The sequence of regressions

contains an estimate of βi j for the regression i → j and β j i for the regression

j → i . These coefficients can be combined by either using the and rule, where a

connection is present only if both regression parameters are significant, or the

or rule, where only one of the coefficients has to be significant (Meinshausen &

Bühlmann, 2006). For Gaussian data the regression coefficient for i → j can be

written in terms of the partial covariances Pi j (Lauritzen, 1996)

βi j =−
Pi j

P j j
.

The interpretation of the regression coefficient is similar to that of a rescaled

partial covariance, and is the correlation between i and j with all other variables

partialed out.
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For binary data we can use a similar version but then using logistic regression.

Let πi denote the probability of variable Yi = 1 given all remaining variables Y j

for i 6= j . Then we have that the log-odds is (Agresti, 2007)

mi = log

(
πi

1−πi

)
=µi +

p∑
j 6=i

βi j y j .(2.9)

This means that when we use the log-odds of the conditional distribution, we

obtain a linear function. The theory of generalized linear models (GLM) can

immediately be applied to yield consistent and efficient estimators of β when

sufficient observations are available, i.e., p < n (Demidenko, 2013; Nelder & Baker,

2004). However, to obtain an estimate of β when p > n, we require regularization

or another method to make the estimate unique.

We need πi , which is the conditional likelihood of Yi = 1 given the remaining

variables. To estimate the parameters µi and βi j for all j 6= i , we use the condi-

tional log-likelihood combined with the `1 norm to regularize the solution. For

node i and all observations s = 1,2, . . . ,n we have the conditional log-likelihood

Li =
1

n

n∑
s=1

mi s + log(1+exp(mi s ))+λi ||βi ||1.(2.10)

The estimates of the parameters βi j for j 6= i are obtained by minimizing (2.10).

Note that we require a separate λi for all nodes, and they may be different for

different nodes.

Since the `1 norm ||βi ||1, the linear function mi , and the log-part are convex,

the objective function, which is the sum of the three, is also convex. Therefore,

this function can be optimized by, for instance, a subgradient algorithm. The

advantage of a convex program is that any local optimum is in fact a global

optimum (see, e.g., Boyd & Vandenberghe, 2004). Although inference on network

parameters is in general difficult with `1 regularization (Pötscher & Leeb, 2009),

one solution is to desparsify it by adding a projection of the residuals (Javanmard

& Montanari, 2014; Van de Geer, Bühlmann, Ritov, & Dezeure, 2014; Waldorp,

2015), which is sometimes referred to as the desparsified lasso.

To illustrate the result of an implementation of logistic regression for the Ising

model, consider Figure 2.3, generated by the qgraph package in R. We generated

a random graph (left panel) with k = 100 nodes, where each edge is present in the

graph with probability 0.05, resulting in 258 edges. The igraph package in R was
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FIGURE 2.3. Ising networks with p = 100 nodes. Left panel: true network used to generate

data. Right panel: estimated Ising model with nodewise logistic regression.

used with erdos.renyi.game (Csardi & Nepusz, 2006) to obtain this graph. To

generate data (50 observations) from the Ising model, the package IsingSampler
was used. IsingSampler uses a Metropolis-Hastings algorithm to generate a

set of independent and identically distributed binary values according to the

specified random network and the parameters in the Ising model. These data

are then used to obtain estimates of the Ising parameters. The nodewise lasso

algorithm is used, implemented in the package IsingFit (Van Borkulo et al.,

2014). To evaluate performance, recall (the ratio of estimated true connections to

the total number of estimated connections) and precision (the ratio of estimated

true connections to the total number of true connections that should have been

estimated) are obtained. The recall for this example was 0.69 and the precision

was 0.42. So we see that about 30% of the true edges are missing and about 60% of

the estimated edges is incorrect. Note that we have 4950 edges to estimate with

only 50 observations and so are dealing with a high-dimensional setting where

the penalty will shrink many of the edge strengths.

2.2.4 An oracle algorithm to identify connections

In the case of Gaussian random variables, conditional independencies can be

modeled by considering the inverse covariance matrix, in which the non-zero

elements represent conditional dependencies given all other variables simulta-

neously, and coincide with connections in the network. Identifying connections
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by conditioning on all other variables in the network simultaneously is often a

good strategy, but may lead to spurious connections (Maathuis & Nandy, 2016).

Alternatively, to determine connections between variables conditioning on all

possible combinations of other variables could be considered. Considering all

possible combinations of variables as alternative explanations would resolve the

issue of obtaining spurious connections. This was the idea of Pearl and Verma

(1991) and Spirtes, Glymour, and Scheines (2001) who invented the inferred cau-

sation (IC) and PC (after its authors Peter Spirtes and Clark Glymour) algorithm,

respectively. Consider the two graphs in Figure 2.4, which are considered true

underlying graphs. To determine whether there is a connection between nodes 7

and 9, we first test the correlation. Obviously, if there is no correlation between

nodes 7 and 9, then there is no connection. In the left panel of Figure 2.4 there is

a correlation between nodes 7 and 9 because there is a path from 7 to 9, which

is 7−4−5−6−9. If there is a correlation, then it might be explained by a third

variable which can be any of the remaining 7 nodes. So conditioning on any one

of the others might result in a zero partial correlation. Partialling out (condition-

ing on) any of the nodes 4, 5, or 6, will render the partial correlation between

7 and 9 zero, because the path is then said to be blocked. In the right panel of

Figure 2.4, conditioning on node 4 is insufficient for blocking the path between 7

and 9 because there is still a path 7−5−9, which is not blocked by 4. So, a second

node must be conditioned on. Here it is enough to condition on nodes 4 and 5.

In general, to determine whether two nodes are connected amounts to testing

the partial correlation for all subsets of the remaining k −2 nodes. The procedure

has been shown to be consistent (i.e., to obtain the true graph asymptotically)

under strong assumptions (Meek, 1995). Two important assumptions are (i) the

result of each significance test on a (partial) correlation is obtained by an oracle

who knows the truth, and (ii) all relevant nodes are in the graph (sufficiency). The

first assumption says that sampling has no role to play in the algorithm, in other

words, we pretend to have population level data. Obviously this is not true, and

in practice there will be false positive and false negative connections obtained

with the PC algorithm. In general we have 2p−2 tests on partial correlations to

determine whether connections in the graph are present (Kalisch & Bühlmann,

2008). If, for instance, we had 40 nodes, then we would test over 247 billion corre-

lations. The number of tests must lead to a large number of false positives and is

often computationally infeasible. However, Kalisch and Bühlmann (2008) showed
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1 2 3

4 5 6

7 8 9

1 2 3

4 5 6

7 8 9

FIGURE 2.4. Graphs with paths between nodes 7 and 9. Left: A single path from 7 to 9 is

blocked by any one of the nodes 4, 5, or 6. Right: The two paths between nodes 7 and 9

can only be blocked by considering two nodes simultaneously: 5 and any one of nodes 1,

2, 3, 4, or 6.

that a robust version of the PC-algorithm performs well (i.e., low false positive

rate) even with many (possibly hundreds of) variables. The second assumption,

sufficiency, tells us that we cannot omit any variables that might explain away a

connection. For instance, if we claim that there is a connection between nodes

4 and 7 in Figure 2.4 (left panel), but this is actually caused by an unmeasured

node 0, then the graph is not sufficient and we obtain the wrong conclusion about

the connection. The sufficiency assumption is difficult to uphold (Richardson &

Spirtes, 2002).

The PC algorithm is not only used to retrieve the underlying skeleton of the

structure in the data (like in Figure 2.4), but is also used to infer the direction of

the edges. Thus, in contrast to other methods discussed in this chapter, the PC

algorithm is a method that can be used to estimate a directed graph. However, to

obtain a directed graph, assumptions are being made (e.g., no feedback loops)

that do not sit well with the reality of psychopathology. Also, the directed graphs

obtained with the PC algorithm are often not very robust for small samples (e.g.,

small differences in the data lead to very different causal structures), but a robus-

tified version can be used (Kalisch & Bühlmann, 2008). For more literature on

inferring causal structure from data, see e.g., Kalisch and Bühlmann (2007) and

Maathuis and Nandy (2016).

2.2.5 Longitudinal data

The network estimation procedures discussed so far were based on non-temporal,

cross-sectional data. However, with a trend in clinical practice toward personal-

ized analyses and personalized clinical interventions (aan het Rot, Hogenelst, &
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Schoevers, 2012; Oorschot, Lataster, Thewissen, Wichers, & Myin-Germeys, 2012;

Rosmalen, Wenting, Roest, de Jonge, & Bos, 2012), it is relevant to study the dy-

namic structure of a system of variables. This requires longitudinal within-person

studies using the experience sampling method (ESM, also known as ecological

momentary assessment; aan het Rot et al., 2012; Bouwmans et al., 2015; Csik-

szentmihalyi & Larson, 2014; Stone & Shiffman, 1994; Wichers, 2014). With the

rising popularity of data collection using smartphones, such time-series data

have become more readily available. For example, apps are being developed that

present the user a small questionnaire multiple times a day, week, or month. To

make inferences about the dynamic structure of a system of variables over time

requires dynamical models that can handle longitudinal data.3

2.2.5.1 Vector autoregressive modelling to identify connections

To establish the dynamic structure of a system of variables from time-series, one

can use the vector autoregressive (VAR) model (Lütkepohl, 2005; Shumway &

Stoffer, 2010). The VAR model is a multivariate extension of the univariate au-

toregressive (AR) model (Shumway & Stoffer, 2010). The AR model is a regression

model in which the current value of a variable is regressed on the same variable

at earlier points in time — a so called lagged variable. In the multivariate VAR

model, a variable is regressed on all lagged variables in the dynamical system,

including the (lagged) variable itself. For example, rumination at time point t

could be predicted from increased passivity and anhedonia at t−1, as well as from

rumination at t −1 (Borsboom & Cramer, 2013; Wichers, 2014). In this example,

the predictors are lag-1 variables; lag-1 (denoted as VAR(1)) is most commonly

used, since direct influences of the lagged variables on the dependent variables

are of main interest in EMA or ESM data (Bringmann et al., 2013; Wild et al., 2010).

VAR(1) is formally defined as

(2.11) Xi (t ) =
k∑

j=1
βi j X j (t −1)+εi (t )

in which Xi (t) denotes the score on the i th variable at discrete time t (i.e.,

t = 0,1,2, ...,T ). Furthermore, with k variables, i , j = 1, ...,k, βi j are the regression

coefficients, and εi (t) are the errors (which are assumed to be uncorrelated be-

tween time points and have mean zero; Wild et al., 2010). This basic VAR(1) model

3We want to thank Laura Bringmann and Sacha Epskamp for their contributions to this section.
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has some elegant extensions that can be of particular interest when studying

psychological constructs. Here, we will discuss two extensions: (1) the multilevel

VAR model that accommodates individual differences in dynamics parameters

(Bringmann et al., 2013) and (2) the graphical VAR model that allows investigation

of within and between time points structures separately.

Multilevel VAR. Multilevel VAR combines between- and within-subject infor-

mation by allowing the VAR coefficients to differ across individuals. That is, the

dynamics parameters (βi j in equation 2.12) are not treated as fixed effects, but as

random effects in which the dynamic parameters are person-specific. The multi-

level VAR method is defined as univariate multilevel analyses for each variable.

If Xi n (t) denotes the score on the i th variable of the n-th person at time t , the

multilevel VAR model is defined as

(2.12) Xi n (t ) =β0i n +
p∑

j=1
βi j n X j n (t −1)+εi n (t )

in which time t −1 and t denote two consecutive time points on which person n

is measured within the same day.

The regression coefficients (i.e., the intercept β0i n and slopes βi j n ) can be

decomposed in a fixed effects component (representing the extent to which the

variables at time t − 1 can predict the variable under consideration at time t

across all individuals) and a random effect component (representing the person-

specific variation from the average effect across individuals). For a more detailed

explication of the multilevel VAR model, see Bringmann et al. (2013).

The multilevel VAR procedure yields three types of networks. First, it results

in the inferred population network in which a connection represents the average

lag-1 interaction strength (based on fixed effects, Figure 2.5, left panel, Bringmann

et al., 2013). For example, feeling cheerful (C) has a positive effect on evaluating

an event as pleasant (E) across individuals. Also note that, since the arrows in the

network correspond to dependencies over time, self-loops are also possible and

reflect the relation between a variable at time point t and this same variable at

time point t −1.

Second, the multilevel VAR method results in an individual differences network

(Figure 2.5, right panel). This network is based on information about individual

differences in the dynamic parameters βi j n . More specifically, the standard de-

viation of βi j n is used as input for the connections in the individual differences
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network (Bringmann et al., 2013). Besides having noticed that individuals have a

positive time dependency between ’I feel cheerful’ (C) and ’pleasantness of the

event’ (E) (Figure 2.5, upper left panel), we can see now that individuals differ

to a certain degree in the size of this time dependency (large standard deviation,

depicted as a thick blue line; Figure 2.5, upper right panel). The time dependency

between, say, ’I feel cheerful’ (C) and ’I feel worried’ (W) does not vary a lot across

individuals; the thin blue line in the individual differences network indicates that

the standard deviation is low.

Third, the multilevel VAR method results in within-subject network structures

(Figure 2.5, lower panels). These individual networks (see Figure 2.5 lower panels

for networks of two individuals) already show the individual variability displayed

in the individual differences network (Figure 2.5 upper right panel). To summarize,

from the networks in Figure 2.5 we can learn about the time dependencies on

average of a group of individuals, about the extent to which individuals differ in

their time dependencies, and about the individual time dependencies.

The procedure to estimate a multilevel VAR network is implemented in the

statistical software packages R (Bringmann et al., 2013; Epskamp, Deserno, &

Bringmann, 2015), Mplus (Pe et al., 2015), and Stata (Wigman et al., 2015).

Graphical VAR. The second extension of the basic VAR model is Graphical

VAR, which allows investigation of individual interaction structures. With this

model, two networks can be estimated for one individual. To do this, responses of

all variables Xi of one subject at time point t are regressed on responses of the

same variables at t −1 of the same subject (see equation 2.12). The βs capture the

between time point (temporal) interactions. Standardized βi j coefficients (Wild

et al., 2010) are the input for the temporal interaction network, which is called

the partial directed correlations (PDC) network. Figure 2.6 (left panel) shows an

example of the PDC network. This network shows, for example, that when this

individual feels worthless (7), he/she gets active (18), which he/she enjoys (15),

and, consequently, makes him/her less sad (4).

Although the error εi (t) is independent between time points, it is not inde-

pendent within time points. Graphical VAR explicitly also models the variance-

covariance matrix of the error within time points, thereby capturing the within

contemporaneous interactions. Standardized εi (t) are the input for the partial

contemporaneous network (PCC) (note that this is identical to the partial corre-

lation network, discussed in Section 2.2.2.2). Figure 2.6 (right panel) shows an
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FIGURE 2.5. Multilevel VAR networks. The inferred population network (upper left panel),

the individual differences network (upper right panel), and the within-subject networks

of two individuals (lower panels). Green arrows correspond to positive time dependencies

and red arrows to negative time dependencies. The individual differences network (upper

right panel) reveals the extent to which the time dependencies differ between individuals.

Blue arrows correspond to the size of the standard deviation of the random effects (a large

standard deviation indicates a large difference between individuals in estimated random

effects). C indicates “I feel cheerful”; E, “pleasantness of the event”; W, “I feel worried”; F,

“I feel fearful”; S, “I feel sad”; R, “I feel relaxed”. Items were measured on 7-point Likert

scales. From Bringmann et al. (2013) with permission.
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FIGURE 2.6. Graphical VAR networks. The partial directed correlation network (PDC; left

panel) and the partial contemporaneous network (PCC; right panel). Green connections

correspond to positive and red connections to negative interactions. Blue colored nodes

are described in the text. With permission from Sacha Epskamp, Renske Kroese, and

Harriette Riese.

example of the PCC network. This network shows, for example, that feeling sad (4)

and bodily discomfort (14) co-occur, as well as feeling you have to cry (11). In an

implementation of this model in R package graphicalVAR, sparsity is imposed

by applying L1-regularization on the parameters (Abegaz & Wit, 2013; Rothman,

Levina, & Zhu, 2010). The best fitting model is selected with the EBIC (J. Chen &

Chen, 2008).

2.3 Network Analysis

2.3.1 Centrality measures

One aspect of networks that might be of interest for clinical researchers is the

centrality of symptom nodes in a network. A central symptom in a network is

one that has many (in case of a unweighted/binary network) or many strong (in

the case of a weighted network) connections with other nodes in a network. As

such, in a network of an individual, one can argue that a central symptom might

be a risk factor for developing a disorder: if a central symptom (e.g., sad mood)

becomes present in a person (e.g., because of a fall-out with a spouse), it has the

potential to cause the development of other symptoms (e.g., insomnia, feelings of

guilt, etc.) because of the many strong connections the central symptom has with
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FIGURE 2.7. Hypothetical example of a network of 11 nodes for which we computed three

centrality measures: degree (left panel), closeness (middle panel), and betweenness (right

panel). The red nodes are the nodes with the highest centrality while the yellow nodes are

the nodes with moderate centrality.

the other symptoms in the network. In addition, centrality might be an interesting

analysis tool in order to examine, for instance, differences between certain groups:

e.g., does a between-subjects network of a female group have different central

GAD symptoms compared to the between-subjects network of a male group? Here,

we discuss three ways of computing centrality measures, which are implemented

in R package qgraph (Epskamp et al., 2012).

2.3.1.1 Degree/Strength

The degree of a node is by far the easiest way of computing a centrality index

for nodes in a network. For binary networks, the degree of a node is equal to

the number of connections it has with other nodes (Boccaletti, Latora, Moreno,

Chavez, & Hwang, 2006). As such, nodes with a higher degree are more central in

that they have more direct connections to other nodes relative to nodes with a

smaller degree. The left panel of Figure 2.7 shows a binary network of 11 nodes.

The node with the highest degree, and thus highest centrality, is node 4 since it

has the most connections (i.e., 5) with other nodes. Node 8 has moderate central-

ity with 4 connections with other nodes while the remaining nodes have fewer

connections and thus have a lower degree of centrality. In the case of weighted
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networks, the strength of a node is equal to the sum of the weights of the edges

that are connected to that node.

The degree distribution is the probability that a node selected at random has a

certain degree, and this distribution provides information about network structure

and is often used to classify networks (Amaral, Scala, Barthélémy, & Stanley, 2000).

For example, a network of all DSM-IV psychopathological symptoms displayed

characteristics of a small world structure (Borsboom, Cramer, Schmittmann, Ep-

skamp, & Waldorp, 2011).

The most important downside of using both node degree and node strength

as the sole index of centrality is that these measures do not take into account the

possibility that a node with small degree or strength might still be important in

that it connects two regions of a network with one another (i.e., a bridge symptom,

which one encounters often in comorbidity networks; Barrat, Barthelemy, Pastor-

Satorras, & Vespignani, 2004; Cramer et al., 2010; Goekoop & Goekoop, 2014).

2.3.1.2 Closeness

Closeness is defined as the inverse of the total length of all shortest path length (SPL)

is between node i and all other nodes in the network. In the case of unweighted

networks, the SPL between two nodes is the minimum number of edges that

have to be traversed to reach one node from the other. An example of closeness

centrality is shown in the middle panel of Figure 2.7. Here we computed the

closeness of each of the 11 nodes in the network. What stands out is that node 8 is

the most central node, in contrast to degree centrality (left panel) in which case

node 4 was the most central node.

In the case of weighted networks, Dijkstra′s algorithm minimizes the inverse

of the distance between nodes i and j measured with weights wi j (Brandes,

2001; Dijkstra, 1959; Newman, 2001): 1/wi j . It is also possible to include both the

number and weights of edges in computing SPLs by adding a tuning parameter

α: 1/(wi j )α (Opsahl, Agneessens, & Skvoretz, 2010). In the case of α= 1 only the

edge weights are considered; in the case of α = 0 only the number of edges is

considered; and if 0 <α< 1 both the number and weights of edges are considered.

If both number and weights of edges are taken into account, closeness depends

on the setting of the tuning parameter α. Given the definition of closeness cen-

trality, in comparison with node degree and strength, this centrality measure has
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the advantage of taking into account how frequently a node lies on the shortest

path between two other nodes: bridge symptoms such as the ones encountered in

comorbidity networks would then have a relatively high closeness centrality while

perhaps a relatively low degree/strength centrality. A downside of closeness cen-

trality is that one cannot compute it when one or more nodes are not connected:

the SPL between two unconnected nodes becomes infinitely large.

2.3.1.3 Betweenness

Betweenness centrality does not have the computational problem of closeness

when two or more nodes in the network are not connected. This measure assesses

the degree to which a node lies on the shortest path between two other nodes and

is defined as g j k (i )/g j k . Here, g j k is the number of shortest paths between two

nodes (if bidirectional then both path i − j and j − i ) and g j k (i ) is the number

of those paths that go through node i . The right panel of Figure 2.7 shows an

example for a network of 11 nodes. The most central node is node 8, in contrast

to degree centrality but in accordance with closeness centrality. Only node 4 has

a moderate centrality, in contrast to closeness centrality where node 4 also had

moderate centrality. One limitation of this centrality measure is that in empirical

networks, a sizeable proportion of the nodes usually does not lie on a shortest

path between any two other nodes. All these nodes receive the same score of 0.

In sum, there are quite a few ways to quantify centrality of nodes in a network.

As we have shown in our simple example in Figure 2.7, it does matter which

method one chooses: a node might appear central with one method but only

moderately so with another method.

2.3.2 Predicting dynamics over time

According to complex systems theory, some networks are hypothesized to be

more infectious than others. Consider, for example, a network in which symptoms

trigger or infect each other. One can easily imagine that in a network with few

connections, activity will not spread easily through the network and will eventually

die out. In a network with many connections, however, symptoms can easily infect

each other over and over again, keeping the system infected in the long run. Not

only the level of connectivity can render one network more infectious than the
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other, also the specific constellation of connections can influence the dynamics

of a network in the long run.

The behavior of networks in the long run can be described with percolation

theory (Grimmett, 2010). The fundamental concept of percolation theory is that

there is a critical Percolation Indicator (PI) above which a network will stay or

become completely infected over time (Fiocco & van Zwet, 2004; Grimmett, 2010;

T. E. Harris, 1974; Van Borkulo et al., n.d., ; see Chapter 9 for more detailed infor-

mation about PI). PI can be inferred from binary data and the network estimated

from this data; it is the ratio between infection (ξ) and recovery (ν), which are

defined as

(2.13) ξ̂t = Ut

At
, ν̂t = Dt

Bt

Here, Ut is the number of upward jumps (the number of times a node ‘jumps’ from

0 to 1 — healthy to infected — by one or more activated and directly connected

nodes), At is the number of infected directly connected nodes, Dt is the number

of downward jumps (‘jumps’ from 1 to 0), and Bt is the total number of activated

nodes for the interval [0, t ]. PI is defined as ξ̂t /ν̂t . Consequently, when PI > 1,

the network will stay or become activated, whereas when PI 6 1, activity will die

out eventually (Van Borkulo et al., n.d.). In Chapter 9, we describe the model, the

estimation procedure and validity of PI in more detail.

Assessing PI from patient-specific data is highly relevant for clinical prac-

tice, as it is hypothesized to be predictive for the development of the disor-

der of an individual patient. See Figure 9.5 in Chapter 9 — in which we de-

scribe the model, the estimation procedure and validity of PI in more de-

tail — for an example of six real patients. The method to estimate PI is

implemented in R package PercolationIndicator (https://github.com/
cvborkulo/PercolationIndicator).

2.3.3 Network comparison

Besides analyzing one network in detail, it can be of interest for clinical researchers

to compare two networks. When studying two groups with different characteris-

tics, researchers can rely on visually observed differences and conclude that one

network is more densely connected than the other. Recently, however, a Network
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Comparison Test (NCT; Van Borkulo et al., 2015; Van Borkulo, Boschloo, et al.,

2016) was developed to test whether the observed difference is significant.

NCT is a permutation test that involves two steps. First, the difference — how

this can be defined will be discussed in the next paragraph — is calculated be-

tween networks based on empirical data of two groups. Second, the difference

is calculated between networks based on repeatedly permuted data. This gener-

ates a sampling distribution under the null hypothesis, namely that both groups

have the same network. This distribution is used to test whether the observed

difference is likely under the null hypothesis.

An important element of the test is how to measure the difference between two

networks. Currently, NCT has implemented global strength (weighted density) as

a measure of difference, but it can be extended to whatever measure of interest. To

explain the method, we use strength as an example. Global strength is defined as

the absolute difference δ between the absolute sum of the connection strengths

of each network:

δ= |(Σi , j∈V1(i 6= j )|βi j |−Σk,l∈V2(k 6=l )|βkl |)|,(2.14)

in which βi j (and βkl ) represents the connection strength between node i and j

from the set of nodes V1 (and k and l from the set of nodes V2).

In short, NCT works as follows. In step 1, the empirical difference is calculated

for the networks of observed data according to equation 2.14. In step 2, the data

are repeatedly randomly rearranged in two groups and the differences in networks

are calculated accordingly. This results in a distribution of the test statistic under

the null hypothesis that the data of both groups come from one population with a

certain global strength. In step 3, the observed difference (the test statistic) is used

in conjunction with its distribution to evaluate the null hypothesis. The p-value

is calculated as the proportion of permuted differences that are greater than or

equal to the observed difference. See also Figure 5.2 of Chapter 5 in which the

method to compare two network structures with NCT is described in detail. NCT

is implemented in R (NetworkComparisonTest package; Van Borkulo, Epskamp,

& Milner, 2016).
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2.4 Current state-of-the-art

Although the network approach has been applied mostly to MDD (Bringmann,

Lemmens, Huibers, Borsboom, & Tuerlinckx, 2015; Cramer, Borsboom, et al., 2012;

Cramer et al., 2010; Fried, Bockting, et al., 2015; Leemput et al., 2014; Wigman et

al., 2015), it has also been applied to other psychological constructs such as PTSD

(McNally et al., 2015), Autism Spectrum Disorder (ASD; Ruzzano, Borsboom, &

Geurts, 2014), personality (Costantini et al., 2015), quality of life (Kossakowski et

al., 2016), and schizophrenia (Isvoranu, Van Borkulo, et al., 2016). The first results

of this approach do indeed suggest that network models offer new explanatory

resources to explain common findings such as comorbidity, spontaneous recovery,

and relapse (Borsboom et al., 2011; Cramer et al., 2016).

In addition, the structure of the estimated networks typically aligns well with

both common sense and the scientific literature (e.g., see Fried, Bockting, et al.,

2015; McNally et al., 2015). Although it is clear that we stand only at the beginning

of research unraveling the patterns of interactions involved in mental disorders, it

is comforting that suggested pathways in network structures often involve pat-

terns that look quite familiar; for instance, Fried, Bockting, et al. (2015) suggest

that the effect of losing a spouse on the network of depression symptoms is trans-

mitted via feelings of loneliness, and McNally et al. (2015) find many clinically

plausible and unsurprising structural relations between PTSD symptoms (e.g.,

hypervigilance is connected to startling and concentration problems, thought

intrusions are connected to flashbacks, etc.). This means that network models are

consistent with knowledge that clinicians already possess and perhaps even have

coded in their mental representation of psychopathology (Kim & Ahn, 2002). In

this sense, network models can be seen as a formal, statistical extension of the

intuition that many if not most working clinical psychologists and psychiatrists

already have: the reality of mental disorders does not involve a clean set of “un-

derlying diseases” that is amenable to medical treatment in the same way wound

infections are amenable to antibiotics, but a complicated mess of interacting

problems of various natures. Network analysis is able to clean up at least some of

that mess by visualizing and analyzing complex patterns of dependencies and,

perhaps, anticipating the course of disorders and successfully intervening in that

course.
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In this paragraph we give an overview of results from studies based on the net-

work approach so far, according to big themes within psychopathology research:

comorbidity, anticipating future course of disorders, and whether hypotheses that

follow from the network approach are supported.

2.4.1 Comorbidity

A problem never comes alone; problems tend to attract problems (Cramer &

Borsboom, 2015). This is harrowingly illustrated by the widespread occurence of

comorbidity in psychopathology; approximately 47% of people with one mental

disorder also have other diagnoses (Kessler, Chiu, Demler, & Walters, 2005). Pa-

tients who suffer from comorbid mental disorders, have a greater decline in quality

of life, a worse prognosis, and higher suicide rates (Albert, Rosso, Maina, & Bo-

getto, 2008; Nock, Hwang, Sampson, & Kessler, 2010; Schoevers, Deeg, Van Tilburg,

& Beekman, 2005). As this illustrates that comorbidity is a serious problem and

although considerable progress has been made in understanding comorbidity,

the network approach has shed some new light on this phenomenon.

A network representation of the DSM-IV symptom space (i.e., symptoms are

nodes in the network and are connected when they belong to the same disorder)

showed that comorbidity could partly be explained by bridge symptoms (i.e.,

symptoms that overlap between disorders; see Borsboom et al., 2011; Cramer et al.,

2010). Moreover, network “distances” between disorders (measured as the number

of edges to travel from one disorder to the other) in the DSM-IV graph are highly

correlated with empirical comorbidity rates (Borsboom et al., 2011); this means

that where empirical data shows a high correlation between two disorders, e.g.,

MDD and Dysthymia, the network distance between the two disorders is relatively

small (i.e., it is ‘easy’ to travel from one disorder to the other). Conversely, when the

empirical correlation between two disorders is relatively low (e.g., Agoraphobia

and Antisocial Personality Disorder), the network distance is relatively large (i.e.,

it is less easy to travel from one disorder to the other). Empirical data of MDD

and GAD have indeed shown that comorbidity can be conceptualized as direct

associations between (overlapping) symptoms of the two disorders (Cramer et

al., 2010). Boschloo et al. (2015) recently showed, that the network structure of

twelve DSM-IV disorders — based on over 34,000 individuals — confirmed these
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findings: overlapping and non-overlapping symptoms are directly related across

multiple disorders.

Zooming in on two related disorders can be insightful for understanding the

etiology of symptomatology. Persistent Complex Bereavement Disorder (PCBD;

see American Psychiatric Association, 2013), for example, shows high comorbidity

with disorders as MDD, GAD, and PTSD. Although a PCBD and MDD network

show two distinct clusters in accordance with the disorders, bridge symptoms

as loneliness, emotional pain, and emotional numbing may be important in the

etiology of comorbidity (Robinaugh, LeBlanc, Vuletich, & McNally, 2014). This

suggests that reducing, for example, emotional pain might be a promising target

for treatment.

Network analysis on comorbidity also sheds new light on repetitive behaviors

that are seen in both ASD and Obsessive-Compulsive Disorder (OCD). The nature

of the association between ASD and OCD is conceptualized in two ways: (1) as two

highly comorbid, but distinct disorders (Bejerot, 2007), or (2) as disorders with

overlapping symptoms (Bartz & Hollander, 2006; Ivarsson & Melin, 2008). From

a network analysis, Ruzzano et al. (2014) concluded that an alternative concep-

tualization was more appropriate. Network analysis revealed that ASD and OCD

formed two clusters in which repetitive behaviors are not strongly interconnected.

This indicates that repetitive behaviors in ASD are different from those in OCD

(Ruzzano et al., 2014). Possibly, repetitive behavior in OCD serves to suppress the

accompanying obsession (e.g., continually washing hands because one constantly

thinks they are dirty), whereas in ASD it serves to deal with intolerance of ordi-

nary sensory stimuli (e.g., washing hands repetitively to escape from subjective

distress; Hazen et al., 2008).

2.4.2 Early-warning signals

Some of the most exciting uses of network analysis involve the application of

complex systems analysis to psychopathology in order to anticipate the future

course of mental disorders. These approaches are based on analogical modeling

(Haig, Palij, Palij, & Haig, 2014); specifically, they are informed by the intuition that

complex systems share certain behavioral characteristics, regardless of the partic-

ular domain of application. That is, these approaches work on the assumption

that the transition from a rain forest to a savannah is sufficiently similar to the
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transition from health to depression for the same family of statistical techniques to

be amenable to the analysis of both (Leemput et al., 2014). Far-fetched as this may

seem, it is one of the fascinating insights of recent work on early-warning signals

(see Scheffer et al., 2009) that statistical characteristics of systems approaching

critical transitions are indeed present in a wide variety of complex dynamical

systems, regardless of their operational details and physical architecture (Dakos

et al., 2012).

For example, from dynamical systems theory it follows that positive feedback

loops in many different kinds of complex systems can lead to similar types of

phase transitions (Scheffer et al., 2009). Such transitions between alternative sta-

ble states are observed in systems as financial markets and the climate (Leemput

et al., 2014). For a system as depression, the stable states would be a healthy and

depressed state. The transition from healthy to depressed could be the result of

positive feedback loops such as the following: worrying → feeling down → avoid-

ing social activities → feeling more down (Bringmann et al., 2013). Such a vicious

cycle could ultimately induce a transition to the depressed state. If a network

is weakly connected, the transition to a depressed state is a linear process: with

increasing stress, symptomatology increases accordingly. If the system is strongly

connected, however, a small increase in stress can lead to a sudden transition

to the depressed state. This is quite interesting in relation to the long history

of literature on the question of whether the separation between normality and

mental disorders is continuous or discontinuous (involving taxa; Meehl, 1992); in

a network, both scenarios are possible. A weakly connected network structure will

lead to continuous differences between states, but a strongly connected network

structure will lead to discrete differences.

For systems like ecosystems and financial markets it has been shown that

these transitions are preceded by a phenomenon called critical slowing down

(Scheffer et al., 2009; Strogatz, 2014; Van Nes & Scheffer, 2005): the increase in

time to return to equilibrium after disturbance. Critical slowing down can be

detected in the dynamic behavior of the system. A statistical signal (e.g., increasing

autocorrelation or variance), which suggests that a system is near a transition,

follows from the fact that, in critical slowing down, a less resilient system takes

longer to recover from random perturbations of its state; statistically, this is visible

in time-series data as an increased predictability of the state at one time point from

the state at the time point just before (i.e., it involves an increase in autoregression).
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Thus, as a person′s network becomes less resilient, the state of the nodes in the

network show an increased autocorrelation in the time-series.

Indeed, it has been argued that mood may have alternative stable states

(healthy or disordered) that are separated by tipping points. In addition, a con-

siderable body of work suggests that differences in dynamics of mood states are

associated with differences in the liability to develop mental disorders. For exam-

ple, studies have shown that emotional inertia (i.e., the slowing down of changes

in emotions) is related to future depression (Kuppens, Allen, & Sheeber, 2010;

Kuppens et al., 2012). This suggests that the likelihood for transitions into and

out of depression could also be assessed with early-warning signals. Simulations

with depression networks based on empirical data indeed show phase transitions

(Cramer et al., 2016), indicating that it might be possible to detect an upcoming

depressive episode. In empirical data of healthy and depressed patients it has now

indeed been shown that elevated temporal correlation, autocorrelation, and vari-

ance between emotions are related to the probability of an upcoming transition

(onset or termination of depression; see Leemput et al., 2014).

Following a combination of these leads, Pe et al. (2015) showed that individuals

with a depressive episode had higher network connectivity, which may explain

the phenomenon of emotional inertia; in addition, Bringmann, Pe, et al. (2016)

established the same pattern of increased connectivity among individuals high

on neuroticism - a well-known risk factor for MDD. Finally, in an unprecedented

time-series study involving a single patient who was tracked for over a year while

decreasing his level of antidepressant medication, Wichers, Groot, and Psychosys-

tems, ESM Group, EWS Group (2016) observed marked changes in the individual′s
dynamical network structure over time that anticipated the individual′s transi-

tion to a period of increased depressive symptomatology. Together, these results

suggest that network structure could not only be used to analyze and measure

the resilience of an individual (with more strongly connected networks being less

resilient), but also to detect upcoming changes in the state of the system. Needless

to say, if it is possible to build reliable technology that exploits these phenomena,

that could revolutionize clinical research and treatment.
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2.4.3 Higher connectivity, more problems

Simulations with networks with higher and/or stronger connectivity show more

pronounced phase transitions than those with lower and/or weaker connectiv-

ity (Cramer et al., 2016; for an interactive agent-based simulation of this phe-

nomenon, see Van Borkulo et al., 2013). Consequently, level of connectivity may

be indicative of prognosis. This hypothesis following from the network perspective

has led to the search for differences in connectivity between groups. Compari-

son of temporal emotion networks of healthy individuals and individuals with a

diagnosis, shows that individuals with a diagnosis (MDD and psychosis; see Pe

et al., 2015; Wigman et al., 2015) have a more densely connected network than

healthy controls. In these temporal networks, stronger connections among emo-

tions mean that an emotion more strongly depends on previous emotions and,

consequently, are more resistant to change (Pe et al., 2015).

An often-raised question on results as described above, is whether differences

in network connectivity are due to differences in symptom severity between

groups. Possibly, increased network connectivity in the more severe group could

be due to unmodeled latent variables that systematically relates to severity. Con-

trolling for such a variable will reveal whether or not the original difference in

connectivity was due to the latent variable; if the difference in connectivity disap-

pears, the original difference in connectivity was confounded by severity (for a

more elaborate discussion on severity as a possible confound in network density,

see Supplemental Content accompanying Van Borkulo et al., 2015). A study that

compared two groups of patients with MDD at baseline, that differed in outcome

at two-year follow-up (one group was remitted, whereas the other group had

persistent MDD), showed that persisters have a more densely connected net-

work at baseline than remitters (Van Borkulo et al., 2015). Although individuals in

both groups were patients, there was a difference in baseline severity (persisters

had higher symptom scores at baseline than remitters). Controlling for severity,

however, yielded similar results. This suggests that more associations between

symptoms may be indicative of worse prognosis (Van Borkulo et al., 2015).
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2.5 Discussion

Network models for psychopathology yield a systematic and mathematically

precise approach to complex multivariate systems as typically studied in psy-

chopathology research, in which the focus of investigation lies on the question

how global states of the human system (e.g., an MDD) arise from the local in-

teractions between components of the relevant network (e.g., symptoms like

depressed mood, insomnia, and fatigue). The approach is thus geared to improve

the analysis and understanding of both the (causal) structure of mental disorders

and their dynamics (Borsboom & Cramer, 2013). With increased control over that

structure, a successful analysis of mental disorders in terms of networks may in

the future serve to aid, steer, and monitor therapy, thereby increasing therapeutic

effectiveness.

The present chapter has aimed to give an introduction to network perspective

and the methodological backbone of this research program. We discussed the sta-

tistical basis of network analysis, which is closely related to the fields of graphical

modeling and causality (Cox & Wermuth, 1996; Pearl, 2000) as well as the analysis

of network structure, which derives from the fields of social network analysis

and complex systems research (Barabási, 2011; Newman, 2010). The method-

ology behind the network approach is based on a combination of techniques

from both of these fields, in which networks are extracted from high-dimensional

data using modern statistical techniques designed to identify Markov random

fields and associated causal models (Meinshausen & Bühlmann, 2006; Pearl, 2009;

Van Borkulo et al., 2014) and subsequently analyzed using network metrics and

analyses (Newman, 2010). For a more elaborate current state-of-the-art of the first

applications of this new research program to substantive research problems in

psychiatry and clinical psychology, we refer to Chapter 10.

The network approach presents an alternative way of thinking about mental

disorders, which does not necessarily align with classical distinctions between,

e.g., categorical versus dimensional conceptualizations of mental disorders. Net-

works can show continuous change (in line with a dimensional model in which

disorders are represented as gradual scales that extend into the normal popu-

lation) or abrupt change (in line with a categorical model, in which disorders

are represented as discrete classes of individuals). Which of these two patterns

obtains depends on the parameters of the network structure - generally, weakly
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connected networks show more gradual patterns of change, while strongly con-

nected networks can feature tipping points and show sudden transitions. Thus,

if we assume that people differ in the parameters of the networks that charac-

terize them, disorders can be expected to arise gradually for some people and

abruptly for others. The network model thus motivates a considerably more subtle

view of the traditional categories versus dimensions debate than has so far been

entertained.

Despite the fact that the research program is still young, with the earliest contri-

bution less than ten years old (Borsboom, 2008; Cramer et al., 2010), methodolog-

ical innovations have been so rapid that, for most of the common data structures

one encounters in psychopathology research and psychiatry, network estimation

and analysis is now feasible using widely available software (Epskamp et al., 2012;

Van Borkulo et al., 2014). This includes binary and continuous data, as well as

mixtures thereof, as typically gathered in large community samples designed to as-

sess symptomatology and prevalence of disorders (e.g., The national comorbidity

survey; Kessler, 1994). Also, intra-individual network structures can be extracted

from high-frequency multivariate time-series data, as typically gathered in ESM

designs (Wichers, 2014). Finally, for small numbers of continuously distributed

data, the combined analysis of individual differences and intra-individual time-

series with multilevel models has been developed (Bringmann et al., 2013) and

implemented in R (Epskamp et al., 2015). This means that the network approach,

as discussed in this chapter, is now methodologically operational for most of the

common research designs in psychiatry and clinical psychology.

That does not mean that there are no major challenges and obstacles still

present. Some of the most important challenges involve modeling intra-individual

dynamics (as in ESM data) and connecting these to inter-individual differences (as

observed in community samples). Current models for intra-individual dynamics

require strong assumptions regarding the character of the process modeled that

are unlikely to be met. For example, the vector-autoregressive models that form

the basis for current estimation methods require linear, stationary processes that

yield data that satisfy multivariate normality. Although these assumptions are

made to estimate network structures, they are not very plausible if the network

approach holds true; we would rather expect the network structure itself to be

dynamic over time, for example because the process of clinical treatment is typ-

ically geared towards change in that network structure. Also, as we have shown
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in the current chapter, networks may exhibit phase transitions, but (standard)

autoregressive models are based on the assumption that phase transitions do

not exist. Thus, it would be worthwhile to use extensions of the standard vector

autoregressive model that can accommodate the phenomena that characterize

networks.

A related, and perhaps more serious, problem is that current intra-individual

models rely on measures of emotional states, rather than on symptoms as de-

scribed in, e.g., DSM-5. It is not always straightforward to connect these two

levels of description to one another. The first important reason for this is that

DSM-5 symptoms operate on different time scales from each other and from

the processes involving emotional states that are tapped by ESM. For example,

DSM-5 criteria for MDD involve insomnia, which likely follows a process on a

time scale measured in days; weight loss, which likely follows a process measured

in weeks; and sadness, which likely follows a much quicker process measured

in hours or even minutes. It is far from trivial to relate these time scales to each

other in a dynamical model, and it is even more difficult to model these processes

simultaneously in time-series data.

A second important reason is that DSM-5 often uses contextualized symptoms.

For example, being involved in a traffic incident is not necessarily a symptom of

alcohol abuse disorder; it only counts as such if it occurs in a consistent pattern

of alcohol consumption. Similarly, muscle tension does not count as a symptom

of PTSD unless it occurs among other phenomena that are related (causally) to a

traumatic experience, and even insomnia does not count as a depression symp-

tom unless it occurs in a period of at least two weeks characterized by sadness and

loss of interest. Such contextualization clearly conveys important assumptions

about the genesis of symptoms, but that contextualized information is not easily

transmitted in an ESM questionnaire. A related problem, that stems from the

same source, is that DSM-symptomatology is almost invariably investigated using

questionnaires with a skip structure (e.g., questionnaires that only inquire about

trauma-related symptoms if the interviewee indicates that a trauma has occurred).

It is both unclear how this type of structure influences the association patterns on

which network analyses are based, and how the resulting symptom definitions

should relate to information as typically gathered in time-series. Thus, a major

challenge for the future is to find clever ways of relating these levels of description

to each other.
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The similarity of psychopathology networks to ecology, climate systems, and

flocking behavior betrays a interesting philosophical aspect of networks. That

is, network modeling is a global research approach, in which the focus lies on

the identification of the macro-structure of dependencies among variables in a

network, and the function of individual variables in that network structure, rather

than on the physical instantiation of that structure — this is what allows one to

use insights from one area (say, robustness analysis of ecosystems) and apply

them in another (say, resilience of symptom networks in psychopathology). One

could thus say that network modeling instantiates a scientifically respectable and

mathematically precise version of holism: rather than trying to unpack individual

properties into their constituent elements (the more classic reductive scientific

approach; see Nagel, 1979; Oppenheim & Putnam, 1991), network models at-

tempt to capture the structure of relations between these variables, for which

understanding of their physical instantiation is not always necessary (Barabási,

2011). As a result, the importance of any given node (or symptom, in the case of

psychopathology) is analyzed in terms of its relation to the other nodes in the

system. Thus, in the case of psychopathology, a symptom (e.g., depressed mood)

plays an important role in a disorder (e.g., MDD) only to the extent that it serves to

trigger and maintain the status of directly connected symptoms and, as such, acts

to maintain equilibriums and steer changes in the overall state of the network.

For psychopathology research, this is a significant departure from traditional

research approaches, in which the essence of disorders has often been sought at

the level of the brain or genes. This path of investigation has yielded few results

(Kendler et al., 2011) despite strong claims to the effect that mental disorders really

are brain disorders (Insel & Cuthbert, 2015); robust biomarkers have not been

identified for any of the major mental disorders, which means the field′s intense

focus on neuroscience and genetics as proper levels of explanation regarding men-

tal disorders may in fact reflect theoretical myopia rather than scientific insight

(Fried, Tuerlinckx, & Borsboom, 2014). By providing a scientifically respectable

holistic research strategy, network analysis may thus counter the one-track focus

on biology and neuroscience as the obvious level of explanation for psychological

phenomena.

Network analysis is still a new game in town, but it is maturing rapidly. Now

that the first results of applying network and systems thinking to psychopathol-

ogy research have provided promising results, and readily accessible statistical
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machinery is available to apply the relevant models, the stage is set for signifi-

cant changes in the way we think about psychological constructs in general, and

mental disorders in particular. Barabási (2011) has suggested that we stand at

the brink of a revolution in science that he calls “the network takeover”. Time

will tell to what extent that hypothesis is apt to describe upcoming changes in

psychopathology research.

48



C H A P T E R 3
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I
n this paper, we characterize major depressive disorder (MDD) as a complex

dynamic system in which symptoms (e.g., insomnia and fatigue) are directly

connected to one another in a network structure. We hypothesize that in-

dividuals can be characterized by their own network with unique architecture

and resulting dynamics. With respect to architecture, we show that individuals

vulnerable to developing MDD are those with strong connections between symp-

toms: e.g., only one night of poor sleep suffices to make a particular person feel

tired. Such vulnerable networks, when pushed by forces external to the system

such as stress, are more likely to end up in a depressed state; whereas networks

with weaker connections tend to remain in or return to a non-depressed state.

We show this with a simulation in which we model the probability of a symptom

becoming ‘active’ as a logistic function of the activity of its neighboring symp-

toms. Additionally, we show that this model potentially explains some well-known

empirical phenomena such as spontaneous recovery as well as accommodates

existing theories about the various subtypes of MDD. To our knowledge, we offer

the first intra-individual, symptom-based, process model with the potential to

explain the pathogenesis and maintenance of major depressive disorder.

3.1 Introduction

Major depressive disorder (MDD) imposes a heavy burden on people suffering

from it. Not only are the symptoms of MDD themselves debilitating, their poten-

tial consequences (e.g., stigmatization and interpersonal rejection) can be equally

detrimental to long-term physical and mental health (Greden, 2001; Hammen

& Peters, 1978; Wang et al., 2007; Whiteford et al., 2013). Combined with the fact

that MDD approximately affects 17% of the general population at some point in

their lives, denoting MDD as one of the biggest mental health hazards of our time

is hardly an overstatement (Kessler et al., 1994; Lopez, Mathers, Ezzati, Jamison,

& Murray, 2006; C. Mathers, Fat, & Boerma, 2008). It is therefore surprising, and

somewhat disappointing, that we still have not come much closer to unraveling

the pathogenesis of MDD: what makes some people vulnerable to developing

MDD? The main aim of the present paper is to investigate this general question

about MDD from a network perspective on psychopathology, by means of devel-

oping a formal dynamic systems model of MDD and conducting two simulation

studies based on this model.
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3.1.1 What is MDD as a complex dynamic system?

The network perspective on mental disorders comprises a relatively new branch of

theoretical and statistical models (Borsboom, 2008; Borsboom & Cramer, 2013;

Cramer & Borsboom, 2015; Cramer, van der Sluis, et al., 2012; Cramer et al., 2010).

Although the basic idea of networks is not new (e.g., see G. H. Bower, 1981;

Brewin, 1985; M. S. Clark & Isen, 1982; Foa & Kozak, 1986; Teasdale, 1983; Van

Der Maas et al., 2006), current network models extend this earlier theoretical work

with a coherent framework hypothesized to deliver a blueprint for the develop-

ment of a multitude of mental disorders (Borsboom, 2008; Borsboom & Cramer,

2013; Cramer & Borsboom, 2015; Cramer, van der Sluis, et al., 2012; Cramer et

al., 2010). Additionally, the network perspective currently comprises a number

of methods to estimate and analyze such networks. The network perspective on

psychopathology starts out by assuming that symptoms (e.g., MDD symptoms

such as trouble sleeping, fatigue, and concentration problems) cause other symp-

toms. For example, after an extended period of time during which a person is

suffering from insomnia, it is not surprising that this person will start experienc-

ing fatigue: insomnia → fatigue. Subsequently, if the fatigue is longer lasting, this

person might start developing concentration problems: fatigue → concentration

problems. According to the network perspective, such direct relations between

MDD symptoms have, theoretically speaking, the capacity to trigger a diagnos-

tically valid episode of MDD: insomnia → fatigue → concentration problems →
depressed mood → feelings of self-reproach, resulting in five symptoms on the

basis of which a person is diagnosed with an episode of MDD.

MDD as such a network of directly related symptoms is more generally referred

to as a complex dynamic system (Schmittmann et al., 2013): complex because

symptom-symptom relations might result in outcomes, an episode of MDD for

instance, that are impossible to predict from any individual symptom alone;

dynamic because this network of symptom-symptom relations is hypothesized to

evolve in an individual over time; and a system because the pathogenesis of MDD

is hypothesized to involve direct relations between symptoms that are part of the

same system. MDD specifically is hypothesized to be a bistable system with two

attractor states: a ‘non-depressed’ and a ‘depressed’ state.
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3.1.2 Aim of this paper

Evidence in favor of the network perspective is accumulating (Fried, Van Borkulo,

et al., 2016). The current state of affairs can be summarized as follows: we

know with a reasonable degree of certainty that symptom-symptom relations are

present in groups of individuals, but we do not know what makes such symptom-

symptom relations of an individual patient with MDD different from the very

same symptom-symptom relations of someone without MDD. In other words,

what makes the networks of some individuals more vulnerable to develop an

episode of MDD compared to networks of individuals who will not/never develop

such an episode? Answering this question takes the dynamic systems perspective

on MDD the next critical steps further and is therefore the main goal of this paper.

So what is vulnerability in the MDD dynamic system?

3.1.3 Vulnerability in the MDD dynamic system

The generic diathesis-stress model (Abramson, Metalsky, & Alloy, 1989; Bebbing-

ton, 1987; Beck, 1987; McGuffin, Katz, & Bebbington, 1988; Robins & Block, 1988)

attempts to answer questions such as why some people develop MDD after expe-

riencing stressful life events while others do not. Derivatives of this general model

have in common the hypothesis that developing a disorder such as MDD is the

result of an interaction between a certain diathesis (i.e., vulnerability) and a range

of possible stressors. More specifically, the experience of a certain stressful life

event can activate the diathesis (e.g., Monroe & Simons, 1991).

But what is the diathesis, what is it that makes certain people vulnerable? Quite

a few theories attempt to answer this question (e.g., certain risk alleles, high level

of neuroticism; Caspi et al., 2003; Ensel & Lin, 1996; T. O. Harris et al., 2000; Kessler

& Magee, 1993) but, in this paper, we propose an alternative. This alternative is

based on the notion that individuals likely differ, among other things, in terms

of how strong certain symptoms are connected in their networks. For example,

Carol has to suffer from at least four consecutive sleepless nights before she starts

experiencing fatigue (i.e., a relatively weak connection between insomnia and

fatigue) while Tim feels fatigued after only one sleepless night (i.e., a relatively

strong connection between insomnia and fatigue). Now, we hypothesize that one

of the ways in which a network is vulnerable to developing an episode of MDD is

the presence of strong connections between symptoms.
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FIGURE 3.1. An analogy between vulnerability in a network and spacing of domino tiles.

Vulnerability in a network is perhaps best illustrated by considering the symp-

toms of an MDD network to be domino tiles and regarding the connections

between them as the distances between the domino tiles (Borsboom & Cramer,

2013). Figure 3.1 shows this analogy. Strong connections (i.e., a vulnerable net-

work) are analogous to domino tiles that stand in close proximity to one another

(right panel of Fig 1): if one symptom becomes active in such a vulnerable network

then it is highly likely that this activated symptom will result in the development

of other symptoms. That is, in the analogy, the toppling of one domino tile will

topple the other dominoes because the distances between them are short. On the

other hand, weak connections (i.e., an invulnerable network) are analogous to

domino tiles that are widely spaced (left panel of Fig 1): the development of one

symptom is not likely to set off a cascade of symptom development because the

symptom-symptom relations are not strong. That is, in the analogy, the toppling

of one domino tile will not likely result in the toppling of others because of the

relatively large distances between them.
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We developed the vulnerability hypothesis based on three general observa-

tions: 1) network models from other areas of science show that strong connections

between elements of a dynamic system predict the tipping of that same system

from one attractor state into another (L. Chen, Liu, Liu, Li, & Aihara, 2012; Dakos,

Nes, Donangelo, Fort, & Scheffer, 2010); 2) quite a few successful therapeutic in-

terventions specifically aim to weaken or eliminate symptom-symptom relations

(e.g., exposure therapy that aims at breaking the connection between seeing a

spider and responding to it with fear by repeatedly exposing a patient to (real)

spiders; Kamphuis & Telch, 2000; Rothbaum & Schwartz, 2002); 3) increasing

evidence that various patient groups have stronger network connections between

psychopathological variables compared to healthy controls or patient groups in

remission (Pe et al., 2015; Van Borkulo et al., 2015; Wigman et al., 2015). How-

ever, due to the cross-sectional nature of these data, it remains thus far an open

question if these results readily generalize to intra-individual networks.

In the next section we introduce our formal network model of MDD. This for-

mal model will be the starting point of a simulation study that will be conducted

in two parts. In the first simulation (Simulation I), we exclusively investigate the

influence of increasing connectivity (i.e., diathesis or vulnerability) on the be-

havior of an MDD system. The main question here is if a system with stronger

connections will end up in a depressed state more easily than a system with rela-

tively weak connections. In the second simulation (Simulation II) we examine the

influence of stress. Here, the main question is what happens if we put vulnerable

networks under stress.

3.2 Simulation I: Investigating the vulnerability hypothesis

In this section, we build a formal dynamic systems model of MDD in two steps

(please see Figure 3.2 for a visualization of these steps). In the first step, we esti-

mate threshold and weight parameters for an empirical inter-individual network

of MDD symptoms based on empirical data (see Figure 3.2). In the second step,

with these empirical parameters, we build a dynamic intra-individual model of

MDD which develops over time (see Figure 3.2B). The main characteristic of the

model is that the activation of a symptom influences the probability of activation

of other symptoms in its vicinity. We simulate data with this model in order to test
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FIGURE 3.2. A visualization of the setup of Simulation I. Panel A features a simplified

network for variables X 1−X 9 of the VATSPUD data. From this data we estimated weight

parameters (i.e., the lines between the symptoms: the thicker the line the stronger the

connection) and thresholds (i.e., the filling of each node: the more filling the higher the

threshold). These empirical parameters were entered into the simulation model (black

and red dashed arrows from panel A to panel B). To create three MDD systems, we

multiplied the empirical weight parameters with a connectivity parameter c to create a

system with weak, medium and strong connectivity. Panel B shows a gist of the actual

simulation: for the three MDD systems, we simulated 1000 time points (with the equations

given in the main text) and at each time point, we tracked symptom activation. Our goal

was to investigate our hypothesis (most right part of panel B) that the system with strong

connectivity would be the most vulnerable system, i.e., with the most symptoms active

over time.

the hypothesis that strongly connected MDD networks are more vulnerable to

developing a depressed state than weakly connected MDD networks1.

1see Van Borkulo et al. (2013) for a similar interactive agent-based simulation model (Wilensky,
1999).
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3.2.1 Methods

3.2.1.1 VATSPUD data set.

The Virginia Adult Twin Study of Psychiatric and Substance Use Disorders (VAT-

SPUD) is a population-based longitudinal study of 8973 Caucasian twins from the

Mid-Atlantic Twin Registry (Kendler & Prescott, 2006; Prescott, Aggen, & Kendler,

2000). The first VATSPUD interview — the data of which were used for this paper

— assessed the presence/absence of the 14 disaggregated symptoms of MDD (rep-

resenting the nine aggregated symptoms of criterion A for MDD in DSM-III-R),

lasting at least 5 days during the previous year (i.e., the data is binary). Whenever a

symptom was present, interviewers probed to ensure that its occurrence was not

due to medication or physical illness. Co-occurrence of these symptoms during

the previous year was explicitly confirmed with respondents. The sample con-

tained both depressed and non-depressed respondents (prevalence of previous

year MDD was 11.31%).

3.2.1.2 Deriving empirical parameters

We estimated network parameters for the 14 symptoms of the VATSPUD dataset

with a recently developed method, based on the Ising model, which reliably re-

trieves network parameters for binary data with good to excellent specificity and

sensitivity. The model is easy to use as it is implemented in the freely available R
package IsingFit (Van Borkulo et al., 2014). With this method, one estimates two

sets of parameters (Epskamp, Maris, Waldorp, & Borsboom, 2016): 1) thresholds:

each symptom has a threshold τi which is the extent to which a symptom i has a

preference to be ‘on’ or ‘off’. A threshold of 0 corresponds to a symptom having no

preference while a threshold of higher (lower) than 0 corresponds to a symptom

with a preference for being ‘on’ (‘off’). In Figure 3.2a threshold is visualized as a

red filling of the nodes: the more the node is filled, the higher the threshold, which

corresponds to a preference of that node to be ‘on’. Less filling of a node corre-

sponds with a lower threshold, which corresponds to a preference of that node to

be ‘off’; 2) weights: a weight wi j corresponds to a pairwise connection between

two symptoms i and j ; if wi j = 0 there is no connection between symptoms i

and j . The higher (lower) wi j becomes, the more symptoms i and j prefer to be

in the same (different) state (‘on’ or ‘off’). In Fig 2a weight is visualized as a line
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(i.e., edge) between two nodes: the thicker the edge, the stronger the preference of

these nodes to be in the same state (‘on’ or ‘off’). Note that threshold and weight

parameters are independent from one another. Both thresholds and weight para-

meters were estimated within a `1-regularized logistic regression model with an

extended Bayesian Information Criterion (EBIC) as model selection criterion.

3.2.1.3 The formal dynamic systems model of MDD.

We begin developing the formal model of MDD by assuming the following: 1)

symptoms (Xi ) can be ‘on’ (1; active) or ‘off’ (0; inactive); 2) symptom activation

takes place over time (t) such that, for example, insomnia at time t may cause

activation of fatigue at time t +1; and 3) a symptom i receives input from symp-

toms with which it is connected in the VATSPUD data (i.e., these are non-zero

weight parameters). These weight parameters are collected in a matrix W for the

J = 14 symptoms: entry Wi j thus represents the logistic regression weight be-

tween symptoms i and j as estimated from the VATSPUD data (as one can see

in Figure 3.2 the weight parameters from the data are used in the subsequent

simulations with our model).

Model formulation now proceeds along the following steps:

• We assume that the total amount of activation a symptom i receives at time

t is the weighted (by W) summation of all the neighboring symptoms X

(i.e., the vector that contains the “0” and “1” values of being inactive and

active respectively) at time t −1. We call this the total activation function

(boldfaced parameters are estimated from the VATSPUD data):

(3.1) At
i =

J∑
j=1

Wi j X t−1
j

• We formulate a logistic function for computing the probability of symptom

i becoming active at time t : the probability of symptom i becoming active

at time t depends on the difference between the total activation of its

neighboring symptoms and the threshold of symptom i (in the formula

below: bi − At
i ). This threshold is estimated from the VATSPUD data (see

also Figure 3.2). Note that the parameter bi denotes the absolute value

of these estimated thresholds. The more the total activation exceeds the

threshold of symptom i at time t , the higher the probability that symptom
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i becomes active (in the formula below: P (X t
i = 1)) at time t . We call this

the probability function (boldfaced parameters are estimated from the

VATSPUD data):

(3.2) P (X t
i = 1) = 1

1+e(bi−At
i )

To summarize: our model is an intra-individual model that develops over

time. The probability of a symptom becoming active at a particular point in time

depends on both its threshold and the amount of activation it receives from its

neighboring symptoms at that same point in time. The more activation a symptom

i receives from its neighboring symptoms and the lower its threshold, the higher

the probability of symptom i becoming active.

3.2.1.4 The simulation study.

To investigate our vulnerability hypothesis, we inserted a connectivity parameter

c with which matrix W is multiplied. This results in the following modified total

activation function:

(3.3) At
i =

J∑
j=1

cWi j X t−1
j

This connectivity parameter c took on three values to create three networks

(see also Figure 3.2B for a visualization of the simulation): 1) weak (c = 0.80); 2)

medium (c = 1.10); and 3) strong connectivity (c = 2.00). For all three networks,

we simulated 10000 time points starting with all symptoms being ‘off’ (i.e., X

vector with only zeros). At each time point, we computed total activation and

the resulting probability of a symptom becoming active. Next, symptom values

(either “0” or “1”, denoting inactive and active, respectively) were sampled using

these probabilities. Subsequently, at each time point, we tracked the state of

the entire system, D, by computing the total number of activated symptoms

(i.e., D =∑
(X )): the more symptoms are active at time t , the higher D and thus

the more ‘depressed’ the system is. The minimum value of D at any point in

time is 0 (no symptoms active) while the maximum value is 14 (all symptoms

are active). We predicted that the network with the strongest connectivity (i.e.,

the highest weight parameters) would, over time, show the highest levels of D

compared to the networks with medium and weak connectivity (in Figure 3.2:
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the blue bar ranging from light blue for the network with weak connectivity (few

symptoms; invulnerable) to dark blue for the network with strong connectivity

(many symptoms; vulnerable).

3.2.2 Results and discussion

Figure 3.3 presents the network that resulted from the parameter estimation with

IsingFit (see previous Chapter 4 and Appendix A for a tutorial on the package).

The edges between the symptom nodes represent the estimated logistic regres-

sion weights (note: thresholds are not visualized in this network but are given in

the right panel next to the network). The positioning of the nodes is such that

nodes with strong connections to other nodes are placed towards the middle of

the network. Nodes with relatively weak connections to other nodes are placed

towards the periphery of the network.

The results of the simulation study for the first 1500 time points are presented

in Figure 3.4. As we predicted, the stronger the connections in the MDD system,

the more vulnerable the system is for developing depressive symptoms (as tracked

with the symptom sum score, or state, D at each time t ): in the weakly connected

system (most left graph at the top of Figure 3.4) there certainly is some develop-

ment of symptoms (i.e., peaks in the graph) but the system never quite reaches a

state D where many symptoms are developed. As one can see in this graph, the

symptom sum score D is nowhere higher than 7. In the case of medium connec-

tivity (middle graph at the top of Figure 3.4) the system is capable of developing

more symptoms (i.e., higher values of D, peaks in the graph) compared to the

weak connectivity network. On the other hand, that same system returns (quite

rapidly) to non-depressed states (i.e., lower values of D, dips in the graph). The

strong connectivity system (most right graph at the top of Figure 3.4) is clearly the

most vulnerable: the system settles into a depressed state rapidly (i.e., high and

sometimes maximum values of D) and never exits this state.

What stands out in the graph of the weakly connected MDD system is the

presence of spontaneous recovery. We zoomed in at one particular part of the time-

series (see ‘zoomed in’ at the bottom of Figure 3.4) in which one can clearly see a

point where 7 symptoms are active (right in the middle of the graph). Without any

change to the parameters the system recovers spontaneously (and rapidly) to a

state in which no symptoms are active (i.e., a non-depressed state, D = 0). To our
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FIGURE 3.3. The inter-individual MDD symptom network based on the VATSPUD data.

Each node in the left panel of the figure represents one of the 14 disaggregated symptoms

of MDD according to DSM-III-R. A line (i.e., edge) between any two nodes represents a

logistic regression weight: the line is green when that weight is positive, and red when

negative. An edge becomes thicker as the regression weight becomes larger. As an example,

the grey circles are the neighbor of the symptom that is encircled in purple (i.e., they have

a connection with the purple symptom). The right part of the figure shows the estimated

thresholds for each symptom. dep: depressed mood; int: loss of interest; los: weight loss;

gai: weight gain; dap: decreased appetite; iap: increased appetite; iso: insomnia; hso:

hypersomnia; ret: psychomotor retardation; agi: psychomotor agitation; fat: fatigue; wor:

feelings of worthlessness; con: concentration problems; dea: thoughts of death.

knowledge, we are the first to show spontaneous recovery in a formal model of

MDD and as such, the results offer a testable hypothesis: spontaneous recovery is

most likely to occur in people whose MDD symptoms are not strongly connected.

One hypothesized subtype of MDD is endogenous with bouts of depression

that appear to come out of the blue, without any apparent external trigger such

as a stressful life event (e.g., Malki et al., 2014). One could argue that this is

exactly what happens in our simulation of a strongly connected MDD system.

There are no external influences on the system and the parameters of the sys-

tem (e.g., thresholds, weights) remain the same throughout the 10000 simulated

time points. Yet in the strongly connected network, the development of only one
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FIGURE 3.4. The results of Simulation I. The top of the figure displays three graphs: in each

graph, the state of the system D (i.e., the total number of active symptoms; y-axis) is plot-

ted over time (the x-axis). From left to right, the results are displayed for a weakly, medium

and strongly connected network respectively. For the network with weak connections, we

zoom in on one particular part of the graph in which spontaneous recovery is evident:

there is a peak of symptom development and these symptoms spontaneously become

deactivated (i.e., without any change to the parameters of the system) within a relatively

short period of time.

symptom is apparently enough to trigger a cascade of symptom development

with a depressed state of the system as a result (most right graph at the top of

Figure 3.4). As such, endogenous depression might be characterized as strong

connections in someone′s MDD system but due to the exploratory nature of this

finding, confirmatory studies are needed before any definitive conclusions can be

drawn.

3.3 Simulation II: Investigating the influence of external stress

In Simulation I we studied vulnerability in isolation, that is, without any external

influences on the MDD system. While insightful such a model does not do justice

to the well-established fact that external pressures such as stressful life events (e.g.,
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the death of a spouse) have the potential to — in interaction with vulnerability —

cause episodes of MDD (i.e., diathesis-stress models as we outlined earlier; Jacobs

et al., 2006; Kendler, Karkowski, & Prescott, 1999; Leskelä et al., 2004; Middeldorp,

Cath, Beem, Willemsen, & Boomsma, 2008; Munafò, Durrant, Lewis, & Flint,

2009). In fact, this non-melancholic subtype for which an episode can be partially

explained by environmental circumstances, is quite prevalent. Therefore, the aim

of this section is to investigate the interaction between our conceptualization

of vulnerability as established in Simulation I (i.e., the diathesis of a strongly

connected symptom network) and stress: what happens if we put stress on a

system with increasing connectivity (i.e., higher weight parameters)?

More specifically, we will investigate what happens within the context of the

cusp catastrophe model. One of the problems with networks is that they easily

become very complex. Even our relatively simple model with 14 symptoms already

entails more than 100 parameters (14 thresholds and 91 weight parameters). When

adding other parameters (e.g., a stress parameter) the model quickly becomes

more intractable and as such less informative about the general behavior of

the system. It is therefore customary in other fields (e.g., the dynamics of the

coordination of certain movements; Kelso, 2012) to use the cusp catastrophe

model as a way of simplifying the model just enough in order to understand its

general dynamics (Ehlers, 1995; Flay, 1978; Goldbeter, 2011; Huber, Braun, & Krieg,

1999; Thom, 1989; Zeeman, 1977). The cusp catastrophe model is a mathematical

model that can explain why small changes in some parameter (in our model: a

small increment in external stress) can result in catastrophic changes in the state

of a system (in our model: a shift from a non-depressed to a depressed state, or

vice versa). The cusp catastrophe model (see Figure 3.5 for a visualization of this

model) uses two orthogonal control variables, the normal variable (i.e., the x-axis)

and the splitting variable (i.e., the y-axis) that, together, predict behavior of a

given system (i.e., the z-axis). We hypothesize that stress acts as a normal variable

while connectivity acts as the splitting variable.

What are the main characteristics of this model?

• With increasing values of the splitting variable (i.e., connectivity) the behav-

ior of the system becomes increasingly discontinuous. In Figure 3.5B (a 2D

representation of Fig 5A): as stress increases but connectivity is weak (top

graph of Figure 3.5B; invulnerable networks), the solid green line shows that
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FIGURE 3.5. A visualization of a cusp catastrophe model. This figure features two panels: (A)

The 3D cusp catastrophe model with stress on the x-axis, connectivity on the y-axis and

the state of the system (i.e., D: the total number of active symptoms) on the z-axis; and

(B) A 2D visualization of the cusp as depicted in (A). In the case of weak connectivity (top

graph in (B)), the system shows smooth continuous behavior in response to increasing

stress (green line, invulnerable networks). In the case of strong connectivity (bottom graph

in (B)), the system shows discontinuous behavior with sudden jumps from non-depressed

to more depressed states and vice versa (red line, vulnerable networks). Additionally, the

system with strong connectivity shows two tipping points with in between a so-called

forbidden zone (i.e., the dashed part of the red line): in that zone, the state of the system

is unstable to such an extent that even a minor perturbation will force the system out of

that state into a stable state (i.e., the solid parts of the red line).
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the state of the system becomes more ‘depressed’ in a smooth and continu-

ous fashion. To the contrary, as stress increases but connectivity is strong

(bottom graph of Figure 3.5B; vulnerable networks), the red line shows

that the state of the system becomes more ‘depressed’ in a discontinuous

fashion.

• For vulnerable networks one should expect to see two tipping points be-

tween which a socalled ‘forbidden’ zone is present (in bottom graph of

Figure 3.5B: the part of the red line that is dashed): within this zone, the

state of the system is unstable to such an extent that even a very modest

disturbance (e.g. a mild stressor) may already kick the system out of equi-

librium into more depressed states. Such tipping points are preceded by

early warning signals, most notably critical slowing down (Carpenter &

Brock, 2006; Dakos et al., 2008; Fort, Mazzeo, Scheffer, & Nes, 2010; Gilmore,

1993; Gorban, Smirnova, & Tyukina, 2010; Scheffer et al., 2009; van Nes &

Scheffer, 2007): right before a tipping point, the system is becoming increas-

ingly slower in recovering (e.g., person remains sad and sleeps badly for a

prolonged time) from small perturbations (e.g., a minor dispute).

• Hysteresis for vulnerable networks: once the MDD system has gone through

a catastrophic shift to an alternative state (e.g., person becomes depressed),

it tends to remain in that new state until the external input (i.e., stress)

is changed back to a much lower level than was needed to trigger that

depressed state (e.g., solving marital problems that triggered an episode of

MDD will not be sufficient to get that person into a non-depressed state).

We use this model in this section in three ways: 1) we check to what extent the

results of the simulations match with the characteristics of a cusp catastrophe

model; 2) we directly test the hypothesis that stress acts as a normal variable while

connectivity acts as the splitting variable; and 3) we investigate potential early

warnings of upcoming transitions from one state into another, a prediction that

follows from a cusp catastrophe model.
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3.3.1 Methods

3.3.1.1 The formal dynamic systems model of MDD.

For the sake of simplicity, we assumed that stress influenced all symptoms in

an equal manner (see left part of Figure 3.6, a visualization of the setup of Sim-

ulation II). To this end, we extended our formal model of MDD — see Methods

of Simulation I — with a stress parameter St
i , a number that was added to the

total activation of the neighbors of symptom i at time t: the higher St
i — that is,

the more stress — the higher the total activation function, and thus the higher

the probability that symptom i will become active at time t . This results in the

following modified total activation function:

(3.4) At
i =

J∑
j=1

cWi j X t−1
j +St

i

As a reminder, in this function t denotes time, c is the connectivity parameter

that takes on three values: 1) weak connectivity (c = 0.80); 2) medium connectivity

(c = 1.10); and 3) strong connectivity (c = 2.00). Matrix W encodes the weight

parameters that were estimated from the VATSPUD data. Vector X contains the

status of symptoms (“0”, inactive, or “1”, active) at the previous time point t −1.

The probability function remained equal to the one used in Simulation I.

3.3.1.2 The simulation study.

Analogous to Simulation II, we simulated 10000 time points for each of the three

values of the connectivity parameter c. For these three types of systems, we ob-

served the impact of variation in the stress parameter (see right part of Figure 3.6):

over the course of the 10000 time points St
i was repeatedly gradually increased

from -15 to 15 and then decreased from 15 to -15 with small steps of 0.01 (the

numerical values of the stress parameter and the steps were chosen randomly).

The impact of the stress parameter on the behavior of the system was quantified

by computing the average state D of the system, that is, the average number of

symptoms active at a certain time point t . Specifically, since all the stress param-

eter values were used multiple times during the simulation — because of the

increasing and decreasing of the stress parameter during the 10000 time points

— we averaged states within 0.20 range of these stress parameter values. So for

example, suppose that stress values between 9.80-10.20 come up 15 times during
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FIGURE 3.6. A visualization of the setup of Simulation II. First, we put stress on all the

symptoms of the systems with weak, medium and strong connectivity by adding a stress

value to the total activation function of each symptom (left part of the figure). Then, we

simulate 10000 time points during which we 1) increase and decrease stress and 2) track

symptom activation at each time point (right part of the figure).

the 10000 simulated time points. Then, we computed the average state D by taking

all states D within the 9.80 - 10.20 range of stress parameter values and dividing

this sum score by 15.

3.3.1.3 Fitting the cusp catastrophe model.

We tested our hypothesis that stress acts as a normal variable while connectivity

acts as the splitting variable with the cusp package in R (Grasman, van der Maas,

& Wagenmakers, 2009). With this package, one is able to compare different cusp

models in which S (stress) and c (connectivity) load on none, one or on both

control variables, very much in the same way in which test items load on factors

in a factor model. For this test, we used the same simulation model as outlined

above but we used a simple weights matrix W in which all weights were set to be

equal.
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3.3.1.4 Critical slowing down.

We quantified critical slowing down with autocorrelations: the correlations be-

tween values of the same variable at multiple time points. Such autocorrelations

go up when the system slows down: slowing down means that at each time point,

the system much resembles the system as it was at the previous time point, mean-

ing that the autocorrelation is relatively high. We inspected the autocorrelations

between the states D of the simulated vulnerable MDD system at consecutive

time points.

3.3.2 Results and discussion of Simulation II

3.3.2.1 Comparing simulation results to characteristics of cusp catastrophe

model.

Figure 3.7 shows the main results of the simulation: the x-axis represents stress

while the y-axis represents the state of the system. The grey line (and points)

represents the average number of active symptoms (for stress parameter values

within 0.20 ranges) when stress was increasing; and the black line (and points)

represents the average number of active symptoms when stress was decreasing.

The figure shows that differences in network connectivity resulted in markedly

different responses to external activation by stress. MDD systems with weak con-

nectivity proved invulnerable (left panel of Figure 3.7): stress increments led to

a higher number of developed symptoms in a smooth continuous fashion, and

stress reduction resulted in a smooth continuous decline of symptom activation.

This is what one would expect to happen at the back of the cusp catastrophe

model (see top graph Figure 3.5B). The dynamics were different for the systems

with medium and strong connectivity (middle and right panel of Figure 3.7): as we

expected from a cusp catastrophe model the behavior of the system became in-

creasingly discontinuous as two tipping points appeared. That is, a small increase

in stress could lead to a disproportional reaction, resulting in a more depressed

state with more symptoms active. As such, we note here that, apparently, “. . .the

hypotheses of kinds and continua are not mutually exclusive. . .” (Borsboom et

al., 2016): that is, our results show that, depending on connectivity, MDD can be

either viewed as a kind (in the case of a network with strong connectivity) or a

continuum (in the case of a network with weak connectivity).
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FIGURE 3.7. The state of the MDD system in response to stress for varying connectivity. The

x-axis represents stress while the y-axis depicts the average state of the MDD system, D:

that is, the total number of active symptoms averaged over every 0.20 range of the stress

parameter value. The grey line (and points) depicts the situation where stress is increasing

(UP; from -15 to 15, with steps of 0.01) whereas the black line (and points) depicts the

situation where stress is decreasing (DOWN; from 15 to -15, with steps of 0.01). The three

graphs represent, from left to right, the simulation results for networks with low, medium,

and high connectivity, respectively.

Additionally, and consistent with a cusp catastrophe model, both the medium

and strong connectivity networks clearly showed that during the transition from

non-depressed to more depressed states, or vice versa, a sizable ‘forbidden zone’

(from around 2 to 9 symptoms) was crossed that does not seem to function as a

stable state (i.e., no data points in that area, see black boxes in Figure 3.7). Such

a forbidden zone increases as a function of increasing connectivity. Therefore,

the weak connectivity network (most left graph of Figure 3.7) shows a very small

forbidden zone.

As was expected to happen at the front of the cusp catastrophe model (see

Figure 3.5A), the results for the strong connectivity MDD system showed clear

hysteresis: the amount of stress reduction needed to get the system into a non-

depressed state (i.e., only a few symptoms active or none at all) exceeds the

amount of stress that tipped the system into depressed states in the first place. We

checked for the robustness of the hysteresis effect by systematically repeating the

simulation for different values of four parameters: 1) weights Wi j ; 2) connectivity

parameter c ; number of nodes J ; and 4) the bi parameter. Based on the results we

68



3.3. SIMULATION II: INVESTIGATING THE INFLUENCE OF EXTERNAL STRESS

conclude that the hysteresis effect is robust in that increasing connectivity of a

network results in more hysteresis.

We are not aware of other (simulation) studies that showed hysteresis in MDD

symptom networks that are vulnerable to developing episodes of MDD. The results

do seem to resonate with clinical observations concerning the non-linear course

of affective shifts between nondepressed and depressed states that is frequently

encountered in the empirical literature (Penninx et al., 2011).

3.3.2.2 Fitting the cusp catastrophe model.

The best fitting model was the one in which only c loaded on the splitting variable

— as we hypothesized — but both S and c loaded onto the normal variable (for W

with relatively small positive weights). As such, the normal and splitting axes are

not strictly orthogonal and we take this to mean that our original mapping of the

network dynamics require a nuance. An increase in connectivity has two effects

in the cusp: it increased both the probability of more depressed states — because

connectivity is part of the normal variable — and the hysteresis effect — because

connectivity is also the splitting variable.

3.3.2.3 Critical slowing down.

Figure 3.8 presents the results: as expected, when stress was increasing, the auto-

correlations between the states of the MDD system increase (dashed line increas-

ing, starting at roughly the 0 stress point) before system abruptly switches from

a non-depressed to a depressed state (thicker dashed line jumping from 0 to 14

symptoms, at roughly the 2 stress point). Additionally, when stress was decreasing,

the autocorrelations increased as well (solid line increasing, starting roughly at

the -2 stress point) before the system abruptly switches from a depressed to a

non-depressed state (thicker solid line jumping from 0 to 14 symptoms, at roughly

the -4 stress point).

Our results show that autocorrelations between the states of a system over time

might provide a gateway into the prediction of tipping points. A recent empirical

paper found similar increasing autocorrelations before a catastrophic shift in

the time series of a single patient with MDD (Wichers et al., 2016). Finding these

tipping points for networks of actual, individual people could prove beneficial for

two reasons. First, knowing that someone′s MDD system is close to tipping from
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FIGURE 3.8. Increasing autocorrelation as an early warning signal in the MDD system with

strong connectivity. The x-axis represents stress while the y-axis represents the average

state: that is, the total number of active symptoms averaged over every 0.20 range of the

stress parameter value. The dashed lines depict the situation where stress is increasing

whereas the solid lines depict the situation where stress is decreasing. The “jump” lines

show the total number of active symptoms (i.e., state), the “autocorrelation” lines track

the autocorrelation between these states over time.

a non-depressed to a depressed state would allow for precisely timed therapeutic

interventions that might prevent such a catastrophic shift. Second, knowing that

someone′s MDD system is close to tipping from a depressed to a healthy state

would offer the opportunity of giving the system a large kick (e.g., electrocon-

vulsive therapy) at exactly the right time so that the system is abruptly kicked

out of a depressed state into a non-depressed state. Hence, knowing the tipping

points of an individual′s network might help in predicting when prevention and

intervention have highest probability of success.
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3.4 Discussion

Throughout this paper we have advocated a view in which direct relations between

symptoms have a crucial role in the pathogenesis of major depressive disorder

(MDD). We have developed a formal dynamic systems model of MDD that was

partly based on empirical data. We have conducted two simulation studies with

the following resulting highlights: 1) strongly connected MDD systems are most

vulnerable to ending up in a depressed state; 2) putting vulnerable networks

under stress results in discontinuous behavior with tipping points and hysteresis

(consistent with a cusp catastrophe model); and 3) these vulnerable networks

display early warning signals right before they tip into a (non-)depressed state.

As such, we offer, to our knowledge, the first intra-individual, symptom-based,

process model with the potential to explain the pathogenesis and maintenance of

major depressive disorder while simultaneously accommodating for well-known

empirical facts such as spontaneous recovery.

Adopting a dynamic systems approach to MDD with symptom-symptom re-

lations as its hallmark has empirical ramifications. For example, we argue that it

might help in understanding mechanisms of change during treatment. For quite a

few existing therapeutic strategies that appear to be at least moderately successful,

mechanisms of change are not completely understood (e.g., cognitive behavioral

therapy, CBT; Butler, Chapman, Forman, & Beck, 2006; D. A. Clark & Beck, 2010).

The apparent success of CBT might be understood as an attempt at reducing

strong connectivity (e.g., by challenging a patient′s irrational assumptions) be-

tween certain symptoms (e.g., between depressed mood and suicidal thoughts),

or even breaking the connections altogether. As another example, a treatment

strategy implied by a dynamic systems perspective is applying a perturbation to

the system itself, which ‘kicks’ the system out of the depressed state (Scheffer et

al., 2009; van Nes & Scheffer, 2007). For example, one could push the activation of

a symptom to such an extreme (e.g., sleep depriving MDD patients with insom-

nia; Hemmeter, Hemmeter-Spernal, & Krieg, 2010) that it forces behavior that

will eventually result in the deactivation of that symptom and/or, due to strong

connectivity, other MDD symptoms.

It is likely that the dynamic systems model we presented reaches beyond

MDD. For example, evidence is mounting in favor of a network perspective for

disorders such as autism (Ruzzano et al., 2014), posttraumatic stress disorder
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(McNally et al., 2015), schizophrenia (Isvoranu, Van Borkulo, et al., 2016) and

substance abuse (Rhemtulla et al., 2016). As such, our dynamic model of MDD

might serve as a starting point for investigating these and other disorders to

which it may apply: if one has an inter-individual symptom-based dataset with an

adequate number of respondents and empirically realistic prevalence rates, our

code (http://aojcramer.com) can be used to run the simulations that we have

reported in this paper.

A question that naturally arises when portraying MDD, or another mental

disorder, as a network of connected symptoms is where these connections come

from. What do they really mean in terms of actual biological/psychological pro-

cesses within a person? Take for example a direct relation between insomnia and

fatigue: it stands to reason that such a direct relation, defined at the symptom level

might be shorthand for events that actually take place in underlying biological

regulatory systems. Alternatively, a connection in a network model might be short-

hand for some (psychological) moderator, for example rumination that possibly

serves as a moderator of the connection between feeling blue and feelings of

worthlessness. The short and honest answer to the question what connections

in a network really mean is that we do not know with any certainty at this point.

A connection between any two symptoms can mean many things and future

network-oriented research will need to tease apart the biological and/or psycho-

logical underpinnings of network connections (Fried & Cramer, in press). While

this may seem to be an important drawback of network modeling of psychopathol-

ogy in general, we note that we generated some well-known empirical features

of MDD without any information about the origins of the connections between

the MDD symptoms whatsoever. That is: understanding a disorder might not

necessarily entail knowing all there is to know about the real-world equivalents of

the parameters of a model.

This paper has some limitations. First of all, for the sake of simplicity there was

no autocatalysis in our model. That is, self-loops between a symptom and itself

were set to 0. It might, however, be theoretically feasible to assume that at least for

some of the symptoms of MDD autocatalysis is in fact true. For example, insomnia

might lead to even more insomnia because of worrying about the difficulties in

falling asleep. Second, we held the thresholds for each symptom constant. In

reality it might be reasonable to assume that individuals in fact differ in these

thresholds. If thresholds are indeed idiosyncratic then the worst case scenario

72

http://aojcramer.com


3.4. DISCUSSION

— in terms of vulnerability — would be the combination of strong connections

between symptoms (dominos standing closely together) and low thresholds (it

takes little to topple one domino). Finally, a useful extension of our model could be

to incorporate the possibility that connectivity changes within a person (Gorban,

Tyukina, Smirnova, & Pokidysheva, 2016; Musmeci, Aste, & Di Matteo, 2014): for

example, it may be defensible to argue that a connection between two symptoms

becomes stronger as these two symptoms are more frequently active within the

same timeframe within a person.

By no means do we claim to have presented a model that, without further

ado, explains all there is to know about MDD. It is, however, high time to start

rethinking our conceptualization of mental disorders in general — and MDD

in particular — and to at least entertain the proposition that “symptoms, not

syndromes [i.e., latent variables] are the way forward” (Fried, 2015).
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C H A P T E R 4

A NEW METHOD FOR CONSTRUCTING NETWORKS FROM BINARY

DATA

Adapted from:

Van Borkulo, C. D., Borsboom, D., Epskamp, S., Blanken, B. W., Bosschloo, L., Schoevers, R. A., &
Waldorp, L. J. (2014). A new method for constructing networks from psychometric data. Scientific Reports
4, 5918; DOI:10.1038/srep05918.
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N
etwork analysis is entering fields where network structures are unknown,

such as psychology and the educational sciences. A crucial step in the

application of network models lies in the assessment of network struc-

ture. Current methods either have serious drawbacks or are only suitable for

Gaussian data. In the present paper, we present a method for assessing network

structures from binary data. Although models for binary data are infamous for

their computational intractability, we present a computationally efficient model

for estimating network structures. The approach, which is based on Ising models

as used in physics, combines logistic regression with model selection based on

a Goodness-of-Fit measure to identify relevant relationships between variables

that define connections in a network. A validation study shows that this method

succeeds in revealing the most relevant features of a network for realistic sample

sizes. We apply our proposed method to estimate the network of depression and

anxiety symptoms from symptom scores of 1108 subjects. Possible extensions of

the model are discussed.

4.1 Introduction

Research on complex networks is growing and statistical possibilities to ana-

lyze network structures have been developed to great success in the past decade

(Barabási, 2011; Barzel & Barabási, 2013; Kitsak et al., 2010; Liu, Slotine, & Barabási,

2011; Vespignani, 2012). Networks are studied in many different scientific dis-

ciplines: from physics and mathematics to the social sciences and biology. Net-

work analysis is also entering into fields where network structures are unknown

and, consequently, poses challenging problems. Examples of fields that recently

adopted the network approach are intelligence, psychopathology, and attitudes

(Borsboom, 2008; Borsboom & Cramer, 2013; Cramer et al., 2010; Schmittmann

et al., 2011; Van Der Maas et al., 2006). Taking psychopathology as an example,

nodes in the network of depression are symptoms and the edges (connections)

indicate whether the symptoms influence each other or not. The structure of such

a network, however, is unknown. Consequently, the network structure has to be

extracted from information in data. The challenging question is how to extract it.

Methods that are currently used to discover the network structure in the field of

psychology are correlations, partial correlations and conditional independencies

(Bickel & Levina, 2008; Borsboom & Cramer, 2013; Friedman et al., 2008; Schäfer
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& Strimmer, 2005). Although such techniques are useful to get a first impression

of the data, they suffer from a number of drawbacks. Correlations and partial

correlations, for example, require assumptions of linearity and normality, which

are rarely satisfied in psychology, and necessarily false for binary data. Algorithms

like the PC-algorithm (Kalisch, Mächler, Colombo, Maathuis, & Bühlmann, 2012;

Spirtes et al., 2001), which can be used to search for causal structure, often assume

that networks are directed and acyclic, which is unlikely in many psychological

cases. Finally, in any of these methods, researchers rely on arbitrary cutoffs to

determine whether a network connection is present or not. A common way to

determine such cutoff-values is through null-hypothesis testing, which often

depends on the arbitrary level of significance of α= .05. In the case of network

analysis, however, one often has to execute a considerable number of significance

tests. One can either ignore this, which will lead to a multiple testing problem, or

deal with it through Bonferonni corrections, (local) false discovery rate, or other

methods (Drton & Perlman, 2007; Efron, 2004; Strimmer, 2008), which will lead to

a loss of power.

For continuous data with multivariate Gaussian distributed observations, the

inverse covariance matrix is a representation of an undirected network (also

called a Markov Random Field; Kindermann & Snell, 1980; Lauritzen, 1996). A

zero entry in the inverse covariance matrix then corresponds to the presence

of conditional independence between the relevant variables, given the other

variables (Speed & Kiiveri, 1986). To find the simplest model that explains the

data as adequately as possible according to the principle of parsimony, different

strategies are investigated to find a sparse approximation of the inverse covariance

matrix. Such a sparse approximation can be obtained by imposing an `1-penalty

(lasso) on the estimation of the inverse covariance matrix (Foygel & Drton, 2010;

Friedman et al., 2008; Ravikumar, Wainwright, Raskutti, Yu, & others, 2011). The

lasso ensures shrinkage of partial correlations and puts others exactly to zero

(Tibshirani, 1996). A different take involves estimating the neighborhood of each

variable individually, as in standard regression with an `1-penalty (Meinshausen

& Bühlmann, 2006), instead of using the inverse covariance matrix. This is an

approximation to the `1-penalized inverse covariance matrix. This Gaussian

approximation method is an interesting alternative: it is computationally efficient

and asymptotically consistent (Meinshausen & Bühlmann, 2006).
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In psychology and educational sciences, variables are often not Gaussian

but discrete. Although discrete Markov Random Fields are infamous for their

computational intractability, we propose a binary equivalent of the Gaussian

approximation method that involves regressions and is computationally efficient

(Ravikumar, Wainwright, & Lafferty, 2010). This method for binary data, which

we describe in more detail in the Methods section, is based on the Ising model

(Ising, 1925; Kindermann & Snell, 1980). In this model, variables can be in either

of two states, and interactions are at most pairwise. The model contains two

node-specific parameters: the interaction parameter β j k , which represents the

strength of the interaction between variable j and k, and the node parameter τ j ,

which represents the autonomous disposition of the variable to take the value

one, regardless of neighboring variables. Put simply, the proposed procedure in

our model estimates these parameters with logistic regressions: iteratively, one

variable is regressed on all others. However, to obtain sparsity, an `1-penalty

is imposed on the regression coefficients. The level of shrinkage depends on

the penalty parameter of the lasso. The penalty parameter has to be selected

carefully, otherwise the lasso will not lead to the true underlying network – the data

generating network (Meinshausen & Bühlmann, 2006). The extended Bayesian

Information Criterion (J. Chen & Chen, 2008) (EBIC) has been shown to lead to the

true network when sample size grows and results in a moderately good positive

selection rate, but performs distinctly better than other measures in having a low

false positive rate (Foygel & Drton, 2014).

Using this approach, we have developed a coherent methodology that we

call eLasso. The methodology is implemented in the freely available R package

IsingFit (http://cran.r-project.org/web/packages/IsingFit/IsingFit
.pdf; for a tutorial on how to use the package, see Appendix A). Using simulated

weighted networks, the present paper studies the performance of this procedure

by investigating to what extent the methodology succeeds in estimating networks

from binary data. We simulate data from different network architectures (i.e., true

networks; see Figures 1a and 1b), and then use the resulting data as input for

eLasso. The network architectures used in this study involve random, scale-free,

and small word networks (Barabási & Albert, 1999; Erdos & Renyi, 1959; Watts

& Strogatz, 1998). In addition, we varied the size of the networks by including

conditions with 10, 20, 30, and 100 nodes, and involve three levels of connectivity

(low, medium, and high). Finally, we varied the sample size between 100, 500,
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FIGURE 4.1. Examples of networks with 30 nodes in the simulation study. (a) Generated

networks. From left to right: random network (probability of an extra connection is

0.1), scale-free network (power of preferential attachment is 1) and small world network

(rewiring probability is 0.1). (b) Weighted versions of (a) that are used to generate data

(true networks). (c) Estimated networks.

1000, and 2000 observations. After applying eLasso, we compare the estimated

networks (Figure 4.1c) to the true networks. We show that eLasso reliably estimates

network structures, and demonstrate the utility of our method by applying it to

psychopathology data.
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4.2 Methods

In this section we briefly explain the newly implemented method eLasso, provide

the algorithm, describe the validation study and the real data we used to show the

utility of eLasso.

4.2.1 eLasso

Let x = (x1, x2, . . . , xn ) be a configuration where xi = 0 or 1. The conditional prob-

ability of X j given all other nodes X\ j according to the Ising model (Loh & Wain-

wright, 2013; Ravikumar et al., 2010) is given by

(4.1) PΘ(x j | x\ j ) =
exp

[
τ j x j +x j

∑
k∈V\ j

β j k xk
]

1+exp
[
τ j +

∑
k∈V\ j

β j k xk
] ,

where τ j and β j k are the node parameter (or threshold) and the pairwise interac-

tion parameter respectively.

In practice, the graph structure of psychological constructs is unknown. There-

fore, the estimation of the unknown graph structure and the corresponding para-

meters is of central importance. By viewing X j as the response variable and all

other variables X\ j as the predictors, we may fit a logistic regression function

to investigate which nodes are part of the neighborhood of the response vari-

able. The intercept τ j of the regression equation is the threshold of the variable,

while the slope β j k of the regression equation is the connection strength between

the relevant nodes. In order to perform the logistic regression, we need multiple

independent observations of the variables.

To establish which of the variables in the data are neighbors of a given variable,

and which are not, we used `1−regularized logistic regression (Meinshausen &

Bühlmann, 2006; Ravikumar et al., 2010). This technique is commonly called

the lasso (least absolute shrinkage and selection operator) and optimizes neigh-

borhood selection in a computationally efficient way, by optimizing the convex
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function

Θ̂
ρ
j =arg minΘ j

{−xi j · (τ j +
∑

k∈V\ j

β j k xi k )+ log(1+exp{τ j +
∑

k∈V\ j

xi kβ j k })+

ρ
∑

k∈V\ j

|β j k |},

(4.2)

in which i represents the independent observations {1,2, ..,n}, Θ̂
ρ
j contains all β j k

and τ j parameters, and ρ is the penalty parameter. The final term with ρ ensures

shrinkage of the regression coefficients (Ravikumar et al., 2010; Tibshirani, 1996).

Parameter τ j can be interpreted as the tendency of the variable to take the value

1, regardless of its neighbors. Parameter β j k represents the interaction strength

between j and k.

The optimization procedure is applied to each variable in turn with all other

variables as predictors. To this end, the R package glmnet can be used (Friedman,

Hastie, & Tibshirani, 2010). The glmnet package uses a range of maximal 100

penalty parameter values. The result is a list of 100 possible neighborhood sets,

some of which may be the same. To choose the best set of neighbors, we used the

EBIC (extended Bayesian Information Criterion; J. Chen & Chen, 2008). The EBIC

is represented as

(4.3) BICγ( j ) =−2`(Θ̂J )+|J | · log(n)+2γ|J | · log(p −1),

in which `(Θ̂ j ) is the log likelihood (see below), |J | is the number of neighbors

selected by logistic regression at a certain penalty parameter ρ, n is the number

of observations, p −1 is the number of covariates (predictors), and γ is a hyperpa-

rameter, determining the strength of prior information on the size of the model

space (Foygel & Drton, 2011). The EBIC has been shown to be consistent for model

selection and to performs best with hyperparameter γ= 0.25 for the Ising model

(Foygel & Drton, 2014). The model with the set of neighbors J that has the lowest

EBIC is selected. From equation (A.5), it follows that the log likelihood of the

conditional probability of X j given its neighbors Xne( j ) over all observations is

(4.4) `(Θ̂ j ) =
n∑

i=1

τ j xi j +
∑

k∈V\ j

β j k xi j xi k − log(1+exp{τ j +
∑

k∈V\ j

xi kβ j k })

 .

At this stage, we have the regression coefficients of the best set of neighbors for

every variable; i.e., we have both β j k and βk j and have to decide whether there
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is an edge between nodes j and k or not. Two rules can be applied to make the

decision: the AND rule, where an edge is present if both estimates are nonzero,

and the OR rule, where an edge is present if at least one of the estimates is nonzero

(Meinshausen & Bühlmann, 2006; Ravikumar et al., 2010).

Although we do have the final edge set by applying one of the rules, note that

for any two variables j and k, we get two results: the result of the regression of j on

k (β j k ), and the result of the regression of k on j (βk j ). To obtain an undirected

graph, the weight of the edge between nodes j and k, ω j k , is defined as the mean

of both regression coefficients β j k and βk j . All steps of the described method

are summarized in the algorithm below and is incorporated in R package IsingFit

(Van Borkulo, Epskamp, & Robitzsch, 2016).

Input data set X for p variables and n subjects

Output (weighted) edge set for all pairs X j and Xk

1. Initialize: Select (randomly) one variable from the set of variables. This is

the dependent variable.

a Perform `1-regularized logistic regression on all other variables (glm-

net uses 100 values of penalty parameter ρ).

b Compute the EBIC for ρ (i.e., each set of neighbors).

c Identify the set of neighbors that yield the lowest EBIC.

d Collect the resulting regression parameters in matrixΘwith τ on the

diagonal and β on the off-diagonal.

e Repeat steps a through d for all p variables.

2. Determine the final edge set by applying the AND rule: if both regression

coefficients β j k and βk j in Θ are nonzero, then there is an edge between

nodes j and k.

3. Average the weights of the regression coefficientsβ j k andβk j . DefineΘ∗ as

the averaged weighted adjacency matrix with thresholds τ on the diagonal.

This is now a symmetric matrix.

4. Create a graph corresponding to the off-diagonal elements of the averaged

weighted adjacency matrixΘ∗. This can be done with qgraph inR (Epskamp

et al., 2012).
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4.2.2 Validation study

We generated data from the three most popular types of network architectures:

random networks, scale-free networks, and small world (clustered) networks

(Barabási & Albert, 1999; Erdos & Renyi, 1959; Watts & Strogatz, 1998). Figure 4.1a

shows illustrative examples of each type of networks. Network sizes were chosen

to be comparable to the most common number of items in symptom checklists

(10, 20, and 30 nodes), but also large networks were included (100 nodes). The

level of connectivity of the networks was chosen to generate sparse networks. For

this reason, in case of random networks, the probability of a connection (Pconn )

between two nodes was set to 0.1, 0.2, and 0.3. For small world networks, the

neighborhood was set to 2, and for scale-free networks only one edge is added

per node at each iteration in the graph generating process. To obtain a wide

variety of well known graph structures, the rewiring probability (Pr ewi r e ) in small

world networks was set to 0.1, 0.5 and 1, and the power of preferential attachment

(Pat t ach ) in scale-free networks was set to 1, 2 and 3. For the condition with 100

nodes, we used different levels of connectivity for random and scale-free networks

(random networks: Pconn = .05, .1, and .15; scale-free networks: Pat t ach = 1, 1.25,

and 1.5). Otherwise, nodes will have too many connections.

The generated networks are binary: all connections have weight 1 or 0. To

create weighted networks, positive weights were assigned from squaring values

from a normal distribution with a mean of 0 and a standard deviation of 1 to obtain

weights in a realistic range. Examples of resulting weighted networks are displayed

in Figure 4.1b. Besides weights, thresholds of the nodes are added. To prevent

nodes with many connections to be continuously activated and consequently

having no variance, thresholds were generated from the normal distribution

between zero and minus the degree of a node.

From the weighted networks with thresholds, data was generated according

to the Ising model by drawing samples using the Metropolis-Hastings algorithm,

implemented in R using the IsingSampler package (Epskamp, 2013; Hastings,

1970; Murray, 2007). Four sample size conditions were chosen that are realistic in

psychology and psychiatry: 100, 500, 1000, and 2000. The generated data were used

to estimate networks with eLasso. Examples of the resulting estimated networks

are displayed in Figure 4.1c.
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This setup led to a 3×4×3×4 quasi-factorial design, with the factors network

type (random, small world, scale-free), level of connectedness, network size (10,

20, 30, 100), and sample size (100, 500, 1000, 2000). Thus, the total simulation

study involved 144 conditions. Each of these conditions was replicated 100 times.

For each condition, the mean correlation between data generating and estimated

parameters, the mean sensitivity, and the mean specificity is computed. These

served as outcome measures, indicating the quality of network recovery. Sensitiv-

ity, or the true positive rate, is defined as SEN = TP/(TP + FN), in which TP is the

number of true positives and FN is the number of false negatives. Specificity, or

the true negative rate, is defined as SPE = TN/(TN + FP), in which TN is the num-

ber of true negatives and FP is the number of false positives. Note that, in order

to compute sensitivity and specificity, the off-diagonal elements of the weighted

adjacency matrixΘ∗ (β j k ), have to be dichotomized.

Since specificity naturally takes on high values for sparse networks, also the

F1 score is computed. For more details about the F1 score and the results, see

Appendix A.

4.2.3 Data description

We used data from the Netherlands Study of Depression and Anxiety (NESDA;

Penninx et al., 2008). This is an ongoing cohort study, designed to examine the

long-term course and consequences of major depression and generalized anxiety

disorder in the adult population (aged 18 - 65 years). At the baseline assessment in

2004, 2981 persons were included. Participants consist of a healthy control group,

people with a history of depressive or anxiety disorder and people with current

depressive and/or anxiety disorder.

To demonstrate eLasso, we selected individuals from NESDA with a current

or history of depressive disorder and healthy controls. To this end, we excluded

everyone with a current or history of anxiety disorder. The resulting data set

contains 1108 participants. To construct a network we used 27 items of the self-

report Inventory of Depressive Symptomatology (Rush et al., 1996) that relates to

symptoms in the week prior to assessment (IDS).

Data were dichotomized in order to allow the application of the Ising model.

Therefore, the four response categories of the IDS items were recoded into 0 and

1. The first response category of each item indicates the absence of the symptom.
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In the case of "feeling sad", the first answering category is "I do not feel sad".

This option is recoded to 0, since it indicates the absence of the symptom. The

other three options ("I feel sad less than half the time", "I feel sad more than half

the time", and "I feel sad nearly all of the time") are recoded to 1, indicating the

presence of the symptom to some extent. Other items are recoded similarly.

Analyzing the dichotomized data with our method and visualizing the results

with the qgraph package for R (Epskamp et al., 2012), results in the network

in Figure 4.3. The layout of the graph is based on the Fruchterman-Reingold

algorithm, which iteratively computes the optimal layout so that nodes with

stronger and/or more connections are placed closer to each other (Fruchterman

& Reingold, 1991). This network conceptualization of depressive symptomatology

might give new insights in issues that are still unexplained in psychology.

4.3 Results

4.3.1 Validation study

The estimated networks show high concordance with the true networks used to

generate the data (Figure 4.2). Average correlations between true and estimated

coefficients are high in all conditions with 500 observations or more (M = .883,

sd = .158, see Table 4.1). In the smallest sample size condition involving only 100

observations, the estimated networks seems to deviate somewhat more from the

true networks, but even in this case the most important connections are recovered

and the average correlation between generating and estimated networks remains

substantial (M = .556, sd = .155). Thus, the overall performance of eLasso is

adequate.

More detailed information about eLasso′s performance is given by sensitivity

and specificity. Sensitivity expresses the proportion of true connections which

are correctly estimated as present, and is also known as the true positive rate.

Specificity corresponds to the proportion of absent connections which are cor-

rectly estimated as zero, and is also known as the true negative rate. It has been

shown that sensitivity and specificity tend to 1 when sample sizes are large enough

(Foygel & Drton, 2011, 2014); the question is for which sample sizes we come close.

Overall, specificity is very close to one across all conditions (M = .990, sd = .014)

with somewhat lower specificity scores for the largest and most dense random
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networks (see Table 4.2). Overall, sensitivity is lower (M = .463, sd = .238) but be-

comes moderate for conditions involving more than 100 observations (M = .568,

sd = .171). The reason that sensitivity is lower than specificity lies in the use of

the penalty function (lasso); to manage the size of the computational problem,

eLasso tends to suppress small but nonzero connections towards zero. Thus, lower

sensitivity values mainly reflect the fact that very weak connections are set to

zero; however, the important connections are almost aways correctly identified.

In addition, the specificity results indicate that there are very few false positives in

the estimated networks; thus, eLasso handles the multiple testing problem very

well. Figure 4.1 nicely illustrates these results: almost all estimated connections in

Figure 4.1c are also present in the generating network depicted in Figure 4.1b (high

specificity), but weaker connections in the original network are underestimated

(low sensitivity).

The above pattern of results, involving adequate network recovery with high

specificity and moderately high sensitivity, is representative for almost all simu-

lated conditions. The only exception to this rule results when the largest random

and scale-free networks (100 nodes) are coupled with the highest level of con-

nectivity. In these cases, the estimated coefficients show poor correlations with

the coefficients of the generating networks, even for conditions involving 2000

observations (.222 and .681, respectively). For random networks, the reason for

this is that the number of connections increases as the level of connectivity in-

creases. For scale-free networks, the number of connections does not increase

with increasing level of connectivity, but it does result in a peculiar arrangement

of network connections, in which one node comes to have disproportionately

many connections. Because eLasso penalizes variables for having more connec-

tions, larger sample sizes are needed to overcome this penalty for these types of

networks.

Although the lower level of sensitivity is partly inherent in the chosen method

to handle the computational size of the problem and the solution to multiple

testing through penalization, it might be desirable in some cases to have a higher

sensitivity at the expense of specificity. In eLasso, sensitivity can generally be

increased in two ways. First, eLasso identifies the set of neighbors for each node

by computing the EBIC (extended BIC; J. Chen & Chen, 2008). EBIC penalizes

solutions that involve more variables and more neighbors. This means that if the

number of variables is high, EBIC tends to favor solutions that assign fewer neigh-
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bors to any given node. In this procedure, a hyperparameter called γ determines

the strength of the extra penalty on the number of neighbors (Foygel & Drton,

2011, 2014). In our main simulation study, we used γ= .25. When γ= 0, no extra

penalty is given for the number of neighbors, which results in a greater number of

estimated connections. Second, we applied the so-called AND-rule to determine

the final edge set. The AND-rule requires both regression coefficients β j k and βk j

(from the `1-regularized logistic regression of X j on Xk and of Xk on X j ) to be

nonzero. Alternatively, the OR-rule can be applied. The OR-rule requires only one

of β j k and βk j to be nonzero, which also results in more estimated connections.

By applying the OR-rule and γ= 0, correlations between true and estimated

coefficients are even higher in all conditions with 500 observations and more (M =
.895, sd = .156; Table 4.1). Sensitivity also improved across all conditions (M =
.584, sd = .221; Table 4.2). With more than 100 observations, average sensitivity is

higher (M = .682, sd = .153). Applying the OR-rule and setting γ= 0 thus indeed

increases the sensitivity of eLasso. As expected, this gain in sensitivity results in a

loss of specificity; however, this loss is slight, as specificity remains high across all

conditions (M = .956, sd = .039; Table 4.2).

Finally, it should be noted that with sparse networks, specificity partly takes on

high values due to the low base rate of connections, since it is based on the number

of true negatives. Therefore, we also investigated another measure, the so-called

F1 score, that is not based on true negatives but on true positives, false positives

and false negatives (Jardine & van Rijsbergen, 1971); as such, it is independent of

the base rate. For most conditions, the trends in the results are comparable. How-

ever, for larger and/or more dense random networks, the proportion of estimated

connections that are not present in the true network is larger. More details about

these results are provided in the online Supplementary Information.

To conclude, eLasso proves to be an adequate method to estimate networks

from binary data. The validation study indicates that, with sample sizes of 500,

1000, and 2000, the estimated network strongly resembles the true network (high

correlations). Specificity is uniformly high across conditions, which means there

is a near absence of false positives among estimated network connections. Sen-

sitivity is moderately high, and increases with sample size. For the most part,

sensitivity is lowered because of weak connections that are incorrectly set to zero;

in these cases, however, eLasso still adequately picks up the most important con-

nectivity structures. For larger networks with either higher connectivity or a higher
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FIGURE 4.2. Mean correlations (vertical axes) of the upper triangles of the weighted adja-

cency matrices of true and estimated networks of 100 simulations with random, scale-free,

and small world networks for sample sizes ssi ze = 100, 500, 1000, and 2000, with num-

ber of nodes nnodes = 10, 20, 30, and 100. We used three levels of connectivity (random

networks: probability of an extra connection Pconn = .1, .2, and .3; scale-free networks:

power of preferential attachment Pat t ach = 1, 2, and 3; small world networks: rewiring

probability of Pr ewi r e = .1, .5, and 1). For the condition with 100 nodes, we used different

levels of connectivity for random and scale-free networks in order to obtain more realistic

networks (random networks: Pconn = .05, .1, and .15; scale-free networks: Pat t ach = 1,

1.25, and 1.5).

level of preferential attachment, sensitivity becomes lower; in these cases, more

observations are needed.

4.3.2 Application to real data

To demonstrate the utility of eLasso, we apply it to a large data set (N = 1108)

containing measurements of depression of healthy controls and patients with

a current or history of depressive disorder. We used 27 items of the Inventory

of Depressive Symptomatology (Rush et al., 1996), which was administered in

the Netherlands Study of Depression and Anxiety (NESDA; Penninx et al., 2008).

Using eLasso, we investigate how individual depression symptoms are related,
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as this may reveal which symptoms are important in the depression network; in

turn, this information may be used to identify targets for intervention in clinical

practice.

The eLasso network for these data is given in Figure 4.3. To analyse the de-

pression network, we focus on the most prominent properties of nodes in a

network: node strength, betweenness, and clustering coefficient (Figure 6.3.3).

Node strength is a measure of the number of connections a node has, weighted

by the eLasso coefficients (Barrat et al., 2004). Betweenness measures how often

a node lies on the shortest path between every combination of two other nodes,

indicating how important the node is in the flow of information through the net-

work (Boccaletti et al., 2006; Opsahl et al., 2010). The local clustering coefficient is

a measure of the degree to which nodes tend to cluster together. It is defined as

how often a node forms a triangle with its direct neighbors, proportional to the

number of potential triangles the relevant node can form with its direct neighbors

(Boccaletti et al., 2006). These measures are indicative of the potential spreading of

activity through the network. As activated symptoms can activate other symptoms,

a more densely connected network facilitates symptom activation. Moreover, we

inspect the community structure of the networks derived from the empirical data,

to identify clusters of symptoms that are especially highly connected.

Figure 4.3 reveals that most cognitive depressive symptoms (e.g., “feeling sad”

[sad], “feeling irritable” [irr], “quality of mood” [qmo], “response of your mood to

good or desired events” [rmo], “concentration problems” [con], and “self criticism

and blame” [sel]) seem to be clustered together. These symptoms also seem to

score moderate to high on at least two out of three centrality measures (Figure

6.3.3). For example, “rmo” has a moderate strength and a very high clustering

coefficient, whereas it has a low betweenness. This indicates that activation in the

network does not easily affect response of mood to positive events (low between-

ness), but that, if the symptom is activated, the cluster will tend to stay infected

because of the high interconnectivity (high clustering coefficient). Another in-

teresting example is “energy level” (ene), which has a high node strength and

betweenness, but a moderate clustering coefficient. Apparently, energy level has

many and/or strong connections (high strength) and lies on many paths between

symptoms (high betweenness), whereas it is not part of a strongly clustered group

of symptoms (moderate clustering coefficient). This symptom is probably more
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FIGURE 4.3. Application of eLasso to real data. The resulting network structure of a group

of healthy controls and people with a current or history of depressive disorder (N =
1108). Cognitive symptoms are displayed as © and thicker edges (connections) represent

stronger associations.

important in passing information through the network, or between other clusters,

and might, therefore, be an interesting target for intervention.

As opposed to cognitive depressive symptoms, most anxiety and somatic

symptoms (e.g., “panic/phobic symptoms” [pan], “aches and pains” [ach], “psy-

chomotor agitation” [agi]) feature low scores on at least two centrality measures.

Apparently, most anxiety and somatic symptoms either are less easily affected

by other activated symptoms, do not tend to stay infected because of low inter-

connectivity (low clustering coefficient), or are less important for transferring

information through the network (low betweenness). This is to be expected, since

participants with a current or history of anxiety disorder are excluded from our

sample. The item “feeling anxious” (anx), however, seems to be an important

exception; feeling anxious does have a high node strength, a relatively high be-

tweenness, and a moderate clustering coefficient. Apparently, feeling anxious

does play an important role in our sample of depressive and healthy persons:
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it can be activated very easily, since a lot of information flows through it (high

betweenness), and, in turn, it can activate many other symptoms because it has

many neighbors (high node strength, moderate clustering). The role of feeling

anxious in our network is in line with high comorbidity levels of anxiety and

depressive disorders found in the literature (Goldberg & Fawcett, 2012; Kessler,

Nelson, McGonagle, Liu, & others, 1996; Schoevers, Beekman, Deeg, Jonker, &

Van Tilburg, 2003). Still, feeling anxious is not a symptom of depression according

to current classifications, even though recent adaptations in DSM-5 propose an

anxiety specifier for patients with mood disorders (American Psychiatric Asso-

ciation, 2013). In line with this, our data suggest that people with a depressive

disorder experience depressive symptoms often also feel anxious, although they

may not have an anxiety disorder. This supports criticisms of the boundaries

between MDD and generalized anxiety, which have been argued to be artificial

(Cramer et al., 2010).

Another interesting feature of networks lies in their organization in community

structures: clusters of nodes that are relatively highly connected. In the present

data, the Walktrap algorithm (Orman & Labatut, 2009; Pons & Latapy, 2006) reveals

a structure involving six communities (see Figure 4.5). The purple cluster contains

mostly negative mood symptoms, such as “feeling sad” (sad) and “feeling irritable”

(irr); the pink cluster contains predominantly positive mood symptoms, such as

“capacity of pleasure” (ple) and “general interest” (int); the green cluster is related

to anxiety and somatic symptoms, such as “anxiety” (anx) and “aches and pains”

(ach); the blue and yellow clusters represent sleeping problems.

4.4 Discussion

eLasso is a computationally efficient method to estimate weighted, undirected

networks from binary data. The present research indicates that the methodology

performs well in situations that are representative for psychology and psychiatry,

with respect to the number of available observations and variables. Network

architectures were adequately recovered across simulation conditions and, insofar

as errors were made, they concerned the suppression of very weak edges to zero.

Thus, eLasso is a viable methodology to estimate network structure in typical

research settings in psychology and psychiatry and fills the gap in estimating

network structures from non-Gaussian data.
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FIGURE 4.4. Three centrality measures of the nodes in the network based on real data.

From left to right: node strength, betweenness, and clustering coefficient. “Hypersomnia”

(hyp) has no clustering coefficient, since it has only one neighbor.
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FIGURE 4.5. Community structure of the network based on real data, detected by the

Walktrap algorithm (Orman & Labatut, 2009; Pons & Latapy, 2006).

Simulations indicated that the edges in the estimated network are nearly

always trustworthy: the probability of including an edge, that is not present in the

generating network, is very small even for small sample sizes. Due to the use of

the lasso, more regression coefficients are set to zero in small sample sizes, which

results in a more conservative estimation of network structure. For larger networks

that are densely connected or that feature one node with a disproportionate

number of connections, more observations are needed to yield a good estimate of

the network. As the sample size grows, more and more true edges are estimated,

in line with the asymptotic consistency of the method.

The model we presented may be extended from its current dichotomous nature

to accommodate ordinal data, which are also prevalent in psychiatric research.

For multinomial data, for example, the Potts model could be used (Wu, 1982).

This model is a generalization of the Ising model with two states to a model with

more than two states. Another straightforward extension of the model involves
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generalization to binary time series data (by conditioning on the previous time

point to render observations independent).
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CHAPTER 4. A METHOD FOR CONSTRUCTING NETWORKS FROM BINARY DATA
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COMPARING NETWORK STRUCTURES ON THREE ASPECTS:
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publication.
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CHAPTER 5. COMPARING NETWORK STRUCTURES ON THREE ASPECTS

N
etwork approaches to psychometric constructs, in which constructs are

modeled in terms of interactions between their constituent factors, have

rapidly gained popularity in psychology. Applications of such network

approaches to various psychological constructs have recently moved from a de-

scriptive stance, in which the goal is to estimate the network structure that per-

tains to a construct, to a more comparative stance, in which the goal is to compare

network structures across populations. However, the statistical tools to do so are

lacking. In this paper, we present the Network Comparison Test (NCT), which

uses permutation testing in order to compare network structures from two inde-

pendent, cross-sectional data sets on invariance of 1) network structure, 2) edge

(connection) strength, and 3) global strength. Performance of NCT is evaluated

in simulations that show NCT to perform well in various circumstances for all

three tests: the Type I error rate is close to the nominal significance level, and

power proves sufficiently high if sample size and difference between networks are

substantial. We illustrate NCT by comparing depression symptom networks of

males and females. Possible extensions of NCT are discussed.

5.1 Introduction

In the past decades, network analysis has rapidly gained popularity as a method

of representing complex relations in large datasets, and has been applied in many

different fields, from physics and engineering to medicine and biology (Barabási,

2011). Recently, network analysis has also entered the field of psychology, where

it has been applied to research on attitudes, intelligence, personality, and psy-

chopathology (Boschloo, Schoevers, Van Borkulo, Borsboom, & Oldehinkel, 2016;

Boschloo et al., 2015; Costantini et al., 2015; Cramer et al., 2010; Dalege et al.,

2016; Schmittmann et al., 2011). In these applications, network modeling has led

to the novel way of representing psychological constructs as complex dynamical

systems of interacting variables (Schmittmann et al., 2011). For example, a major

depressive disorder may emerge from interactions between depression symp-

toms, such as depressed mood, fatigue and concentration problems (Borsboom

& Cramer, 2013; Cramer, van der Sluis, et al., 2012; Schmittmann et al., 2011). In

network approaches, such symptom variables are represented as nodes and their

interactions as edges between nodes.
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5.1. INTRODUCTION

In the network approach, initial research efforts mainly focused on investigat-

ing interaction patterns to reveal potentially important elements in the network

(Boschloo, Schoevers, et al., 2016; Boschloo et al., 2015; Costantini et al., 2015;

Cramer et al., 2010; Dalege et al., 2016; Fried, Bockting, et al., 2015; Kossakowski

et al., 2016; McNally et al., 2015; Robinaugh et al., 2014; Robinaugh & McNally,

2011; Schmittmann et al., 2011). In these studies, the analysis was typically lim-

ited to determining a network structure in a single population. More recently,

however, the focus has shifted from such single population studies to studies

comparing network structures from different populations (Bringmann, Pe, et al.,

2016; Bringmann et al., 2013; Koenders et al., 2015; Pe et al., 2015; Van Borkulo et

al., 2015; Wigman et al., 2015). A comparative study of our own research group

for example showed that the network structure of depression symptoms had a

higher level of overall connectivity in a subpopulation of patients with a poor

prognosis compared to a subpopulation with a good prognosis (Van Borkulo et al.,

2015, see also Chapter 6). Similar comparisons have so far relied mainly on visual

inspection of networks structures (Bringmann, Pe, et al., 2016; Bringmann et al.,

2013; Koenders et al., 2015; Pe et al., 2015; Wigman et al., 2015), since statistical

tests simply have not been available.

Our aim is to fill this gap by developing a statistical testing procedure that

allows a direct comparison of two networks as estimated in different subpopu-

lations. This procedure, which we denote the Network Comparison Test (NCT),

combines advanced methodology for inferring network structures from large

empirical, cross sectional datasets (Epskamp et al., 2012; Van Borkulo et al., 2014)

with permutation testing. We focus on tests designed to evaluate three hypotheses

that are typically relevant in network analysis: (1) invariant network structure, (2)

invariant edge strength, and invariant global strength (3). The first hypothesis,

concerns the structure of the network as a whole, and states that this structure is

completely identical across subpopulations. The second hypothesis zooms in on

the difference in strength of a specific edge of interest. The third hypothesis says

that, although networks may differ in structure, the overall level of connectivity is

equal across groups.

It should be noted that the present contribution is focused on the comparison

of network structures that have to be inferred from data; that is, the network

structures involve relations between variables that have to be estimated from the

data. This means that the relevant networks should be clearly distinguished from,
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e.g., social networks, which pertain to relations between concrete objects (e.g.,

people) rather than variables, and in which connections (e.g., friendships) are

typically treated as observed. In this sense, network approaches in psychometrics

are more closely related to graphical models (Lauritzen, 1996) than to social

networks. Also note that we focus on the situation where network structures are

compared that are inferred from independent, cross-sectional data sets; although

extensions to dependent data and even time series networks are possible, these

are outside the scope of the present paper.

This paper is structured around three main topics. First, we discuss the general

statistical testing framework, including network estimation methods, permutation

testing, and an explanation of the test statistics. Second, we present a simulation

study to examine the performance of NCT under different circumstances. Third,

the utility of the proposed method is illustrated with a real data set. In the discus-

sion, we will propose possible extensions of NCT.

5.2 Network Comparison Test

In this section, we explicate various aspects of NCT. First, we explain the recently

developed network estimation methods that are used to construct the networks

that form the input for NCT. Second, we elaborate on the test statistics that can

be used to test for differences between networks with respect to invariance of

network structure, edge strength, and global strength. Third, the statistical testing

procedure that underlies NCT is explicated. Finally, we discuss the consistency of

the presented test statistics.

5.2.1 Network estimation

Networks relevant to this paper involve connections between variables that are

inferred from data. For this purpose, NCT uses recently developed methodology

to estimate the network structure from one set of measurements of multiple cases

(individuals). The purpose of network modeling in such cases is to determine

the network structure most likely to underlie the data. For example, network

modeling techniques have been applied to depression symptoms as determined

in a community sample (Kessler et al., 2004) or in a sample of depressed patients

(Penninx et al., 2008). An example of such a network is given in Figure 5.1.
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sui

dep

ins

con

int

FIGURE 5.1. Hypothetical network, estimated from measurements of depression symp-

toms of a group of patients. Associations between symptoms are depicted as connections

between symptoms with varying width pertaining to the strength of the associations. Asso-

ciations in this paper are estimated with eLasso, a method that is based on `1-regularized

logistic regressions (Van Borkulo et al., 2014). Abbreviations: int - loss of interest, ins -

insomnia, con - concentration problems, dep - depressed mood, sui - suicidal ideation.

Although NCT is a general method for all types of data and network estima-

tion methods, it is currently implemented for handling networks derived from

continuous and binary data. For continuous data, network estimation can simply

be based on partial correlations, where each partial correlation between two vari-

ables is computed by conditioning on all other variables in the dataset (Epskamp

& Fried, 2016); under the assumption that the data come from a multivariate nor-

mal population density, zeros in the matrix of partial correlations (which equals

the inverse of the correlation matrix) correspond to conditional independence re-

lations between variables, which in turn translate to missing edges in the network

(Koller & Friedman, 2009). For binary data, such computational procedures are

not available because partial correlations of zero do not imply conditional inde-

pendence in binary data. Estimation is, therefore, based on an iterative scheme

that combines logistic regression and model fit evaluation (Van Borkulo et al.,

2014).

Both estimation methods use `1-regularization (Tibshirani, 1996) to reduce the

number of false positives and elegantly bypasses multiple testing problems that

would occur in traditional significance testing (e.g., with only 10 variables, one
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would have to perform 45 (10 x 9/2) significance tests — one for each possible edge

in the network). This procedure has been shown to converge to the true network

that generated the data if assumptions are met (Van Borkulo et al., 2014); that is,

we assume that the data are generated from a network of pairwise, undirected

connections with varying intensities (strengths of the connections in the network),

in which most of the connections are absent (Ravikumar et al., 2010). The level of

sparsity that the method assumes can be adjusted by a so-called hyperparameter

(γ) that controls the strength of the penalization involved in the `1-regularization

procedure; in this paper we set γ to zero to obtain networks with the least sparsity.

5.2.2 Test statistics

To assess the difference between networks, we implement three tests that involve

hypotheses regarding (1) invariant network structure, (2) invariant edge strength,

and (3) invariant global strength.

5.2.2.1 Invariant network structure

The first invariance hypothesis concerns the structure of the network as a whole

and states that this structure is completely identical across subpopulations. For-

mally, the null hypothesis states that all edge weights in A1 are identical to those

in A2 (A1 = A2), in which A1 and A2 are the connection strength matrices of

graphs (networks) G1 and G2, respectively. To test this hypothesis, we use a dis-

tance measure for symmetric n ×n matrices: the maximum or `∞-norm. This

metric is based on element-wise (absolute) differences and focusses on the largest

difference. Let A1i j and A2i j be matrices containing connection strengths be-

tween variables i and j of networks G1 and G2 respectively, in which A1i j is the

connection strength of graph G1 between nodes i and j . The matrix D with dif-

ference scores of all connection strengths contains elements Di j = |A1i j − A2i j |.
The metric of interest is the largest entry in D and is formally defined as

(5.1) M(G1,G2) = max(Di j ).

The test of network structure invariance evaluates the observed value of M in

the data against the reference distribution of M that arises from random permuta-

tion of group membership across cases to test the hypothesis that A1 = A2 in the
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population from which the sample was drawn. This is explained more extensively

in the Procedure section.

5.2.2.2 Invariant edge strength

The second invariance hypothesis zooms in on the difference in strength of a

specific edge to evaluate whether that edge is equally strong across subpopula-

tions. Regarding the difference in strength of a specific edge, we simply used the

(absolute) difference in edge strength between the focal nodes i and j in both

networks:

(5.2) E(βG1
i j ,βG2

i j ) = |ai j |.

Note that this test does not control the family-wise significance level when multi-

ple connections are tested; in this case a Bonferroni-Holm or (local) false discovery

rate correction may be applied to counteract the multiple testing problem (Holm,

1979).

5.2.2.3 Invariant global strength

The third invariance hypothesis states that the overall level of connectivity is

the same across subpopulations. Overall connectivity can be summarized by

global strength and is defined as the weighted absolute sum of all edges in the

network (Opsahl et al., 2010). The distance S, based on global strength, between

two networks G1 and G2 is then formally defined as

(5.3) S(G1,G2) = | ∑
i , j∈V

|A1i j |−
∑

i , j∈V
|A2i j ||.

Here, V is the set of nodes in networks G1 and G2. By randomly permuting the

group membership variable across cases to obtain a reference distribution for

S, we can evaluate the null hypothesis that
∑

i , j∈V |A1i j | =
∑

i , j∈V |A2i j | in the

population.

5.2.3 Procedure

The procedure that implements NCT consists of three steps. The first step is to

estimate the network structure in the different groups using the original, observed

(unpermuted) data, which results in a network structure for each group, and the
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relevant metric is calculated; this metric will function as the test statistic (see

Figure 5.2, step 1). Second, group membership is repeatedly, randomly rearranged

across cases, followed by re-estimation of the networks and calculation of the

accompanying test statistic (Figure 5.2, step 2). This results in a reference distribu-

tion of the test statistic under the relevant null hypothesis. In the third step, the

reference distribution can be used to evaluate the significance of the observed

test of step 1. The p-value equals the proportion of test statistics that are at least

as extreme as the observed test statistic (Figure 5.2, step 3). The method is imple-

mented in R package NetworkComparisonTest (R Development Core Team, 2011;

Van Borkulo, Epskamp, & Milner, 2016).

5.2.4 Power of NCT

For comparing `1-regularized networks, it is difficult to derive a parametric test,

since the network parameters (edge weights) can be highly non-normal (Pötscher

& Leeb, 2009). In this paper, we deal with this by applying non-parametric permu-

tation testing to circumvent the assumption of normality. Permutation tests have

low false positive rates and high true positive rates under many circumstances,

whether the data are identically and independently distributed or not (Good,

2006).

A high true positive rate can be achieved asymptotically under two relatively

mild conditions (Van der Vaart, 1998). The first condition is that there should be a

substantive proportion of edge weights that are independent. Edge weights are

dependent when they belong to the same clique (a completely connected subset

of nodes). When the network is not one clique (e.g., fully connected in which

every node is connected to all other nodes), the true positive rate (power) of our

permutation test still converges to 1. However, the more independent edges, the

faster the power will converge to 1. With the `1-regularized network estimation

methods that we use, networks will be far from fully connected. Therefore, the

first condition is likely to hold. Note that the issue of dependency between edge

weights only applies to the test on invariance of network structure and global

strength. Concerning the test on edge strength invariance, the test statistic in-

volves only one edge. The second condition is that the distribution of the edge

weights is stationary across groups, except for the location. That is, they need to

have the same shape, but can have different means. However, the distribution of
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FIGURE 5.2. Schematic representation of the three steps involved in NCT. Step 1: the net-

work structure is estimated of group A and B using the original, observed (unpermuted)

data, and the metric of interest So is calculated. Step 2: group membership is repeatedly,

randomly rearranged; networks are estimated and metrics Sp are calculated based on

permuted data (‘group A’ and ‘group B’) to create a reference distribution. Step 3: the ob-

served metric So is evaluated against the reference distribution under the null hypothesis

from step 2, which yields the p-value.

edge weights of `1-regularized networks is biased by regularization of the para-

meters that constitute the network (Caner & Kock, 2014; Van de Geer et al., 2014).

The strategy of desparsification removes the bias and yields approximately nor-

mally distributed parameters (Van de Geer et al., 2014). The combination of both

conditions implies that NCT can achieve a high true positive rate asymptotically.
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5.3 Simulation study

We assessed the performance of NCT using simulations designed to evaluate the

three invariance tests on network structure, edge strength, and global strength. In

this section, we first explain how the simulation study was set up, followed by the

results.

5.3.1 Setup of simulation study

We generated random networks in which nodes are connected by randomly

adding edges with varying probabilities, thereby creating networks with vary-

ing densities (Erdos & Renyi, 1959). We chose a fixed network size of 36, striking a

balance between tractability and representativeness for typical network applica-

tions to psychological symptom questionnaires. As the null hypothesis assumes

that structures are completely identical across subpopulations (i.e., both groups

have the same data-generating mechanism), we simply copied the resulting net-

work to obtain the network for the second group. Weights are assigned to the

edges in a realistic range by using squared values from a normal distribution

(Van Borkulo et al., 2014). These simulated networks are called the true networks.

To assess performance under the null hypothesis, two binary datasets were

generated from identical networks. To assess performance under the alternative

hypothesis (i.e., the network structures differ), the network was altered in one of

the groups. This was done in two different ways, pertaining to the specific test

under investigation in the relevant simulation. For the tests of network structure

and edge strength invariance, the edge with the highest strength in one network

was changed in the second network by lowering the weight with 50% and 100%

(i.e., in the latter condition the relevant edge was set to zero; see Figure 5.3 for

examples of these simulated networks). For the test of overall connectivity (global

strength), the density was lowered in the copied network by cutting a percentage

(25% and 50%) of edges (examples not shown here).

Binary data was simulated with various sample sizes that are realistic in psy-

chology and psychiatry (250, 400, and 700 cases for each group) using the R
package IsingSampler (Epskamp, 2013). As sample sizes of groups are not always

similar in real data sets, we simulated both equal-sized and unequal-sized groups.

In the latter condition, one group has the original sample size (250, 400, or 700
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FIGURE 5.3. Examples of networks used in the simulation study to assess performance

of the tests on invariance of network structure, an individual edge, and global strength.

A random network with 36 nodes was simulated with a probability of an edge of .05 (a).

This network was used to simulate data of the first group. For the second group, data was

simulated under three conditions: using an exact copy of the network of the first group

(b, left panel), using a copy in which the edge with the highest strength (blue edge) was

halved (b, middle panel), and using a copy in which the edge with the highest strength

(blue edge) was set to 0 (b, right panel). Thickness of the edges represents the weights.

cases) and the other group has 1.5 times that sample size (375, 600, 1050 cases). To

investigate whether it matters whether an edge weight is lowered (or a percentage

of connections is cut) in the group with the largest or the smallest sample size, we

simulated both scenarios.

The resulting setup is a 3×3×3×2×2 factorial design, in which the manipulated

factors are (a) density (probability of an edge .05, .1, or .2), (b) level of difference

(lowering an edge by 0%, 50%, or 100% or by cutting 0%, 25%, or 50% of the edges),

(c) sample size (250, 400, 700), (d) equality of sample size (1 or 1.5 times the

original sample size), and (e) balancing condition (i.e., whether the network of the

smallest or the largest group is cut or lowered). Consequently, the simulation study

involved 108 conditions, which were replicated 100 times each. Each condition

thus resulted in 100 p-values from which the probability of rejecting the null

hypothesis (proportion of p ≤ .05) was calculated. For conditions under the null
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hypothesis (there is no difference), this results in the Type I error, whereas for

conditions under the alternative hypothesis (there is a difference) this results in

the statistical power of the test.

5.3.2 Results

Performance of NCT was evaluated in terms of Type I error control and statistical

power. Results are discussed for each of the three test statistics of NCT.

5.3.2.1 Network structure

NCT adequately retained the null hypothesis in simulations under the null hypo-

thesis (Figure 5.4a, left panel); the Type I error rate (actual alpha) was accurately

low (M = .058, SD = .019) across all conditions pertaining to the null hypothe-

sis. When the edge with the highest strength was lowered in one of the identical

networks to half of the original strength (Figure 5.4a, middle panel), the average

statistical power was moderate across conditions (M = .55, SD = .14). With higher

sample size (N = 700), power increased (M = .69, SD = .24). When the strongest

edge was lowered to zero in one of the identical networks, inducing a maximal

possible difference (Figure 5.4a, right panel), the average statistical power was

high across conditions (M = .85, SD = .17).

Zooming in on the specific conditions revealed that, as would be expected,

power increased with increasing sample size. In addition, power was highest for

less densely connected networks. Moreover, the equality of sample size conditions

showed that, when the strongest edge is lowered by 50% (Figure 5.4a, middle

panel), it mattered whether groups were equal or unequal-sized. On average,

results indicate that the power was more or less similar when groups are equal-

sized (M = .50, SD = .25; solid and dotted lines) or when the strongest edge was

lowered in the largest group (M = .46, SD = .22; dashed lines). However, when

the strongest edge was lowered in the smallest group, average power was higher

(M = .60, SD = .21; dotted lines). This effect was also present when the strongest

edge was lowered by 100% (Figure 5.4a, right panel). On average, power was

similar when groups were equal-sized (M = .84, SD = .18; solid lines) or when the

strongest edge was lowered in the largest group (M = .81, SD = .21; dashed lines).

But when the strongest edge was lowered in the smallest group, average power

was higher (M = .89, SD = .13; dotted lines).
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(a) Network invariance

FIGURE 5.4. Proportion of p-values <.05 when performing the tests on invariance of (a)

network structure, (b) an individual edge, and (c) global strength test with NCT. The

x-axes display sample size, whereas the y-axes displays proportion of p-values ≤ .05. All

three tests were applied on simulated data under the null hypothesis of no difference

(left panels) and under the alternative hypotheses that there is a difference to a certain

degree (middle and right panels for increasing levels of difference). Data was simulated

from networks with different levels of connectivity (probability of a connection .05, .1,

and .2; green, blue, and red, respectively) and with equal (solid lines) and unequal sample

sizes. Simulations with unequal sample sizes were balanced for simulations under the

alternative hypotheses (a dashed line when edges were altered in the smallest group and

a dotted line when edges were altered in the largest group); this was not necessary under

the null hypothesis, since no edges were altered.
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5.3.2.2 Edge strength

For the individual edge strength test, NCT proved slightly too liberal in simu-

lations under the null hypothesis (Figure 5.4b left panel): average Type I error

was somewhat increased (M = .062, SD = .028) relative to the network structure

invariance test. When the edge with the highest strength was lowered by 50% in

one of the identical networks (Figure 5.4b middle panel), average statistical power

was high (M = .83, SD = .13). When the strongest edge was lowered to zero in

one of the identical networks (Figure 4b right panel), the test on invariance of

edge strength almost never failed in any of the simulation scenarios (M = .99,

SD = .017), even at the lowest sample size.

Zooming in on the specific conditions revealed that power increased with

increasing sample size and that power was highest for less densely connected

networks. Moreover, the different sample size conditions showed that, when

the strongest edge was lowered by 50% (Figure 5.4b middle panel), it mattered

whether groups were equal or unequal-sized. On average, results indicated that

the power was similar when groups were equal-sized (M = .80, SD = .15) or when

the strongest edge was lowered in the largest group (M = .79, SD = .15; dashed

lines). However, when the strongest edge was lowered in the smallest group,

average power was higher (M = .89, SD = .09; dotted lines). This effect worn off

when the strongest edge was lowered by 100% (Figure 5.4b right panel), since all

conditions had very high power.

5.3.2.3 Global strength

NCT adequately controlled Type I errors in simulations pertaining to the null

hypothesis (Figure 5.4c); on average, the Type I error (actual alpha) was accurately

low (M = .058, SD = .029). For simulations in which the density in one network

was lowered by 25% (Figure 5.4c middle panel), average statistical power was

moderate (M = .55, SD = .14). When the density was lowered by 50% (Figure 5.4c

right panel), average statistical power was high (M = .88, SD = .10).

Zooming in on the specific conditions revealed that power increased with

increasing sample size and that power was highest for the most densely connected

networks. Note that this is opposite to the other two metrics, in which power was

highest for less densely connected networks. The different sample size conditions

revealed that, when the density in one network was lowered by 25% (Figure 5.4c
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middle panel), power was lowest when density was lowered in the largest group

(M = .44, SD = .14). When density was lowered in the smallest group or when

groups were equal, power was similar (M = .60, SD = .09, and M = .62, SD = .13,

respectively). When the density in one network was lowered by 50% (Figure 5.4c

right panel), the average power was high regardless of equal or unequal-sized

groups.

Overall, the global density test had more power for more densely connected

networks (red lines in Figure 5.4c). Note that this is opposite to the results of

the two other metrics, in which power was highest for less densely connected

networks.

To conclude, simulations indicated that the three tests in NCT performed well

in the scenarios considered in this paper. Tests on invariance of network structure

and global strength showed a Type I error close to the nominal level (α = .05)

and power increased to high (> .8) when the focal difference between networks

increased and/or when sample size was large enough. The test on invariance of

an individual edge showed high power, but a slightly elevated Type I error rate;

researchers using this test may want to choose a somewhat stricter significance

level to accommodate this.

5.3.3 Application to real data

To illustrate the utility of NCT, we used the procedure to evaluate the possible

difference in the network structure of depressive symptoms in male versus female

depressive patients. It has been shown that, although the prevalence of major

depression is higher among women compared to men (Kessler, 2003; Nolen-

Hoeksema, 1987), the clinical gender-related differences in depressed patients are

limited (Boschloo et al., 2014, 2012; Schuch, Roest, Nolen, Penninx, & de Jonge,

2014). Consequently, with the conception of depression as a network of the symp-

toms in mind, one could hypothesize that the network of depression symptoms of

men and women are overall similar. At a local level, however, one might expect dif-

ferences in connection strengths. Since men with major depression are known to

have a higher suicide risk (Hawton, Casañas i Comabella, Haw, & Saunders, 2013),

the symptom of suicidal ideation could be expected to have different connections

in the networks of men and women.

111



CHAPTER 5. COMPARING NETWORK STRUCTURES ON THREE ASPECTS

5.3.4 Real data

Data were derived from the baseline measurement of the Netherlands Study of De-

pression and Anxiety (Penninx et al., 2008). For the current analyses, we selected

data of men (N = 351) and women (N = 709) with a past-year major depressive

disorder (assessed with the Composite Interview Diagnostic Instrument; Wittchen,

1994). To estimate the network structures, we used scores on 11 DSM-IV criteria

pertaining to Major Depressive Disorder (American Psychiatric Association, 2013)

as assessed with matching items of the Inventory of Depressive Symptomatology

(Rush et al., 1996) and previously described in Van Borkulo et al. (2015).

The criteria, on which the network was based, were originally scored from

0 (not applicable) to 3 (very applicable). Since we focused the simulation study

on binary data, these scores were dichotomized. This allowed us to interpret the

findings with the real data, and the resulting network, in the light of the simulation

study. A score of 0 was interpreted as the absence of a criterion (i.e., a zero in the

rescored binary data set), whereas a score of 1 to 3 was interpreted as the presence

of a criterion (i.e., a one in the rescored binary data set).

Network structures for male and female patients were estimated with the

eLasso procedure in which γ was set to 0 and the AND-rule was applied

(Van Borkulo et al., 2014). For NCT, 1000 permutations were performed.

5.3.5 Results

From Figure 5.5 it is hard to tell whether the networks of male and female patients

differ. Visually, they seem equally densely connected, with some connections

stronger in the network for males and some connections stronger in the network

for females. The test on network structure invariance revealed that the difference

between the network structures is not significant (M = 1.167, p = .251). When the

network structure is found to be invariant, there is no reason to pursue further

testing of specific edges. In fact, this can lead to an increased Type I error. There-

fore, we did not test edges between suicidal ideation and other symptoms. The test

on invariance of global strength also revealed no difference (S = .618, p = .909).

Therefore, as expected, the null hypothesis cannot be rejected; networks of de-

pressed men and women are similar. Repeated subsampling (100 times) from the

larger group of women revealed that the difference was significant in only 1 and

2% for network structure invariance and global strength invariance, respectively.
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FIGURE 5.5. Networks of female (left panel; N = 709) and male patients (right panel; N =
351). Connection strengths vary from -.66 (between hyp and ins in women′s network)

to 1.97 (between sui and int in men′s network). Abbreviations: dep indicates depressed

mood; int, loss of interest or pleasure; wap, weight/appetite change; ins, insomnia; hyp,

hypersomnia; agi, psychomotor agitation; ret, psychomotor retardation; ene, fatigue or

loss of energy; gui, feeling guilty; con, concentration/decision making; sui, suicidality.

5.4 Discussion

NCT is a novel method to directly test for differences between networks of two

independent, cross-sectional data sets. The present study shows that the method

performs well under a range of realistic circumstances. Type I error is consistently

close to the nominal level (α= .05) and power is good (> .8) when the differences

with respect to the three measures is substantive and/or the sample size is large

enough (i.e., relative to the number of variables in the network). Thus, NCT is

a viable method to statistically test for several types of differences in various re-

search settings and fills the gap in comparing network structures of psychological

constructs.

Simulations indicate three caveats to take into account. First, the edge strength

invariance test seems to have a slightly elevated type I error. Researchers may want

to choose a somewhat stricter significance level than .05 to deal with this issue.

Second, for the network structure invariance and the edge strength invariance

test, power is higher for less densely connected networks. For the global strength

invariance test, however, this is reversed: power is higher for more densely con-

nected networks. Third, for all metrics, it matters whether the largest (or smallest)

group has lowest (or highest) density or connection strength. When the largest

group has the lowest density or connection strength, power is lowest. This effect
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could be due to the network estimation method as sample size is involved in the

penalty of `1-regularized estimation methods. Researchers that have unequal-

sized groups may want to use (repeated) subsampling from the largest group to

avoid that sample size differences bias results.

Although NCT is suited for both binary and continuous data, we performed this

validation study only with binary data. These results, however, are also applicable

to continuous (Gaussian) data; when the number of nodes and sample sizes are

equal, performance of NCT with continuous data is at least similar to performance

with binary data (Raskutti, Wainwright, & Yu, 2010). The simulation results carry

over to networks with other than binary variables, because the test statistic is

obtained from the edges; if these are accurately estimated, the NCT will have good

properties.

An alternative strategy to compare network structures that are estimated with

`1-regularization, which we did not apply here, involves desparsification. This

boils down to removing the bias that is introduced by regularization of the para-

meters that constitute the network (Caner & Kock, 2014; Van de Geer et al., 2014).

This strategy is assumed to yield normally distributed parameters that allows for

parametric testing. However, since it is not clear under what circumstances para-

meters indeed are normally distributed, we chose non-parametric permutation

testing for comparing networks, to circumvent the assumption of normality.

The presented methodology may be extended in at least three ways. The first

extension involves the incorporation of other measures of difference between

networks. Currently, NCT tests the invariance of three different aspects (net-

work structure, edge strength, and global strength), but other aspects could be

evaluated. For example, differences in characteristic path length and the global

clustering coefficient could be tested; the first measures the average length of all

shortest paths between any two nodes (Watts & Strogatz, 1998) and the second

measures the proportion of triplets (three nodes connected by two connections)

which are closed by a third connection (Opsahl, 2013). On a local (node) level,

node centrality measures can give an indication of the importance of nodes in

a network. It may be interesting to test whether a specific node has a significant

higher score on a certain centrality measure in one group compared to the other.

An example of a node centrality measure is betweenness, which measures the

degree to which a node (variable) in the network serves as a bridge between dif-
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ferent parts in the network. This measure reflects the degree to which the node

can control the information flow through the network (Freeman, 1979).

The second extension is to accommodate NCT to the analysis of dependent

data. Often, researchers want to compare a group of participants before and

after manipulation of an independent variable (e.g., treatment). This requires

a different way of permuting the data. If we take pre- and post-treatment data

(measurements of symptoms) as an example, the null hypothesis would be that

the network structure (or an individual edge or global strength) before treatment

is the same after treatment. If the null hypothesis were true, one would expect

that shuffling the label of pre- and post-measurements within a single person

does not affect results. Related to this extension is one that allows for intensive

longitudinal data, gathered according to the Experience Sampling Method (Myin-

Germeys et al., 2009) of groups of individuals. Group-level networks that display

the temporal dynamics of two groups of individuals could also be compared by,

again, randomly shuffling group labels (Klippel et al., 2017). Since group-level

networks are similar under the null hypothesis, group membership would not

matter. Further research may evaluate whether NCT works in these situations.

Finally, a third extension could be to allow for mixed type variables. Often,

data sets are neither strictly binary nor strictly continuous and even may contain

categorical variables. One can transform the data to obtain Gaussian or binary

variables, but this can lead to unwanted loss of information. Recently, a network

estimation method is developed that can handle data with different types of

variables that could very well be implemented in NCT (Haslbeck & Waldorp,

2015).

As comparing networks in the field of psychology is becoming more and

more popular, NCT seems a valuable tool to do so in a more substantive way.

Researchers can now statistically compare networks of two independent groups

with a simple but effective permutation test on three different aspects of differ-

ences between networks.

115





C H A P T E R 6

ASSOCIATION OF SYMPTOM NETWORK STRUCTURE WITH THE

COURSE OF DEPRESSION

Adapted from:

Van Borkulo, C. D., Boschloo, L., Borsboom, D., Penninx, B.W.J.H., & Schoevers, R.A. (2015). As-
sociation of symptom network structure and the course of depression. JAMA Psychiatry, 72 (12),
1219-1226.
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M
ajor depressive disorder (MDD) is a heterogeneous condition in terms

of symptoms, course, and underlying disease mechanisms. Current

classifications do not adequately address this complexity. In novel net-

work approaches to psychopathology, psychiatric disorders are conceptualized as

complex dynamic systems of mutually interacting symptoms. This perspective

implies that a more densely connected network of symptoms is indicative of a

poorer prognosis, but, to date, no previous study has examined whether network

structure is indeed associated with the course of MDD. In this study, we examined

whether the baseline network structure of MDD symptoms is associated with the

course of MDD.

In this prospective study, in which remittent and persistent MDD was defined

on the basis of a follow-up assessment after 2 years, 515 patients from the Nether-

lands Study of Depression and Anxiety with past-year MDD (established with the

Composite International Diagnostic Interview) and at least moderate depressive

symptoms (assessed with the Inventory of Depressive Symptomatology [IDS]) at

baseline were studied. Baseline starting and ending dates were September 1, 2004,

through February 28, 2007. Follow-up starting and ending dates were September 1,

2006, through February 28, 2009. Analysis was conducted August 2015. The MDD

was considered persistent if patients had at least moderate depressive symptoms

(IDS) at 2-year follow-up; otherwise, the MDD was considered remitted.

Sparse network structures of baseline MDD symptoms assessed via IDS were

computed. Global and local connectivity of network structures were compared

across persisters and remitters using a permutation test. Among the 515 patients,

335 (65.1%) were female, mean (SD) age was 40.9 (12.1) years, and 253 (49.1%)

had persistent MDD at 2-year follow-up. Persisters (n = 253) had a higher baseline

IDS sum score than remitters (n = 262) (mean [SD] score, 40.2 [8.9] vs 35.1 [7.1];

the test statistic for the difference in IDS sum score was 22 027; P < .001). The

test statistic for the difference in network connectivity was 1.79 (P = .01) for

the original data, 1.55 for data matched on IDS sum score (P = .04), and 1.65

for partialed out data (P = .02). At the symptom level, fatigue or loss of energy

and feeling guilty had the largest difference in importance in persisters′ network

compared with that of remitters (Cohen′s d = 1.13 and 1.18, respectively).

This study reports that symptom networks of patients with MDD are related

to the course of MDD: persisters exhibited a more densely connected network at
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baseline than remitters. More pronounced associations between symptoms may

be an important determinant of persistence in MDD.

6.1 Introduction

Although major depressive disorder (MDD) has been intensively investigated in

various scientific fields (eg, in genetic, biological, and clinical research), impair-

ment has barely decreased for patients (Wichers, 2014). In addition, the large

differences across patients with MDD in symptoms, disease origin, and treatment

response are still not well understood. This limited extent of scientific progress

may be related to the fundamental issue of what psychiatric disorders actually are

(Borsboom, 2008; Insel et al., 2010; Kendler et al., 2011). Depressive symptoms

have traditionally been assumed to arise from a common cause, analogous to

classic physical disease models. However, psychometric assumptions underlying

the common cause model may not be justified when studying psychopathology

(Fried, 2015). This model, for example, implies that symptoms are psychometri-

cally interchangeable (Borsboom, 2008; Cramer et al., 2010), and, consequently,

summing symptoms to establish an MDD diagnosis, as in current classification

systems, would be an efficient way of reducing measurement error (Lord, Novick,

& Birnbaum, 1968). Rather than measurement error, the overt heterogeneity in

symptom patterns for MDD appears to be a very real phenomenon (L. Chen,

Eaton, Gallo, & Nestadt, 2000; Fried, Nesse, Zivin, Guille, & Sen, 2014; Fried &

Nesse, 2014; Holtzheimer & Mayberg, 2011; Østergaard, Jensen, & Bech, 2011):

MDD symptoms are associated with different risk factors (Fried, Nesse, et al.,

2014), different patterns of comorbidity (Lux & Kendler, 2010), and different levels

of impairment (Fried & Nesse, 2014). These findings suggest that the assumption

of interchangeability of symptoms is violated; therefore, different perspectives

have been pursued to explain the heterogeneity of MDD (Lamers et al., 2013;

Van Loo, De Jonge, Romeijn, Kessler, & Schoevers, 2012; Vogelzangs et al., 2012).

One recently proposed alternative is based on network models, in which disor-

ders are conceptualized as complex dynamic systems of interacting symptoms

(Boschloo et al., 2015; Cramer, van der Sluis, et al., 2012; Cramer et al., 2010;

Kendler et al., 2011). This implies, for instance, that a person may experience

sadness after a causal chain of feelings and emotions triggered by a stressful life

event: insomnia leads to concentration problems to feeling worthless to feeling
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sad to insomnia. Thus, in the network view, feedback loops may lead to circles of

symptom coevolution, which can ultimately culminate in full-blown MDD. Sup-

port for this theoretical framework has come from, for example, intraindividual

analyses revealing interactions among different mood states, in accordance with

the idea that these form network structures (aan het Rot et al., 2012; Bringmann

et al., 2013; Wichers, 2014). In addition, clinical experts view psychopathology as

a system of causal relations where some symptoms play a more central role than

others (Borsboom & Cramer, 2013; Kim & Ahn, 2002). An advantage of the network

approach is that it, in contrast to the traditional common cause model, naturally

accommodates the unique role of individual symptoms and their differences in

risk factors and consequences (Cramer, Borsboom, et al., 2012; Fried, Nesse, et

al., 2014; M. C. Keller, Neale, & Kendler, 2007; M. C. Keller & Nesse, 2005, 2006).

This perspective accords well with recent advances in medicine and biology that

indicate that physical diseases can be similarly analyzed as complex networks of

factors that can contribute to the disease (Barabási, 2011; Schadt & Björkegren,

2012).

According to network approaches, more strongly connected networks will

feature stronger feedback among their symptoms and may thus be related to a

higher level of vulnerability to MDD and less positive prospects for recovery from

MDD. If this is correct, we should expect symptoms to be more strongly connected

in groups that have worse prognosis. This hypothesis may be investigated by

examining patterns of symptom co-occurrence across cases, which can be used

to construct an estimate of the (undirected) symptom network (the so-called

Markov random field; Kindermann & Snell, 1980; Lauritzen, 1996). Assuming

that individuals′ response patterns are realizations of a relatively homogeneous

network structure, a stronger connection between 2 symptoms in the Markov

random field indicates that symptoms tend to align their states more strongly

while controlling for the value of the other variables in the network. This alignment

may arise from a variety of causal and homeostatic mechanisms, which may

be directional or bidirectional, so that connections in the Markov random field

network can be viewed as a causal skeleton that encodes the existence but not the

direction of putative causal relations in the population.

This study is the first, to our knowledge, to examine group-level differences in

baseline network connectivity between patients with persistent vs remitted MDD

at 2-year follow-up. Overall network connectivity is compared using the recently
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developed Network Comparison Test (NCT; Van Borkulo, Epskamp, & Milner,

2016). In addition, local connectivity of individual symptoms in the networks is

compared using 4 centrality measures (node strength, closeness, betweenness,

and eigenvector centrality; Barrat et al., 2004; Boccaletti et al., 2006; Bonacich,

1987; Opsahl et al., 2010). Because centrality measures reveal how well connected

each symptom is, they may identify symptoms that play an important role in the

prognosis of MDD and thus suggest valuable targets for treatment.

6.2 Methods

6.2.1 Study Sample

Participants were selected from the Netherlands Study of Depression and Anxiety,

an ongoing longitudinal cohort study designed to examine the long-term course

and consequences of depressive and anxiety disorders in the adult population

(aged 18-65 years; Penninx et al., 2008). Participants were recruited from the

community (564 [18.9%]), general practice (1610 [54.0%]), and secondary mental

health care (807 [27.1%]). Baseline starting and ending dates were September

1, 2004, through February 28, 2007. Follow-up starting and ending dates were

September 1, 2006, through February 28, 2009. Baseline assessment included

2981 participants, consisting of people with current or a history of depressive

and/or anxiety disorders, and a healthy control group. The medical ethics boards

of the participating centers approved the study, and all participants signed written

informed consent.

6.2.2 Persistence of MDD at Follow-up

We selected 585 participants with past-year MDD and at least moderate depressive

symptoms at baseline. An MDD diagnosis (DSM-IV-TR) was assessed using the

Composite Interview Diagnostic Instrument (CIDI; Wittchen, 1994). Severity of

depressive symptoms in the week before baseline was measured with the 30-

item, self-report Inventory of Depressive Symptomatology (IDS Rush et al., 1996)

and was considered moderate for scores exceeding 25 (standard cut-off point;

Rush et al., 1996). Persistence of MDD was defined as having at least moderate

depressive symptoms (IDS score >25) at 2-year follow-up. The number of patients
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with a past 6-month diagnosis at baseline (241 [95.3%] vs 247 [94.3%], χ1 = 0.091,

P = .77) or a past month diagnosis at baseline (204 [80.6%] vs 195 [74.4%], χ1 =

2.495, P = .11) was comparable in persisters vs remitters. Seventy patients (12.0%)

had missing data at follow-up and were excluded for further analyses. Included

patients (n = 515) had lower IDS sum scores at baseline than excluded patients

(mean [SD], 37.6 [8.4] vs 39.8 [S8.2]; W = 21109; P = .02), whereas sex (335 [65.1%]

female vs 180 [71.4%], χ1 = 0.85, P = .36) and age (mean [SD], 40.9 [12.1] vs 43.6

[11.5]; t90.98 = 1.85; P = .07) were not related to inclusion.

6.2.3 Baseline DSM-IV Symptoms of MDD

Nine DSM-IV-TR criteria of MDD (American Psychiatric Association, 2000) were

assessed at baseline with separate items of the IDS (Table 6.1) scored from 0

to 3. We disaggregated criteria where possible. As such, the criteria change in

sleep and change in activity were disaggregated into an increase or a decrease.

Criterion change in weight/appetite was retained as an aggregated symptom;

participants were instructed to report either decreased or increased appetite,

leading to perfectly negatively correlated variables. Because these associations are

inherently different in nature (logical) than other associations (potentially causal),

we did not include them in the network. The criteria change in weight/appetite

and insomnia were therefore composed from multiple items by computing the

mean score.

6.2.4 Statistical Analysis

6.2.4.1 General Differences

A Wilcoxon rank sum test for ordinal data was performed to test differences in

baseline IDS sum scores and item scores of persisters and remitters. The signifi-

cance level for all analyses was α= .05.

6.2.4.2 Network Estimation

Network structures of baseline MDD symptoms were estimated separately for per-

sisters and remitters using `1-regularized partial correlations among symptoms

(Friedman et al., 2008; Tibshirani, 1996). Partial rather than zero-order correlations

are used because, assuming that depressive symptoms arise from a limited set of
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TABLE 6.1. Mapping of Items of the IDS to DSM-IV Criteria. Abbreviation: IDS, Inventory of

Depressive Symptomatology.

direct (pairwise) interactions among symptoms, observed correlations might have

been indirect (spurious). In such cases, a partial correlation network is known to

recover the causal skeleton of the network whereas a correlation network does

not. `1-regularization is used to find the optimal balance between parsimony

and goodness of fit of the network and to circumvent multiple testing problems

that arise in conventional significance testing because a network of 11 variables

would require 55 (11×10/2) significance tests. If the data are indeed a realization

of a sparse network of pairwise interactions, this procedure converges to the true

network (Foygel & Drton, 2011). For completeness, however, networks based on

Pearson correlations and partial correlations were also estimated. Model selection

with `1-regularization is performed with the extended Bayesian information crite-

rion (J. Chen & Chen, 2008). This procedure yields accurate network estimations

(Foygel & Drton, 2010; Van Borkulo et al., 2014) and is implemented in R-package

qgraph (Epskamp et al., 2012). The extension of the Bayesian information criterion

encompasses a hyperparameter γ, which is assigned the number zero (see Section

B.1 and Figure B.1 in Appendix B for the influence of γ on network estimation).
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6.2.4.3 Differences in Overall Connectivity

The overall connectivity (or global strength) of the networks, defined as the

weighted sum of the absolute connections (Barrat et al., 2004), is determined

for persisters and remitters. Statistical assessment of the difference in overall con-

nectivity between networks of both groups was performed using the NCT, which

is implemented in the R-package NCT (Van Borkulo, Epskamp, & Milner, 2016).

The NCT is a 2-tailed permutation test in which the difference between 2 groups

(persisters and remitters) is calculated repeatedly (100 000 times) for randomly

regrouped individuals. This results in a distribution under the null hypothesis

(assuming that both groups are equal), which can be used to test the observed

difference between the empirical groups. The observed difference is considered

significant at the threshold of .05.

6.2.4.4 Controlling for Baseline Severity

Two additional analyses were performed to control for baseline differences in

severity. First, groups were matched on IDS sum score. Second, groups were

matched by regressing (or partialing) out general level of functioning as an indica-

tor of severity — measured by the World Health Organization Disability Assess-

ment Schedule II (WHODAS II; Chwastiak & Von Korff, 2003). For more detailed

information on these analyses and a more general discussion on severity as a

confounder, see Section B.2, Figure B.2 and B.3 (Appendix B).

6.2.4.5 Differences in Local Connectivity

To reveal which symptoms play an important role in activating (or being activated

by) other symptoms, those that occupy critical positions in the network have to

be identified. Differences in importance of specific symptoms may be quantified

by computing the 4 best-known local (ie, node specific) centrality measures:

node strength, closeness, betweenness, and eigenvector centrality (Barrat et al.,

2004; Boccaletti et al., 2006; Bonacich, 1987; Opsahl et al., 2010). Node strength

measures the weighted number of connections of a focal node and thereby the

degree to which that node is involved in the network (Barrat et al., 2004). This

measure, however, only considers the local structure of the focal node (Opsahl et

al., 2010). Closeness also takes the global structure of the network into account

because it measures how close the focal node is to other nodes; it is inversely
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proportional to the mean shortest distance to all other nodes (Boccaletti et al.,

2006). Betweenness measures the degree to which the central node acts as a bridge

that connects different parts of the network and may reflect the degree to which

the node can assert control over information flow through the network (Boccaletti

et al., 2006; Opsahl et al., 2010). Eigenvector centrality measures the degree to

which a node is connected to other central nodes; it is proportional to the sum of

centralities of nodes connected to the focal node (Bonacich, 1987).

6.2.4.6 Centrality Analyses

Networks were analyzed with γ = 0. Stability analyses were performed to inves-

tigate the influence of the value of γ on local centrality measures. Centralities

were most stable and networks were similar with γ = 0 and 0.1, confirming that

γ = 0 is the optimal choice (Figure B.4 in Appendix B). Statistical analyses were

performed using R package, version 3.0.2 (R Development Core Team, 2011). To

determine which symptoms differentiate most among the networks, effect sizes

for differences in mean centrality were calculated (see Section B.4 in the Appendix

for an explanation on how effect sizes were calculated).

6.3 Results

6.3.1 General Differences

In our sample of 515 patients, 335 (65.1%) were female, and mean (SD) age was

40.9 (12.1) years. In total, 253 patients (49.1%) had persistent MDD at 2-year follow-

up. Persisters had a higher baseline IDS sum score than remitters (mean [SD],

40.2 [8.9] vs 35.1 [7.1]; the test statistic for the difference in IDS sum score was 22

027; P < .001). Persisters had higher scores than remitters on depressed mood,

loss of interest, insomnia, psychomotor retardation, fatigue or loss of energy,

concentration/decision making, and suicidality (Table 6.2). After matching on

severity was performed, only hypersomnia and weight/appetite change differed

significantly (see Table B.3 in Appendix B).
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TABLE 6.2. Analysis of Item Scores of Persisters and Remitters. a The test statistic from the

Wilcoxon rank sum test.

6.3.2 Differences in Overall Connectivity

The network of persisters was more strongly connected than that of the remitters

(Figure 6.3.2, left panels). Additional analyses to control for differences in baseline

severity revealed that differences in connectivity were still present after matching

on depression severity (IDS sum score) and after partialing out general function-

ing (WHODAS II; Figure 6.3.2, middle and right panels). The NCT confirmed that

differences in connectivity were statistically significant for all analyses. The test

statistic for the difference in network connectivity was 1.79 (P = .01) for the origi-

nal data, 1.55 for data matched on IDS sum score (P = .04), and 1.65 for WHODAS

II partialed out data (P = .02). For results of NCT across the entire range of γ, see

Table B.2 of the accompanying Appendix. Networks based on ordinary Pearson

correlations and nonregularized partial correlations also yielded qualitatively sim-

ilar results (see Figure B.5 in Appendix B) and other global connectivity measures

(Table B.4 in Appendix B).

6.3.3 Differences in Local Connectivity

To investigate differences in local connectivity, we compared the networks of

persisters and remitters on 4 centrality measures (Figure 6.3.3). Considering node

strength (Figure 6.3.3), similar patterns were found. However, depressed mood,
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FIGURE 6.1. Network Structures of Persisters and Remitters Before and After Controlling

for Severity. Network structures of persisters (n = 253) and remitters (n = 262) based on

original data, data after matching on Inventory of Depressive Symptomatology (IDS) sum

scores (n = 172 for both groups), and data after World Health Organization Disability

Assessment Schedule II (WHODAS II) partialing out. Blue connections represent positive

associations, whereas red connections represent negative associations. Thicker edges

represent stronger associations (positive or negative). agi indicates psychomotor agitation;

con, concentration/decision making; dep, depressed mood; ene, fatigue or loss of energy;

gui, feeling guilty; hyp, hypersomnia; ins, insomnia; int, loss of interest or pleasure; ret,

psychomotor retardation; sui, suicidality; wap, weight/appetite change.

fatigue or loss of energy, and feeling guilty had relatively higher values in the

persisters′ network than in the remitters′ network. The pattern of closeness is also

similar in both networks, but persisters had relatively higher values on feeling

guilty, psychomotor retardation, and weight and/or appetite change compared

with remitters (Figure 6.3.3). Regarding betweenness, fatigue or loss of energy

had the highest value in the persisters′ network, whereas loss of interest had the

highest value in the remitters′ network (Figure 6.3.3). The eigenvector centrality

also follows a similar pattern in both networks. Symptom loss of interest features

the highest value in both networks. The largest difference lies in the role of feeling
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FIGURE 6.2. Centrality Measures. Four node centrality measures of persisters and remitters:

strength, closeness, betweenness, and eigenvector centrality. agi indicates psychomotor

agitation; con, concentration/decision making; dep, depressed mood; ene, fatigue or

loss of energy; gui, feeling guilty; hyp, hypersomnia; ins, insomnia; int, loss of interest or

pleasure; ret, psychomotor retardation; sui, suicidality; wap, weight/appetite change.

guilty; this symptom has a relatively high value in persisters′ network but has one

of the lowest in remitters′ network.

Symptoms that have the largest difference in importance in persisters com-

pared with remitters across all 4 centrality measures are fatigue or loss of energy

and feeling guilty (Cohen′s d = 1.13 and 1.18, respectively; see Table B.3 for all

effect sizes).

6.4 Discussion

This study is the first, to our knowledge, to find that the baseline MDD symp-

tom network of patients with persistent MDD at follow-up was more densely

connected than that of patients who recovered. With a focus on individual symp-

toms and their connections, fatigue or loss of energy and feeling guilty featured

the largest increase in connectivity in the persisters′ network compared with

the remitters′ network. Although baseline severity differed between the groups,
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controlling for severity affirmed the main results; hence, it is highly unlikely that

severity was a confounder in this study.

Our results could be interpreted in the light of other research, such as the recent

findings on uncomplicated and complicated MDD (Parker, Paterson, & Hadzi-

Pavlovic, 2015; Wakefield & Schmitz, 2014). Uncomplicated MDD is primarily

characterized by normal intense distress reactions (eg, sadness and insomnia) and

has positive prospects. Complicated MDD is not just a more severe condition but

also features pathogenic reactions (eg, feeling worthless or suicidal ideation) and

has an unfavorable course. In addition, our findings could be interpreted using the

clinical staging model. Following other domains of medicine, this model is gaining

popularity in psychiatry because it postulates that psychiatric disorders develop

in consecutive stages: from subthreshold symptoms to chronic, persistent MDD

(Hetrick et al., 2008; McGorry, Hickie, Yung, Pantelis, & Jackson, 2006). Indeed,

there is empirical evidence that progression of psychopathologic disease is related

to stronger and more viable interactions of mental states over time in a general

population sample (Wigman et al., 2013). This more refined form of diagnosis

can distinguish patients who seem misleadingly similar because they share the

same diagnosis (Cosci & Fava, 2012) and seeks to determine whether different

interventions may apply according to disease stage (Boschloo et al., 2014; Hetrick

et al., 2008; McGorry, 2007).

Information on local connectivity may guide clinical therapy because im-

portant symptoms, identified by local centrality measures, could be specifically

targeted using microinterventions. Because fatigue or loss of energy, feeling guilty,

and psychomotor retardation were identified as important symptoms in the

persisters′ network, these targets are particularly plausible for intervention. How-

ever, additional research is warranted to confirm this hypothesis. For example,

it has yet to be established which centrality measure is clinically most relevant

in identifying the importance of symptoms. In addition, directionality of the net-

works may be established where relevant. Although a central symptom is likely

to have an influence on other nodes, it may be a more efficient target for inter-

vention if associations with other symptoms are directed outward or are at least

bidirectional.

The few studies that investigated centrality measures found largely similar

central symptoms (ie, loss of interest, depressed mood, and fatigue or loss of

energy; Bringmann et al., 2015; Cramer et al., 2010). However, these results were
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based on different questionnaires — CIDI and the Beck Depression Inventory

(Bringmann et al., 2015; Cramer et al., 2010) — and network types (dynamic;

Bringmann et al., 2015), so the question of how these results relate to each other

should be considered open. However, the general pattern emerging from research

in this area is that the variables that function as core criteria in current diagnostic

systems (depressed mood and loss of interest) are more central in networks of

MDD cases defined in current psychiatric studies.

Strengths of this study are 2-fold. First, data come from a high-quality lon-

gitudinal study with well-characterized patients from different levels of health

care and low levels of loss to follow-up, strengthening ecologic validity. Second,

in contrast to previous studies (Bringmann et al., 2013; Wigman et al., 2015) that

relied solely on perceived differences in networks to compare network structures

of different groups, we were able to perform statistical comparison based on a

newly developed test for differences.

Limitations of this study are as follows. First, presented networks are based on a

between-subjects design. These networks may be representative of individuals as

long as the groups are homogenous. Although the distinction between persisters

and remitters has made groups already more homogenous, research is warranted

on whether presented network structures are indeed generalizable to individual

patients. This requires longitudinal within-person studies (ecologic momentary

assessment or experience sampling; aan het Rot et al., 2012; Bouwmans et al.,

2015; Wichers, 2014). In such a full prospective design, comparison of the individ-

ual network structures of patients who remit within 2 years with those of patients

who do not may then reveal whether differences in network connectivity are also

found at the level of the individual patient. Second, this study focused on the

persistence of MDD, defined as having at least moderate depressive symptoms

in the week before 2-year follow-up. Consequently, it is possible that a patient

marked as a persister had experienced remission and recurrence during follow-up.

However, the median percentage of time with depressive symptom was 96.0% for

persisters (in contrast to 27.0% in remitters), indicating that most patients did not

experience remission.

130



C H A P T E R 7
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B
ased on the paper described in Chapter 6 (Van Borkulo et al., 2015),

E. H. Bos and Wanders (2016) wrote a comment. In this Chapter, you

can find a summary of their comment, and our reply.

7.1 Summary of comment

The their comment, E. H. Bos and Wanders (2016, henceforth BW) state that

drawing inferences from cross-sectional (i.e., group-level analyses) on the level of

an individual is unwarranted. They note that network models are conceptualized

as dynamic, temporal interactions between symptoms (Borsboom, 2008), but

that most studies on networks are performed at the group-level. However, as

BW state, co-occuring symptoms at group-level do not imply that they influence

each other over time within individuals. This is because associations at the group-

level may differ radically from associations at the level of an individual. This

phenomenon is known as Simpson′s paradox (Robinson, 1950). Therefore, BW

state that drawing inferences from cross-sectional, group-level analyses is not

informative of processes within individuals, and “will obscure scientific reasoning”

(E. H. Bos & Wanders, 2016).

7.2 Reply

In our publication in JAMA Psychiatry (see Chapter 6, Van Borkulo et al., 2015),

we reported that the structure of symptom networks is related to the course of

depression. Our findings are based on a between-patients design. Although we

agree with BW that this has implications for the interpretation of our results, we

do not think their conclusions are warranted.

BW correctly point out that, in theory, associations identified through group-

level analyses may differ radically across individuals (Simpson′s paradox). How-

ever, we think that this is not very likely for the reported associations between

depression symptoms in our study. First, it is hard to imagine that some patients

become less depressed as a result of feeling worthless or get alert and focused

when they feel slowed down. Associations between symptoms plausibly differ in

degree, but not in kind, so that radical heterogeneity should not be expected for

depression symptom networks. Second, our network parameters are partial corre-

lations, not zero-order correlations: thus, each symptom-symptom connection
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in the network is already controlled for individual differences in all remaining

symptoms, so that Simpson′s paradox is ruled out with respect to these symptoms

(and strong correlates of them). Third, recent research, which used intraindividual

analyses for network estimation, showed that patients with depression had a

more densely connected intraindividual network of negative mood states than

healthy control individuals (Pe et al., 2015), which parallels our result and suggests

a positive answer to Bos and Wanders′ question of whether our results generalize

to the individual level.

BW further argue that the reported associations between symptoms could be

the result of a common cause instead of causal associations between symptoms;

they find it “suggestive” that the difference in network connectivity largely disap-

peared in certain analyses. However, we think this is merely the result of a loss

of power due to a decrease in sample size (after matching on severity, the overall

sample decreases from 515 to 344) and the strong regularization penalty; both net-

works lose almost all of their connections and, in that trivial sense, become more

alike. As shown in our article (Van Borkulo et al., 2015), when using procedures

that have less effect on power (like partialling out general level of functioning or

weakening the regularization parameter), differences between groups become

more, rather than less, pronounced.

Although we believe that it is not very likely that the associations between

symptoms are substantially different for individual patients, intraindividual anal-

yses are needed to test this. In addition, intraindividual analyses are warranted to

determine whether symptoms are associated over time within patients. Therefore,

we gladly reveal that the Netherlands Study of Depression and Anxiety (Penninx

et al., 2008), from which we drew our sample, recently started a new wave of

measures in which 400 of its nearly 3000 participants are studied with Ecological

Momentary Assessment (aan het Rot et al., 2012) over 2 weeks. The aim of this

study is to provide more insight into the association between intraindividual and

interindividual differences, which will lead to an increased understanding of how

nomothetic and idiographic analyses are related.
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183-184.
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T
o explain the overt heterogeneous nature of major depressive disorder

(MDD), it could be valuable to focus on individual symptoms (Fried,

Boschloo, et al., 2015). Recent research, for example, showed that MDD

symptoms differ in their underlying biology, risk factors and psychosocial impair-

ments (for a review, see Fried & Nesse, 2015b). In addition, the presence of specific

symptoms (e.g., psychomotor agitation) may have important clinical implications,

such as expectations regarding the response to antidepressants (Sani et al., 2014).

8.1 The network approach

The network approach is a conceptualization that specifically focuses on indi-

vidual symptoms (Borsboom & Cramer, 2013). According to this approach, psy-

chopathology results from the associations between symptoms, and each of these

symptoms may have its unique set of associations with other symptoms. This

information can be visualized into a network, in which symptoms are represented

as nodes and the associations between them as lines.

In a recent study, we estimated the network of a large set of psychiatric symp-

toms, including those of MDD, and indeed found that symptoms differed in the

number and strength of associations (Boschloo et al., 2015). For example, de-

pressed mood and fatigue were central in the network (i.e., having many and/or

strong associations), whereas a decrease and increase in weight/appetite were not.

Central symptoms are believed to have considerable impact on other symptoms

and, consequently, more strongly predict the onset of MDD than symptoms that

are less central.

8.2 Aim of this study

The present study aimed to test whether symptom centrality was indeed related

to the risk of developing MDD. Therefore, we selected 501 adults with no life-

time DSM-IV depressive or anxiety disorder from the baseline assessment of the

Netherlands Study of Depression and Anxiety (NESDA; for a detailed description

of the study design, see Penninx et al., 2008). `1-regularized partial correlations

were used to compute a sparse network of the 12 MDD symptoms as assessed

with specific items of the Inventory of Depressive Symptomatology (for a detailed

description of the procedures, see Van Borkulo et al., 2015). To determine the cen-
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trality of each of the symptoms in the network, symptom strength was calculated

as the sum of all direct correlations with other symptoms.

8.3 Results

Figure 8.1 shows the resulting network of baseline MDD symptoms. Symptoms

differed substantially in both the number and magnitude of associations, but,

overall, symptom strength was the highest for fatigue, concentration problems,

loss of interest/pleasure and depressed mood. In contrast, hypersomnia, suicidal

thoughts and a decrease in weight/appetite had the lowest symptom strength.

In this sample of healthy controls, we identified those who developed a DSM-

IV MDD at the 2-, 4-, or 6-year follow-up assessment (n = 79) and those who did

not (n = 422). Table 8.1 displays the results from univariable logistic regression

analyses which showed that loss of interest/pleasure, depressed mood, fatigue

and concentration problems (i.e., those symptoms with the highest symptom

strength in the baseline network) were the strongest predictors (all odds ratios

OR ≥ 3.02), whereas suicidal thoughts, hypersomnia and a decrease in weight/

appetite (i.e., those symptoms with the lowest symptom strength in the baseline

network) were not or only weakly related to the onset of MDD (all OR ≤ 1.75).

In general, symptoms that were central in the baseline network more strongly

predicted the onset of MDD than symptoms that were less central (see Figure 8.2;

r = 0.87, p < 0.001).

Then, we tested whether information on the centrality of symptoms could

improve the prediction of the onset of MDD. In addition to a conventional sever-

ity measure based on the sum of the 12 MDD symptoms (i.e., the unweighted

severity measure), a new severity measure was calculated in which the 12 MDD

symptoms were weighted for symptom strength (i.e., the weighted severity mea-

sure). Multivariable logistic regression analyses showed that the weighted severity

measure more strongly predicted the onset of MDD than the unweighted measure

(adjusted OR = 1.66, p = 0.043 vs. adjusted OR = 1.00, p = 0.995).

8.4 Conclusion

Our findings indicate that the risk of developing MDD depends on the type of

subthreshold symptom that a person reports. Loss of interest/pleasure, depressed
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FIGURE 8.1. Baseline MDD symptom network in persons with no life-time depressive or

anxiety disorder (n = 501). All lines represent positive correlations, except for the line

between ‘wad’ and ‘wai’, which represents a negative correlation. Thicker lines represent

stronger correlations. Larger nodes represent symptoms with a higher symptom strength

and darker nodes represent symptoms with stronger associations with the onset of MDD

during the 6 years of follow-up. Abbreviations: dep - depressed mood; int - loss of inter-

est/pleasure; wad - decrease in weight/appetite; wai - increase in weight/appetite; ins -

insomnia; hyp - hypersomnia; ret - psychomotor retardation; agi - psychomotor retarda-

tion; fat - fatigue; gui - feelings of guilt/worthlessness; con - concentration problems; sui -

suicidal thougths.
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TABLE 8.1. Results from univariable logistic regression.

FIGURE 8.2. Scatterplot of symptom strength and odds ratio (R= .87).
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mood, fatigue and concentration problems were the most important risk factors,

and these symptoms could, therefore, help clinicians (e.g., general practitioners)

in identifying persons who are most vulnerable for MDD. These specific symp-

toms were also central in the MDD symptom network and may, consequently,

be valuable targets in prevention strategies. By eliminating or reducing such a

central symptom, it is hypothesized that activity within the whole network can be

reduced (or prevented). For example, a strategy that encourages a person to en-

gage in pleasant activities does not only have the potential to improve (or prevent)

a person′s ability to experience pleasure (symptom “loss of interest/pleasure”)

but, subsequently, also his or her energy level (connected symptoms “fatigue”

and “psychomotor retardation”) and ability to concentrate (connected symptom

“concentration problems”). Although such strategies are already part of regular

prevention programs and have proven to be effective (Buntrock et al., 2015), the

network approach may offer a more empirical, data-driven basis that enhances

even more focused interventions based on the role of specific symptoms within a

network.

Strengths of our study were that we included a large sample of persons with no

lifetime DSM-IV depressive or anxiety disorder (n = 501) and prospectively exam-

ined the onset of DSM-IV MDD during a 6-year follow-up. However, a limitation

is that MDD symptoms were assessed at a single time point and, therefore, the

temporal relationship between symptoms is unknown. Time series analyses of

longitudinal data from the experience sampling method could help to unravel

the dynamics of symptom networks over time (aan het Rot et al., 2012), which

might also be a promising approach for examining therapeutic changes (for an

interesting review on this topic, see Hayes, Yasinski, Ben Barnes, & Bockting, 2015).

In conclusion, subthreshold MDD symptoms were differentially associated

with the prospective onset of MDD and these findings demonstrate the value of

an approach focusing on individual symptoms. The network approach may be

such an approach, as we showed that the risk of developing MDD depended on

the centrality of a symptom in the network. This centrality may, therefore, inform

clinicians on the symptoms that are likely to have the most prognostic impact

when adapted by targeted treatment.
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ogy. Manuscript submitted for publication.
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I
t is well-established that the symptomatology of depressed patients is dy-

namic; symptoms are not continuously present or absent, but instead show

patterns of change over time. Here, we present a dynamic network account

of these changes in symptomatology. This dynamic network account is based

on models to describe the spread of a virus across a population of individuals.

Translated to a mental disorder, its dynamics entail the spread of activity across

an individual′s symptoms — which can activate each other due to causal rela-

tionships (e.g., feeling guilty can lead to sleep problems, which in turn may lead

to concentration problems, etc.). In this so-called contact process, the topology

of the network plays a crucial role, because an activated symptom can only di-

rectly activate neighboring symptoms in the network structure. We propose a

maximum likelihood approach to estimate the infection and recovery rates for

such networks on the basis of time-series data that capture symptom dynamics.

On the basis of this model, the ratio between infection and recovery results in

a Percolation Indicator (PI), which is indicative of behavior of the system in the

long run, and may be used to anticipate future behavior of the symptom network.

The quality of the proposed model estimates is investigated with simulations and

application to real data of patients with depressive disorder. In addition, we derive

a t-test to determine differences between individuals and to test the PI against

a critical value. Results indicate that the quality of the estimates is good for a

range of differently sized time series of the symptoms. Application of the t-test

also reveals that a substantial proportion of patients has a PI above the critical

value. We conclude that the contact process model is a promising method for the

analysis of symptom dynamics. Future research is needed in which extensions of

the model and predictive quality of PI are assessed.

9.1 Introduction

For a patient with depressive disorder, let′s call her Alice, the loss of her job

induced self-reproach, which in turn led to insomnia, fatigue and other symptoms

of depression, which caused a vicious circle that spiraled her into a state of mental

disorder. Bob, Alice′s colleague, also got fired, but did not go on to develop such

a full-blown depressive episode. While such differences between individuals are

familiar to psychiatrists and clinical psychologists involved in the care for patients

with depressive disorder, it is not yet clear why some people develop depressive
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episodes in response to adverse life events, while others do not. Recent work has

proposed that the key to understanding such differences lies in the way these

symptoms interact with each other in a network structure (Borsboom & Cramer,

2013; Borsboom et al., 2011; Cramer et al., 2010). The current chapter exploits this

perspective to develop a statistical model that can be used to analyze symptom

dynamics in a way that can help to assess whether a given person is likely to

develop a disorder, or is more likely to recover. This may provide clues to further

understand the etiology of the disorder and may also be relevant to the challenge

of identifying optimal targets for therapeutic interventions (Baglioni & Riemann,

2012; Rosmalen et al., 2012).

Classical approaches to study depression based on putative central psycho-

logical mechanisms or their neural substrates has lead to limited insights in the

etiology and structure of the disorder. In fact, the inability to develop an adequate

model for the etiology of disorders might be one of the crucial issues underlying

the question of “what kinds of things" psychiatric disorders are (Kendler et al.,

2011). Although current classifications of disorders suggest coherent categories,

many aspects of the structure and dynamics of mental disorders are not well

understood. For example, patients with the same disorder may show different

symptomatology (Van Loo et al., 2012); in addition, these different symptoms

are predisposed by different risk factors (Fried, Nesse, et al., 2014; Lux & Kendler,

2010). Furthermore, different symptoms may have a different impact on psy-

chosocial functioning (Fried & Nesse, 2014; Tweed, 1993) and similar stressful

life events have different impact on individual impairment (Bonanno, 2004), as

illustrated in the case of Alice and Bob. It has been argued that the limited insights

in these phenomena calls for symptomics (Fried, Boschloo, et al., 2015); modeling

the individual building blocks of mental disorders (symptoms). This will lead to

understanding the mechanisms of psychopathology.

Many studies have investigated psychopathology from a network perspective.

(see Fried, Van Borkulo, et al., 2016, for a review). However, many of these studies

are based on cross-sectional data (Beard et al., 2016; Bekhuis, Schoevers, Clau-

dia Borkulo, Rosmalen, & Boschloo, 2016; Boschloo, Van Borkulo, Borsboom, &

Schoevers, 2016; Boschloo et al., 2015; Fried, Bockting, et al., 2015; Fried, Epskamp,

Nesse, Tuerlinckx, & Borsboom, 2016; Isvoranu, Borsboom, Os, & Guloksuz, 2016;

McNally et al., 2015; Rhemtulla et al., 2016; Robinaugh et al., 2014; Ruzzano et

al., 2014; Van Borkulo et al., 2015). It is, therefore, not clear how these group-level
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results relate to individuals. One promising way of studying these mechanisms

in individuals is by conceiving the multivariate dynamics of symptomatology

as a network, that is driven by a system of causal relations between symptoms

(Borsboom & Cramer, 2013; Borsboom et al., 2011; Bringmann et al., 2013; Cramer,

van der Sluis, et al., 2012; Cramer et al., 2010; Kendler et al., 2011; Pe et al., 2015;

Wichers, 2014; Wigman et al., 2015). Since these networks can differ across indi-

viduals (Bringmann et al., 2013), this may offer a scientific inroad to address the

question of why some people develop mental disorders while others do not. In

Alice′s case, this could entail that feeling worthless leads to a depressed mood,

which in turn leads to suicidal thoughts: worthless → depressed mood → suicidal

thoughts. In Bob′s case, however, feeling worthless may not lead to other symp-

toms, such that he does not get caught up in a vicious circle, and after a while

he may start to feel better again. Knowing an individual′s pattern of symptom

dynamics, visualized as a network, could thus be highly relevant for uncovering

prognostic information. An individual′s pattern of symptom dynamics might

reveal why Alice is prone to develop a full-blown disorder while Bob is not, even

before the disorder emerges; perhaps, the pattern of symptom dynamics in Alice′s
case is such that symptoms more easily influence each other, thereby culminating

more easily into a full-blown disorder than in Bob′s case. Following the same line

of reasoning, one could hypothesize that when Alice and Bob both suffer from a

depressive episode, their patterns of symptom dynamics might reveal why Bob

will recover soon and Alice′s depression is persistent.

Symptoms that interact with each other can be viewed as an interacting par-

ticle system (Liggett, 2004). A commonly used model to study such systems is

the contact process model (Grimmett, 2010) — a probabilistic equivalent of the

epidemiological SIS model (susceptible-infected-susceptible; Keeling & Rohani,

2011; Newman, 2010) — which will form the basis for modeling symptom dynam-

ics in this chapter. Such models describe, for example, the spread of a disease (e.g.,

virus) across a population of individuals. After an individual has been infected, the

individual recovers and becomes susceptible to infection again (Newman, 2010).

Behavior of such models is influenced by the specific topology of the interactions

between individuals (Keeling & Eames, 2005). Considering mental disorders by

analogy, a symptom within a person can influence other symptoms within that

person by turning them on.
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Although symptoms can be argued to be continua, viewing psychopathology

as a SIS or contact process model, in which symptoms can only be on or off, can

be seen as a reasonable approximation for several reasons. First, the Diagnostic

statistical Manual (DSM-5; American Psychiatric Association, 2013) contains

symptoms that are scored as being present or absent. Second, Keeling and Eames

(2005) showed that network topology has an impact on the evolution of SIS mod-

els. Third, similar results are recently found in symptom networks; the connec-

tivity of a symptom network was associated with the future course of depression

(Van Borkulo et al., 2015). The group-based baseline network of depressed pa-

tients who have persistent depression at two-year follow-up were found to be

more densely connected than the baseline network of depressed patients who

remitted at two-year follow-up. Apparently, a more densely connected network at

baseline is related to a worse prognosis, which is also confirmed in comparing

healthy controls to individuals with a diagnosis (Pe et al., 2015; Wigman et al.,

2015).

Building on the above-mentioned group-level findings, we can use the SIS

or contact process model to make actual predictions about the behavior of an

individual′s psychopathology network models by using percolation theory (Grim-

mett, 2010). The key concept of percolation theory is the basic reproduction num-

ber (Kolaczyk, 2009), defined as the ratio ρ between the infection and recovery

rate λ and µ (ρ = λ/µ), respectively (Fiocco & van Zwet, 2004; Grimmett, 2010;

T. E. Harris, 1974; Newman, 2010). Here, we apply the concept of basic reproduc-

tion number ρ. If ρ is larger than a critical value ρ > ρc , the process will continue

forever, whereas if ρ ≤ ρc the process will die out (Fiocco & van Zwet, 2004). In

our application to psychopathology, this basic reproduction number can be inter-

preted as the balance between infection and recovery of symptoms. We do not

know ρc , but we entertain the idea that ρc = 1 marks the transition between a

state in which the disorder will die out or not. We call ρ the percolation indicator

(PI). PI represents a quantification of the concept that certain characteristics of a

symptom network (e.g., stronger and more connections, or a specific topology)

increase the risk of becoming or remaining disordered. Note that when applying

these models to psychopathology, ρ > 1 would imply lifelong pathology for the

individual under consideration. Obviously, this is not realistic since individuals

are not static models. The model can be influenced by various external factors

that we do not consider here and it is plausible that an individual’s symptom
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network can change over time. We, therefore, assume that the ratio between λ

and µ is indicative of behavior of the network in the nearby future. In which time

span ρ is predictive for psychopathology remains an open question and requires

further investigation.

Modeling the dynamics of a disorder requires multiple repeated measurements

of symptomatology, which is challenging for two reasons. First, models that are

currently often used are autoregressive models, which assume stationarity (Startz,

2008). It is doubtful, however, whether this assumption is tenable in daily clinical

practice; it is conceivable that the probability that a symptom can turn on one

moment is different from that at another moment. For example, one is more

likely to have concentration problems after a period of insomnia than after a

good night′s sleep. Second, in many dynamic models the measurements are

required to be equidistant, which implies, for instance, that the patient completes

the questionnaire at exactly the same time every day. Patients may plan their

activities around the fixed time to fill out the questionnaire, thereby missing out

on emotions during these activities. Therefore, it would be desirable to randomly

prompt the patient to fill out the questionnaire and, consequently, capture as

much of the emotions and feelings. The method of data collection by randomly

prompting is called Experience Sampling Method (ESM; aan het Rot et al. 2012;

Bolger, Davis, and Rafaeli 2003; Larson and Csikszentmihalyi 1983; Oorschot et

al. 2012; Rosmalen et al. 2012). As we show in this chapter, the contact process

model can both help to bypass the stationarity assumption and the assumption

of equal time intervals between measurement occasions, and as such may lead

to improvements in the analysis of ESM data. Moreover, PI can be used to find

evidence for the idea that the topology of the network has an impact on the risk of

a mental disorder (Cramer et al., 2016).

This chapter describes the contact process as a model for the dynamic relation-

ships between symptoms within individuals, and develops PI as a predictive tool.

Moreover, the methodology is applied to an ESM dataset involving time series of

depression symptomatology. Since variables in empirical data can be influenced

by external factors that are not measured (i.e., an event in daily life can affect

one ore more symptoms), the assumption that the system under consideration

is closed is violated. We adjusted some model parameters accordingly to take

external influences into account. Note that, since our data does not allow this, we

do not assess predictive quality here.
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The chapter is organized as follows. Section 9.2 is about the model specifica-

tion, followed by a section on how PI can be estimated (9.3). Section 9.4 contains a

validation study to assess the quality of the estimator. In Section 9.5, the utility of

the presented method is illustrated with data of patients with depressive disorder.

Here, we explain which parameters of the original model should be adjusted when

applying the model to real data. Finally, Section 9.6 covers a discussion on future

directions. The method for estimating PI is implemented in R in the Percola-

tionIndicator package with a built-in example and accompanying documentation

(Van Borkulo, Epskamp, & Milner, 2016).

9.2 Model specification

The basis for modeling symptom dynamics is the contact process model (Grim-

mett, 2010), defined originally in T. E. Harris (1974). Classic SIS models (equivalent

to the contact process model) are defined on a population assumed to be fully

mixed, meaning that every symptom (or other entity) is equally likely to inter-

act with all other symptoms (Newman, 2002, 2010). According to the network

approach to psychopathology, however, it is this particular configuration of inter-

actions between symptoms that constitutes what a disorder is; the limited set of

interactions defined by the topology explain the behavior of a system. Therefore,

following Keeling and Eames (2005), we use the contact process and take into

account the specific graph topology (i.e., instead of a fully mixed graph), in which

symptoms can only interact with direct neighboring symptoms (Newman, 2002,

2010).

The contact process model can be viewed as an undirected network (see

Figure 9.1 for a graphical representation) and is characterized by two independent

Poisson processes: one for infection and one for recovery. Infection is a process

that involves neighboring nodes. This means that a node can be infected by an

already infected node that is connected. In Figure 9.1, infection of one node by

another is indicated by an arrow. Recovery, according to the contact process, is

considered an autonomous process: it does not involve interactions with other

nodes. When infected, recovery takes place at a certain rate, independent of the

other nodes (Fiocco & van Zwet, 2004; Grimmett, 2010; T. E. Harris, 1974). The

ratio of infection and recovery rates (reproduction number; Kolaczyk, 2009) are

the main interest of this chapter, since the ratio between the two is indicative of
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future behavior of the system (Fiocco & van Zwet, 2004); intuitively, if the recovery

rate is higher than the infection rate, activity in the system will die out, whereas if

the infection rate is higher than the recovery rate, the system will stay activated. In

this section, we describe the model we use to estimate the infection and recovery

rate.

FIGURE 9.1. The contact process (after Grimmett 2010). On the horizontal axis are nodes

X1 through X5 that are connected in a linear fashion. The vertical axis represents time.

The bold lines indicate the time that a node is infected and arrows represent the time

point on which a node infects a neighboring node. The mark ◦ represents recovery.

Consider Figure 9.1, in which random variables X1 through X5 can be viewed

as processes on a graph that can be described as follows. Nodes (variables) can

interact if they are connected (i.e., if they are depicted next to each other in

Figure 9.1). An already infected node can infect a neighboring node at a certain

time point (indicated by an arrow in Figure 9.1). In the contact process, recovery

is considered an autonomous process: it does not involve interactions with other

nodes.

To formally define the model, let G = (V ,E) be an undirected graph with |V |
nodes and |E | edges. A node x ∈V represents an entity — regarding psychopathol-

ogy, this can be a symptom or an emotion — and an edge (x, y) ∈ E represents a

relationship between the entities (e.g., a statistical association). Nodes can be in

one of two states, healthy or infected, with the state of node x ∈V at time s given
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by

(9.1) ξs (x) =
0 if node x is healthy at time s

1 if node x is infected at time s

At a certain time point s, three types of events can be observed: infection, recovery

or no observed switch

0 → 1, 1 → 0, and 0 → 0 or 1 → 1.

The contact process ξs (x) (s ≥ 0) is a type of nearest neighbor process where

the rates of changes in state for each node in x ∈V are as follows. For each x ∈V ,

the number of neighbors at time s capable of infecting node x, can be defined by

the random variable ξs (x) as

ks (x) = (1−ξs (x))
∑

y∈V :(x,y)∈E
ξs (y)(9.2)

We assume that the probability of infection and recovery are given by (Grimmett,

2010)

P(ξs+h (x) = 1 | ξs (x) = 0) =λks (x)h +o(h)

P(ξs+h (x) = 0 | ξs (x) = 1) =µh +o(h)(9.3)

as h ↓ 0. This defines a |V |-dimensional continuous-time Markov process with

Poisson probabilities (Norris, 1997). A process is called Markov if it satisfies the

Markov property that the stochastic process is memoryless; the future state of the

system is independent from the past, given the present. A node x can be infected

(0 → 1) with rate λks (x). It becomes clear, then, that the structure of the network

plays an important role in the process of infection, since the number of infected

neighbors is determined by the topology. Indeed, infected nodes are only counted

as capable of infecting node x when x is not infected already (ξs (x) = 0). The total

number of neighbors in the network G capable of infecting some other connected

node at time s is then ks (V ) =∑
y∈V ks (y). Note that the same infected node can

appear multiple times in this summation, since an infected node can be capable

of infecting multiple neighboring nodes. Recovery of a node is defined for each

node separately and independently, and changes the state of the node 1 → 0 at

rate µ.
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We can equivalently define the process by its transition probabilities (Norris,

1997, Theorem 2.4.3). The transition probability of 0 → 1 and 1 → 0 are, respec-

tively,

ps (x) = λks (x)

λks (x)+µ , qs (x) = µ

λks (x)+µ .(9.4)

The 2×2 transition probability matrix Ps (x) of node x at time s of the two state

Markov process is as follows (Brzezniak & Zastawniak, 2000; Grimmett, 2010, see

Appendix C, Section C.1 for a derivation)

(9.5) Ps (x) =
(

1−ps (x) ps (x)

qs (x) 1−qs (x)

)

The conditional probabilities ps (x) and qs (x) indicate, respectively, the transition

probability of node x being infected given that it was previously recovered and

the probability that node x recovers given that it was previously infected.

An important property of the contact process is the basic reproduction number,

defined as the ratio between infection and recovery

ρ = λ

µ
.(9.6)

As stated in the introduction, we call ρ the Percolation Indicator (PI).

In practice, we observe events at several (random) time points, and, conse-

quently, do not have access to the fully continuous process. We therefore assume

that ξs (x) for s ≥ 0 is a right-continuous Markov process (Norris, 1997), meaning

that when a node is in one of two states (e.g., healthy or infected), it stays in

that state until the time of the next event; then it switches to the other state (e.g.,

infected or healthy). The number of events during the time interval [0, s] is mod-

eled as a Poisson process (Brzezniak & Zastawniak, 2000; Grimmett, 2010; Norris,

1997). Consequently, the time between events (i.e., holding time) is assumed to be

exponentially distributed (Norris, 1997). We then have the discrete time Markov

chain ξi (x) for i = 1,2, . . .. It is this discrete-time Markov process that we will use

for estimation.

9.3 Estimation procedures

In this section, our main focus is on ρ, the estimator of PI. However, in order to

obtain ρ, we require a network. In general we do not have the underlying symptom
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network of psychopathology for a specific person. We therefore need to estimate

the network structure in order to estimate ρ. The basic tool to obtain a network

that provides statistical dependencies between symptoms is the graphical model

(Lauritzen, 1996; Wainwright & Jordan, 2008). While there is much to say about

how to best infer the network structure from data, we will use the graphical VAR

model (Wild et al., 2010). We describe the network estimation method based on

this model in this section and provide a simulation study in Section C.2, where it

can be seen that the method we use works well for the length of time series we

have in our type of data.

9.3.1 Percolation Indicator estimation

The ratio ρ = λ/µ is of particular interest to us, as we can use it to determine

whether someone is at risk (ρ > 1) or not (ρ ≤ 1). Here we derive the maximum

likelihood estimates for λ and µ similar to Fiocco and van Zwet (2004) such that

the ratio ρ can be determined.

Let the time points of events (randomly chosen measurement points) be indi-

cated by Ti for i = 1,2, . . . ,n. The assumption that in the time interval [Ti−1,Ti )

there is a single change, leads to the rates of the Poisson process

ri (x) =
λki−1(x) if ξi−1(x) = 0

µ if ξi−1(x) = 1
(9.7)

This rate of change can also be written as a sum of mutually exclusive events

ri (x) =λki−1(x)(1−ξi−1(x))+µξi−1(x).(9.8)

In the Poisson process, holding times Ti −Ti−1 for each x ∈V are independently,

exponentially distributed with density λki−1(x)exp[−λki−1(x)(Ti−1 −Ti )] for in-

fection and independentlyµξi−1(x)exp[−µξi−1(x)(Ti−1−Ti )] for recovery. There-

fore, the likelihood of the observed process for the interval [0, t ] (with T0 = 0 and

TN = t ) is defined as (Fiocco & van Zwet, 2004)

L(λ,µ) =
n∏

i=1

∏
x∈V

ri (x)exp[−ri (x)(Ti −Ti−1)](9.9)

Consequently, the log-likelihood is

logL(λ,µ) =
n∑

i=1

∑
x∈V

logri (x)−
n∑

i=1

∑
x∈V

ri (x)(Ti −Ti−1)(9.10)
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The second term on the right hand side can be decomposed into an infection and

a recovery part. For the infection, by definition of ki (x) in (9.8) infected neighbors

are counted only if x is not infected, that is if ξi−1(x) = 0. Moreover, since we

assumed that in the time interval [Ti−1,Ti ) there is no change in ξs (x) (and hence

no change in ks (x)) for any x ∈V , we find that for each i

n∑
i=1

∑
x∈V

λki−1(x)(1−ξi−1(x))(Ti −Ti−1) =λ
n∑

i=1
ki−1(V )(Ti −Ti−1) =λAt ,

in which At is the sum of infected neighbors that are capable of infecting, over all

nodes and all n time points. Similarly, for recovery we obtain

n∑
i=1

∑
x∈V

µξi−1(x)(Ti −Ti−1) =µ
n∑

i=1
mi−1(V )(Ti −Ti−1) =µBt ,

in which mi−1(V ) is the number of infected nodes at time point Ti−1, and, con-

sequently, Bt is the sum of infected nodes over all n time points. Putting them

together results in

n∑
i=1

∑
x∈V

ri (x)(Ti −Ti−1) =λAt +µBt .(9.11)

For the first term in (9.10) we consider the product over the infections and recov-

eries in ri (x) for all n time points and |V | nodes. For each time interval [Ti−1,Ti ),

the rate ri (x) is either λki−1(x) or µ. Consequently, we obtain for the log of the

product over time intervals and over nodes

log
n∏

i=1

∏
x∈V

ri (x) =Ut logλ+Dt logµ+
n∑

i=1

∑
x∈V

logki−1(x),(9.12)

in which

Ut =
n∑

i=1

∑
x∈V

1{ξi−1(x) = 0} Dt =
n∑

i=1

∑
x∈V

1{ξi−1(x) = 1}(9.13)

are the number of upward and downward jumps across all nodes in V and time

intervals [Ti−1,Ti ), respectively, and 1{A} is the indicator function for the set A.

The log-likelihood can now be written as

logL(λ,µ) =Ut logλ+Dt logµ−λAt −µBt + c(k),(9.14)
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in which c(k) is the last term in (9.12) and does not depend on λ or µ. Differentiat-

ing with respect to λ and µ yields the maximum likelihood estimates

(9.15) λ̂= Ut

At
, µ̂= Dt

Bt
.

This means that λ̂ is defined as the ratio between the number of upward jumps

(Ut ) and the number of infected neighboring nodes that are capable of infecting

(At ) in time interval [0, t ], across all variables. Estimator µ̂ is defined as the ratio

between the number of downward jumps (Dt ) and the number of infected nodes

(Bt ) in time interval [0, t ], across all variables. According to Fiocco and van Zwet

(2004), PI is defined as

(9.16) ρ̂ = λ̂

µ̂
= Ut Bt

At Dt
.

From equation (C.9), it follows that the intervals [Ti −Ti−1] themselves are irrele-

vant; only the total time interval [0, t ] is important. Fiocco and van Zwet (2006)

have shown that the estimates for λ, µ, and ρ are consistent and asymptotically

normal. However, considering psychological and psychiatric measurements, the

assumption that the process is fully observed is untenable: that is, events can be

missed. For simplicity, we set the rate of missing events to 1, thereby assuming

that in ordinary ESM settings (i.e., in which symptoms or emotions are repeatedly

measured during several days) we do not miss more than 1 event between mea-

surements. We are interested in the behavior of ρ̂ in the context of finite samples

as well as assuming to have missed one event.

9.3.2 Network estimation

The basis for the method to estimate ρ, is the work of Fiocco and van Zwet (2004).

In their work, the network that generated the data has a known structure. In many

fields, such as psychology and psychopathology, network structures are unknown

and have to be inferred from data. To infer the network structure, one can use

any method that is consistent to the true underlying network. In this chapter,

we use the graphical VAR method (implemented in R package graphicalVAR,

version 0.1.2). This method is based on the graphical VAR model (Wild et al.,

2010) in which parameters are estimated through `1-regularization (Friedman

et al., 2008), and is combined with the extended Bayesian Information Criterion
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(EBIC) to choose the optimal tuning parameters (J. Chen & Chen, 2008). For a

detailed outline of the estimation procedure, see Abegaz and Wit (2013) and

Rothman et al. (2010). This method estimates two networks: one directed and one

undirected network. The directed network describes temporal effects, whereas

the undirected contemporaneous network describes relationships within time

points after controlling for the temporal effects (Epskamp, Waldorp, Mõttus, &

Borsboom, 2016). Since the contact process requires an undirected network, we

use the temporal network in which parameters > 0 are set to 1, and otherwise is

set to 0 (i.e., negative relationships are ignored, since the contact process does not

accommodate this).

Although the graphical VAR method has proven to yield accurate network

estimations (Abegaz & Wit, 2013), we assessed the quality under circumstances

similar to our data. For detailed information and the results of our validation

study with graphicalVAR, see Section C.2 in the Appendix.

9.4 Validation study

To assess the quality of our method to estimate ρ, we investigated the Mean

Squared Error (MSE), which consists of the squared bias and the variance of the

estimate. To investigate the bias and the variance, we generated simulated data.

First, we describe the design of validation study (the conditions, how the data was

simulated, and how the simulated data was analyzed). Second, we present the

results of the validation study.

9.4.1 Design

To simulate data, we generated three types of network structures. We generated

a lattice structure, for which estimator ρ originally was developed (Figure 9.2

left panel). In such a structure each node has 4 neighbors and is created with R
package igraph. To see how well ρ is estimated with a different network structure,

we also generated a network with 50% of the edges of a lattice randomly replaced

by other edges, connecting different nodes (Figure 9.2 middel panel), and a struc-

ture with 100% of the edges randomly replaced (Figure 9.2 right panel). Network

size was chosen to be close to the number of variables in our real data. For each

network type, we simulated four main data sets with four different parameter
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FIGURE 9.2. Simulated networks. Three types of networks in the validation study: a pure 2D

lattice structure (left panel), a network in which 50% of the edges of a lattice are randomly

replaced (middle panel), and a network in which 100% of the edges of a lattice are replaced

(right panel). All networks contain 32 edges as in the lattice structure, in which all nodes

have 4 edges (note that some edges are not visible, e.g., the edge from the upper left node

to the upper right node in the left panel is indistinguishable).

values (true parameters): ρ = .5, 1, 1.5, and 2. These four main data sets contain

eight groups of data sets with each 100 simulations. Sample size n ranges from

50, 70, 90, up to 190. This resulted in a 3×4×8 factorial design, with the factors

network type (lattice, 50% replaced, 100% replaced), ρ value (.5, 1, 1.5, 2), and

sample size (90, 70, ..., 190). Each of the 96 conditions was replicated 100 times.

9.4.1.1 Simulation process

With n the sample size, we drew n numbers from a Poisson distribution with rate

γ = λ+µ, where λ and µ are the infection and recovery rates. In our case, the

rate parameter γ represents both the infection and recovery parameters λ and

µ. The rate parameter γ is actually λ+µ. Since we use ρ = .5, 1, 1.5, and 2, while

keeping µ= 1 across all conditions, we obtain λ = .5, 1, 1.5, and 2. This means that

when, for instance, λ = 2 and µ = 1, γ= 3. As a result, if we want to simulate 50

observations, we draw 50 numbers from a Poisson distribution with γ= 3. This

returns 50 numbers that indicate the number of events per observation. These

events are simulated with transition probabilities as in equation C.4 (Section C.1

in the Appendix). Now, we have simulated the fully observed process. From this,

we draw our observations from the Poisson distribution (with the same rate γ= 3).
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This second draw does not perfectly coincide with the simulated events, resulting

in realistic missing of events. See Section C.3 in the Appendix for the R code.

9.4.1.2 Analysis of Mean Squared Error: Bias and variance

The first component of the MSE is the bias, i.e., the expected absolute difference

between the estimate and the true value. The bias is assessed by inspecting the

distributions of ρ̂ from our Monte Carlo simulations. Violin plots are used for

this purpose, in which a box plot and a kernel density plot are combined (Hintze

& Nelson, 1998). The second component of the MSE is the variance. Since the

variance is unknown, it has to be estimated. The usual way to do this is to calculate

the variance from the Fisher information. Fiocco and van Zwet (2004) stated,

however, that the sample variance yields a better estimate. We investigated both

Fisher information and sample variance by comparing them to the Monte Carlo

variance in Section C.4 in the Appendix. The Monte Carlo variance is the variance

of λ̂ and µ̂ of 100 simulations.

9.4.2 Results validation study

To assess the quality of the estimation method, we investigated the MSE of the

estimates. Inspecting the first component of the MSE (bias) reveals that ρ̂ shows

little bias; the estimate is consistently close to the true value for all conditions (see

Figure 9.3 for data simulated with 100% replaced network structures and Figures

C.3 and C.4 in Section C.5 of the Appendix for data simulated with lattice and 50%

replaced edges). Therefore, we conclude that ρ̂ is little biased.

The second component of the MSE is the variance. Since the variance is un-

known, we estimate it with the sample variance (for empirical evidence that the

sample variance is a better estimate than the Fisher information variance, see

Figure C.2 in Section C.4 of the Appendix). The sample variances of the simulated

data indicate that the variance of ρ̂ is overall quite low (see Figure 9.4 with 100%

replaced networks). The peaks arise from single data sets with one node having a

deviant (high) estimate of ρx . For results of data simulated with other network

structures (lattice and 50% replaced edges), see Figures C.5 and C.6 in Section C.6

of the Appendix).

To conclude, ρ̂ shows little bias and the variance is overall low, which makes it

a useful estimator in statistical analyses of the kind investigated here.
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FIGURE 9.3. Violin plots of the estimates of ρ. Distributions of estimates of 100 simulated

data sets with 100% replacement networks, increasing amount of observations (50, 70,...,

190) and with ρ = .5 (a), ρ = 1 (b), ρ = 1.5 (c), and ρ = 2 (d). The red lines indicate the true

value of ρ, with which the data was simulated.

FIGURE 9.4. Sample variances of simulated data based on a network with 100% replacement

structure and (a) ρ = .5, (b) ρ = 1, (c) ρ = 1.5, and (d) ρ = 2.
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9.5 Application of method to real data

To illustrate the utility of the presented method, we analyzed real data of patients

with depressive disorder. In this section, we first explain in what respect the

application of the contact process model differs when applying it to real patient

data and how we adjusted some parameters of the model. Second, we describe

the data, explicate how network structures were estimated and how the data was

analyzed. Third, we present the result of our application to real data.

9.5.1 Discrepancy between model and real data

As stated earlier, the basis for estimating PI is the contact process model which

evolves on a lattice (Fiocco & van Zwet, 2004). This has two important implica-

tions when applying it to real data. First, the contact process model assumes a

known and fixed network structure. Since the network structure of psychological

phenomena such as psychopathology is unknown and likely to differ across in-

dividuals, the network structure has to be estimated from empirical data. Since

the infection rate parameter is λ̂ = Ut /At (see equation 9.15), where At is the

number of infected neighbors, λ̂ strongly depends on the topology of the network,

in particular the degree. More densely connected networks will, therefore, tend

to have more infected neighbors and, consequently, smaller PIs. This means that

PIs of individuals with different networks cannot be compared. Therefore, we

correct PI for topology by dividing At by the average degree (i.e., 2E/|V |). Second,

the contact process assumes a closed system, meaning that there are no external

influences. In such a closed system, a symptom can only be activated by one or

more infected neighboring symptoms. In reality, when psychological variables are

measured in individuals, this is hardly ever the case. Other variables that are not

included in the study, could have had an effect on the measured variables. There-

fore, we adjusted the number of upward jumps Ut — this is basically counting all

instances in which a variable goes from 0 at time point t to 1 at t +1 — by only

counting the upward jumps that are preceded by one or more infected neighbors.

Violation of the assumption that the system is closed implies for the critical perco-

lation threshold ρc that it is unclear whether it is indeed 1. It should be noted that

the corrections in PI calculations alleviate the violation of assumptions to some

extent, but not entirely.
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9.5.2 Description of real data

We used data from a randomized controlled trial (RCT), containing ESM data

pertaining to a sample of depressed patients. During a six-week intervention

period, 68 patients self-collected ESM data on momentary affective responses

for three consecutive days a week for a maximum of 10 measurements per day.

Current affect was measured with four positive and six negative affect items

(cheerful, satisfied, enthusiastic, relaxed, down, suspicious, guilty, irritated, lonely,

and anxious) on a 7-point Likert scale (ranging from 1=“not at all” to 7=“very”). For

a detailed description of the data, see Kramer et al. (2014). In our study, positive

affect items were reverse coded such that a low score always means “no problems”

and a high score means “problems”. For example, when a patient is very relaxed

(i.e., originally scored 7 on that item), the score is 1 after reverse coding.

9.5.2.1 Hypothesis testing

As described in Appendix C (Section C.7), we have constructed two tests. First,

the one-sample t-test serves to test ρ̂ against a critical value ρc . Although the

value of ρc is unknown for systems that are not closed, we use ρc = 1 to mark

the balance between infection and recovery to illustrate how PI can be tested

against some critical value. Assuming ρc = 1, a PI larger than 1 indicates that

the symptoms in the network will remain active. Similarly, a PI smaller than 1

indicates the symptoms in the network will eventually die out. Second, the two-

sample t-test serves to test whether the PIs of two networks are equal (PI1 = PI2).

PIs of different individuals can be compared since we controled for differences

in density by dividing At (i.e., the number of infected neighbors) by the average

degree of the network.

Tests were performed at significance level α= .05. See Figure C.7 in Section

C.7 of the Appendix, for the quality of the test statistic.

9.5.3 Results of application to real data

To get reliable network estimates, a minimum of 50 measurements per patient

was applied (see Section C.2 Appendix). This resulted in 39 networks of which PI

ranged from 0 to 54.53 (M = 2.84, sd = 8.84). There were 14 patients (36%) with PI

> 1.
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We selected six patients as an example to illustrate the benefits of our approach

to analyze data at the individual level: three cases with PI< 1 and three cases with

PI> 1. We randomly chose patients with a wide range of PIs, excluding the ones

with extreme values. As Figure 9.5 seems to reveal, the three patients with PI< 1

have a lower average sum score (black line) than those with PI> 1. Indeed, when

inspecting all 39 patients, those with PI< 1 have a mean of M=28.62 (SD=6.51),

while this is M=41.36 (SD=6.98) for those with PI> 1. Interestingly, the sum scores

of selected patients appear to be primarily characterized by a lack of positive

mood (i.e., high scores on reverse coded positive items; blue line in Figure 9.5),

and only secondarily by a surplus of negative mood (red line in Figure 9.5), except

for patient 6.

From inspecting the networks in Figure 9.5 and table 9.1, it is hard to tell

which characteristics of the networks explain the height of the accompanying

PI. To investigate this, we correlated PI with six network properties. We found

only very weak correlations between PI and (1) average degree (r =−.03), (2) the

average shortest path length (spl; the average number of steps on the shortest

path between any pair of nodes; r = .02), (3) the number of edges within negative

mood items (down, irritated, lonely, anxious, and guilty; r =−.03), (4) the number

of edges within positive mood items (relaxed, satisfied, enthusiastic, and cheerful;

r =−.10), (5) number of edges between negative and positive mood items (r = .01),

and (6) global clustering coefficient (based on the number of triangles, also called

closed triplets; r = .11).

Zooming in on the node degree (i.e., the number of edges of a node), feeling

guilty was the only node with a higher, though still weak correlation with PI

(r = .29); the other nodes were correlated very weakly with PI (|r | < .16). A tentative

interpretation could be that in patients with more infectious networks, feeling

guilty plays an important role; in patients with high PI, feeling guilty affects or is

affected by other moods compared to patients with low PI.

Although percolation threshold ρc is unknown, we still performed one-sample

t-tests as an illustration of how PI can be tested against a fixed value, in this

case the value of 1. One-sample t-tests showed that only PI of patients 1 was

smaller than the percolation threshold of 1, whereas PIs of other patients did not

significantly differ from 1 at the 0.05 level (see diagonal of Table 9.2). Comparison

of PIs among patients revealed that patient 4 had a significantly higher PI that that

of patient 1 and 2. All other patients did not differ significantly. This could indicate
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FIGURE 9.5. Real data of six patients. The figure represents results for three patients with PI<
1 (left) and three with PI> 1 (right). Displayed are sum scores on each time point (black)

and separate sum scores of positive (blue) and negative (red) mood items. The resulting

networks are depicted with the following abbreviations: dow – down, irr – irritated, lon

– lonely, anx – anxious, sus – suspicious, gui – guilty, rel – relaxed, sat – satisfied, ent –

enthusiastic, che – cheerful.

TABLE 9.1. PI and centrality measures. Average degree, average shortest path length (spl),

and the degree of node “guilty” for six selected patients: three with PI < 1 (patient 1

through 3) and three with PI > 1 (patient 4 through 6).

patient PI average degree average spl degree ’guilty’
1 .06 1.4 7.73 1
2 .61 2.2 4.87 6
3 .73 4.0 3.22 1
4 2.10 4.2 3.18 6
5 3.09 2.4 3.69 4
6 3.42 1.4 6.98 1
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that, in general, the variance in ρ̂ is very large. Since the variance of ρ̂ is based on

the sample variance (i.e., based on the estimates of ρ̂ per node; see [Van Borkulo

et al. (2017)]), this could imply that the separate estimates of ρ are more diverse

than would be expected according to contact process model in which there is one

ρ̂ for the network as a whole.

TABLE 9.2. Results of t-tests. The diagonal contains p values of (one-sided) one-sample

t-tests (H0 : ρi = 1). The off-diagonal contains p values of two-sample t-tests (H0 : ρi = ρ j ).

For comparison between two high or two low PI patients, a two-sided test was performed.

Patients 1, 2, and 3 have PI < 1, whereas patients 4, 5, and 6 have PI > 1.

1 2 3 4 5 6
1 .008
2 .107 .116
3 .478 687 .492
4 .002 .004 .081 .084
5 .846 .859 .875 .956 .465
6 .122 .127 .138 .435 .877 .256

Estimation of PI is based on the estimated network and the data with a certain

number of observations that can differ for each individual. As network estimation

converges to the true underlying network structure with increasing number of

observations (Abegaz & Wit, 2013), it is of importance to investigate the effect of

network mis-specification on PI estimates. We evaluated stability of PI estima-

tion under conditions similar to our real data, by generating networks (i.e., true

networks) and data according to Yin and Li (2011). We generated 1000 temporal

and contemporaneous networks with 10 nodes, using a constant of 1.1, 50% nega-

tive edges. Density of the contemporaneous network was set to .3, density of the

temporal network was set to .1, .3, and .5. Number of simulated time points was

200, resulting in 1000 data sets. Data sets were dichotomized by splitting on the

mean per variable, to comply to the method in this chapter to estimate PI. Sen-

sitivity to network mis-specification on PI estimates was assessed by inspecting

the difference between PI estimates based on the true network (PItr ue ) and the

estimated network (PIest ). These simulations concern true contact processes and,

therefore, closed processes. Moreover, the same types of networks are used in each

condition. Therefore, we used the original estimator of PI without adjustments.

Figure 9.6 shows that differences between PItr ue and PIest are overall small

(M = .34,SD = .31). For temporal networks with the lowest density (.1), sensitivity
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FIGURE 9.6. Boxplots of differences between PI estimates based on the true and estimated

networks. Temporal networks were generated with varying densities (.1, .3, and .5).

for network mis-specification is somewhat increased, since the difference between

PItr ue and PIest is rather high (M = .60) with a large range of difference scores

(SD = .41). For higher densities (.3 and .5), the difference between PItr ue and PIest

is low (M = .15,SD = .06). To conclude, sensitivity to network mis-specification is

small. However, for temporal networks with low density (.1), caution should be

exercised when drawing conclusions about real data.

9.6 Discussion

In this chapter, we presented the contact process model as the first implemen-

tation of a method that, according to percolation theory, is able to predict the

dynamics of an individual′s mental disorder in the long run. We proposed the

Percolation Indicator (PI) as a statistic to assess whether the symptom network

is likely to stay infected or will plausibly recover. The present research indicates

that the proposed estimation method performs well: the estimate of PI shows

little bias and overall low variance across a variety of network architectures and

parameterizations. Importantly, the model does not assume stationarity and

equidistant measurements, as customary in many alternative frameworks, which

makes it highly useful for data collection methods that characteristically lead to
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unequally spaced measurement points, like ESM (Bolger et al., 2003; Larson &

Csikszentmihalyi, 1983). Furthermore, estimation of PI seems to be little affected

by misspecification of the network.

To illustrate the utility of the methodology, we provided an illustrative applica-

tion to an ESM data set obtained in a clinical trial. To handle real data, we made

two adjustments to the model. First, we adjusted for external influences which

are not accommodated in the contact process model, since the latter is about

closed systems. According to the contact process model, a symptom in a network

can only be infected by one of its infected neighboring symptoms. Consequently,

the model does not allow for symptoms to get infected, without being preceded

by an infected neighboring symptom. In real data, however, it seems unlikely

that all relevant nodes are included in the network, and so a node could change

to 1 without its neighbors in the obtained network being infected. Therefore, to

estimate PI, we only count upward jumps if they are preceded by at least one

infected neighbor, as opposed to counting all upward jumps according to the

original contact process model. The second adjustment concerns the effect of

density of the estimated network on PI. Since the number of infected neighbors

— which is in the denominator of PI — is generally higher in more densely con-

nected networks, PI will be lower. This results in incomparable PIs. To control for

this effect of density on PI, we divided the number of infected neighbors by the

average degree of the network (2 x number of edges / number of nodes), which

is related to density. With these adjustments, PIs are more comparable and the

assumption that ρc = 1 is more justified.

The application to real data revealed a substantial amount of participants

with PI> 1, which seems a plausible result, given that the data was collected from

depressed patients. We developed a one sample t-test for testing whether the

percolation indicator is above or below a critical percolation threshold. Applying

the method to a subsample of three patients with PI < 1 and three patients with PI

> 1 showed that only the first patient with the lowest PI has a value significantly

different (lower) than 1. Thus, our model would predict that activity will eventually

die out in the network of the first patient, whereas it is inconclusive whether

activity will remain or die out in the long run in the network of the other patients.

Whether PI indeed has predictive power, needs to be investigated. To this

end, one would need ESM data (to estimate the network structure and PI) and

a follow-up measurement (to investigate how well PI predicts how the disorder

164



9.6. DISCUSSION

evolves). Also, predictive power of PI should be evaluated against existing clinical

measures. Examples of known predictors of recovery from depression are prior

depression (M. B. Keller, 2003), suicidal ideation and parental report of problem

behaviors (Rohde, Seeley, Kaufman, Clarke, & Stice, 2006), and brain connectivity

characteristics (Patel et al., 2015). However, many of these clinical measures are

unmodifiable. Identifying measures that are modifiable is of most interest, since

clinical treatment could benefit from this. Ultimately, if PI turns out to have good

predictive quality, investigating alterations of individual network structures could

guide efforts to improve clinical treatment.

The model as presented here has some restrictions but could be extended

in several ways. Besides the adjustment of two parameters of the model, we

will discuss four extensions. First, our model involves only two parameters that

apply to the network as a whole, which combine to one PI: infection rate λ and

recovery rate µ. A possible alternative model involves more precise specification

of parameter values of individual nodes. It is conceivable that each node has its

own level of infectiousness. For example, depressive symptom feeling sad is more

likely to affect loss of interest and fatigue than suicidal thoughts, whereas suicidal

thoughts may be affected by feelings of worthlessness and guilt. That this could

be the case in our real data, might be illustrated by the fact that PIs of our real

patients do not differ significantly from each other. This must be the result of

the relatively large variance of PI, which is based on the variance of the infection

rate parameter per node. If PI is based on the infectiousness per node, instead

of on the network as a whole, the PI should be modified accordingly, since the

correspondence with the classic basic reproduction number (Kolaczyk, 2009) is

then lost when the homogeneity across the connections is lost.

A second extension could relax the restriction that a node is equally likely to

be infected by any of its neighbors (e.g., feeling sad affects loss of interest and

fatigue to the same extent). It is conceivable that the probability of being infected

is different for different neighbors (e.g., feeling sad may affect loss of interest

more than fatigue). Note, however, that although alternative models could have

a better fit — a preliminary analysis with the real data, for example, in which we

compared the fit of our original model with the alternative model with separate

PIs for each node, revealed that the alternative model fitted best in most of the

cases (results not shown here) — it is unclear to what extent this matters for

prediction. Estimating more parameters clearly wins one flexibility, but may also
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result in estimation problems as more parameters have to be estimated from the

same data. Further research is needed to establish the relative merits of more

versus less restricted models in practical situations.

Third, the proposed method assumes networks to be stable over time. For

disorders characterized by stable patterns of dysfunction, like (untreated) person-

ality disorders, this may not be problematic. However, in less chronic or episodic

disorders, such as those related to depression or anxiety, it is likely that psy-

chopathology changes over time and network structures will change accordingly.

In such cases, it may be important to include evolution of the model architecture

over time in the estimation method; rather than a single value, we may obtain a

pattern of PI values as they evolve over time. Such a pattern may yield important

information that could be useful in treatment selection: in time frames where

the PI is close to its tipping point, a small nudge to one or two elements in the

network may be enough to push the system in an alternative stable state.

A fourth extension involves including external factors in the model. As pre-

sented in this chapter, the model is about a closed system that does not take

external influences (e.g., stressful life events or therapy) into account. One could,

for example, measure a variable called stressful event. The resulting network will

reveal which symptoms or affective responses are influenced by external factors

(i.e., stressful events), given that the network structure is stable during the time of

measurement. According to the network perspective on psychopathology, how-

ever, changing a patient′s network structure could be the aim of an intervention.

Including beginning of treatment in the network is not trivial, though, if one is

willing to assume that treatment might change network structure. In that case,

one could consider measuring before and after treatment. Consequently, two

networks can be estimated and accompanying PIs can be calculated and com-

pared. If one is interested in how each session influences the internal system of

affective responses or symptoms, one could model therapy session as variable.

One way to model this external factor is, when taking weekly therapy sessions as

an example, to assume that when an individual gets therapy, the dichotomous

therapy session variable takes on the value 1 for a certain time. If one is willing to

assume that effect of therapy is present for the next three days, than the therapy

variable takes on the value 1 during all measurements in the three days following

the moment of therapy. After three days the therapy variable is assigned the value

0 (no therapy). Furthermore, for calculating PI, the therapy node can only be
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counted as an infected neighbor that is capable of infecting a connected node,

but the state of the therapy node itself cannot contribute to the calculation of PI.

To conclude, more knowledge on characteristics of individuals′ networks,

such as the PI, might reveal important information about person-specific clinical

disorder characteristics. One suggestive hypothesis is that patients with persistent

disorders have more infectious network structures and, therefore, do not recover

as easily as others. From our real patient data, we could hypothesize that the

infectiousness is, at least partly, determined by feeling guilty as this mood state

plays a more important role in persisters; the number of temporal associations

of feeling guilty with other mood states is related to PI and, therefore, may be

predictive of future course. Information on PI and the specific structure of a

patient′s symptom dynamics may also guide clinical therapy, since important

symptoms in the infectious network could be targeted using micro-interventions.

Intervening on an important symptom or connection could alter the network

structure, thereby lowering the infectiousness of the system as a whole. From

our real data application, feeling guilty seems a plausible candidate. However,

additional research with ESM data at symptom level is required to substantiate

these hypotheses. Currently, most (if not all) ESM data concern affective responses

or mood states, as the present empirical example does. Although mood and affect

dynamics are considered to be indicative of future course of a mental disorder

(Wichers, 2014; Wichers et al., 2009; Wichers, Wigman, & Myin-Germeys, 2015),

more research is needed to demonstrate this. Thus, in the future, applying our

model to DSM criteria (American Psychiatric Association, 2013) might steer us to

new ideas pertaining to clinical definitions of disorders.
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CHAPTER 10. A REVIEW OF RECENT INSIGHTS

T
he network perspective on psychopathology understands mental disorders

as complex networks of interacting symptoms. Despite its recent debut,

with conceptual foundations in 2008 and empirical foundations in 2010,

the framework has received considerable attention and recognition in the last

years. This paper provides a review of all empirical network studies published

between 2010 and 2016 and discusses them according to three main themes:

comorbidity, prediction, and clinical intervention. Pertaining to comorbidity, the

network approach provides a powerful new framework to explain why certain

disorders may co-occur more often than others. For prediction, studies have con-

sistently found that symptom networks of people with mental disorders show

different characteristics than that of healthy individuals, and preliminary evidence

suggests that networks of healthy people show early warning signals before shift-

ing into disordered states. For intervention, centrality — a metric that measures

how connected and clinically relevant a symptom is in a network — is the most

commonly studied topic, and numerous studies have suggested that targeting the

most central symptoms may offer novel therapeutic strategies. We sketch future di-

rections for the network approach pertaining to both clinical and methodological

research, and conclude that network analysis has yielded important insights and

may provide an important inroad towards personalized medicine by investigating

the network structures of individual patients.

10.1 Introduction

In the last years, a growing number of publications have studied mental disor-

ders, such as Major Depressive Disorder (MDD), Post-Traumatic Stress Disorder

(PTSD), and psychosis as networks of interacting symptoms. Although this sci-

entific discipline is young, with its conceptual roots in 2008 (Borsboom, 2008)

and its empirical foundations in 2010 (Cramer et al., 2010), it is fast-moving and

has gained considerable recognition. The big step forward within the last years

has been the development of statistical models that allow for the estimation of

empirical psychopathology networks. The present paper aims to provide a re-

view of the contemporary empirical literature on this network conceptualization

of psychopathology. For more information on the methodology behind these

empirical papers — network psychometrics — we refer the interested reader

elsewhere (Bringmann, Hamaker, et al., 2016; Bringmann et al., 2013; Epskamp,
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FIGURE 10.1. Examples of a directed and undirected network. Network based on time-

series data, which thus leads to a directed network (A); pairwise associations among eight

symptoms of a hypothetical patient Susan. Network based on cross-sectional data, which

thus leads to an undirected network (B); pairwise associations among eight symptoms in

a hypothetical group of patients.

Kruis, & Marsman, 2016; Epskamp, Maris, et al., 2016; Haslbeck & Waldorp, 2015;

Schuurman, Ferrer, de Boer-Sonnenschein, & Hamaker, 2016; Van Borkulo et al.,

2014).

According to the network perspective on psychopathology, a mental disorder

can be viewed as a system of interacting symptoms. From this perspective, the

causal interplay between symptoms constitutes mental disorders (Borsboom &

Cramer, 2013; Cramer et al., 2010; Kendler et al., 2011). Taking Major Depressive

Disorder (MDD) as an example, depressed patients often experience symptoms,

such as sadness, anhedonia, fatigue, insomnia, concentration problems, and sui-

cidal ideation (American Psychiatric Association, 2013), and it is easy to envision

causal relationships among these problems, for instance, fatigue → insomnia →
concentration problems, or sadness → anhedonia → suicidal ideation. Figure

10.1a shows an example of such a directed network for a hypothetical depressed

patient Susan. Figure 10.1b, on the other hand, depicts an undirected network

estimated in a group of people in cross-sectional data.

The remainder of the paper is organized into four sections. First, we review

publications that aim to explain the comorbidity rates among mental disorders

using the network approach. Second, we summarize network studies that have

been conducted with the aim of predicting the course of disorders, and to identify
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indicators of a worse prognosis. Third, we discuss what insights network studies

have yielded for clinical intervention. Finally, we discuss implications for future

clinical practice and how the network perspective can move forward.

10.2 Comorbidity

The presence of multiple disorders at the same time is extremely common in

the realm of psychopathology (Kessler et al., 2005). Comorbidity has received

considerable attention in the clinical literature, because patients diagnosed with

multiple disorders have poorer prognosis, worse treatment outcomes, and higher

suicide rates (Nock et al., 2010; Schoevers et al., 2005).

10.2.1 Comorbidity from a network perspective

Traditionally, comorbid mental disorders are understood as different disorders,

while the network approach hypothesizes that they may co-occur due to mutual

interactions among symptoms (Cramer et al., 2010). Comorbidity, in that view,

arises when there are symptoms that bridge two disorders. These so-called bridge

symptoms can spread activation from one disorder to the other. Figure 10.2 rep-

resents such a case where a person first develops disorder X (in response to an

environmental stressor E), then the bridge symptoms B, and finally disorder Y. X

could be MDD, Y could be Generalized Anxiety Disorder (GAD) that often occurs

together with MDD, and the bridge symptoms B could be sleep problems, fatigue,

concentration problems, or psychomotor agitation that are part of both MDD and

GAD DSM-5 criteria (American Psychiatric Association, 2013).

Note that there are numerous other possibilities from a network perspective to

explain the comorbidity between X and Y: activation may go the other way around

(Y → B → X), or a person could also develop the bridge symptoms B first, and then

at the same time both X and Y.

10.2.2 Comorbidity in empirical data

Several cross-sectional studies have investigated how symptoms are related across

disorders. In the first empirical network study on the subject, Cramer et al. (2010)

found that the empirical network structure of MDD and GAD symptoms in a

general population sample was entangled. A recent paper replicated these findings
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FIGURE 10.2. How comorbidity can arise according to the network approach. Disorder

X consists of the eight symptoms X1-X5 and B1-B3, and disorder Y consists of the eight

symptoms Y1-Y5 and B1-B3. B1-B3 are bridge symptoms that feature in both diagnoses.

In this case, a person first develops X3 in response to an environmental stressor E, then

symptoms of disorder X, then bridge symptoms B, and finally symptoms of disorder Y.

in a large clinical sample, also concluding that MDD and GAD symptoms are

strongly interconnected (Beard et al., 2016). Another team of researchers studied

the comorbidity of MDD and complicated grief (Robinaugh et al., 2014), and

showed that symptoms form two distinct clusters that are connected through

the symptoms loneliness, emotional pain, and emotional numbing. The authors

suggested that emotional pain may be a promising target for psychotherapeutic

interventions.

Boschloo et al. (2015) used a network analysis in a data set with over 34,000

patients interviewed on 120 symptoms of 12 major DSM-IV disorders. In the

resulting network, no sharp boundaries were found between the 12 disorders (i.e.,

symptoms of different diagnoses were related to each other across diagnoses), and

there was substantial symptom overlap across diagnoses. The authors repeated
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this analysis in a community sample of 2175 preadolescents with 95 emotional

and behavioral problems, with similar results (Boschloo, Van Borkulo, et al., 2016).

Comorbidity research from a network perspective has also generated new

hypotheses for Autism Spectrum Disorder (ASD) and Obsessive-Compulsive Dis-

order (OCD), both of which share repetitive behaviors. A study in a clinical sample

of 213 children revealed that repetitive behaviors seem to connect ASD and OCD

symptom clusters, and the authors also found evidence that repetitive behaviors

may differ somewhat in people with ASD and people with OCD (Ruzzano et al.,

2014).

One implication of the network view on comorbidity is that diagnoses may

co-occur as a function of their number of shared symptoms. As described above,

MDD and GAD should have relatively high comorbidities, whereas disorders that

share no symptoms, such as schizophrenia and specific phobias, should rarely

co-occur because of the lack of bridge symptoms that can transport information.

Interestingly, this implication does not derive from the traditional conceptual-

ization of mental disorders as medical conditions, where disorders cause their

symptoms (Fried, 2015; Schmittmann et al., 2013). The fact that diagnoses for HIV,

cancer, and tuberculosis may share more or less symptoms should not impact

strongly on their rates of comorbidity, seeing that they have independent common

causes. One study tested that prediction and measured how related the networks

of different mental disorders are. They found that empirical comorbidity rates

were related to distances between disorders in an analysis of symptom overlap

in the DSM (Borsboom et al., 2011).1 This means that when two disorders, such

as MDD and Dysthymia, share multiple symptoms, the distance between these

disorders in the DSM network is small and one can easily travel from one disorder

to the other.2

To conclude, zooming in on disorders at symptom level (Fried, Boschloo, et al.,

2015; Persons, 1986), as the network perspective does, reveals how comorbidity

might come about. Currently, this issue is empirically unresolved, and the way

comorbidity arises may very well be different for different people with the same

comorbid diagnoses and different for different types of comorbid diagnoses.

1Note that this DSM network is not based on empirical data, but each node in the network is a
symptom as listed in the DSM. Overlapping symptoms are depicted as one and the same node.

2The network distance between symptoms of different disorders is based on the average shortest
path length. This measure is calculated by averaging the number of steps (i.e., the number of connections)
to travel from each symptom of one disorder to each symptom of the other disorder (Opsahl et al., 2010).
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10.3 Prediction

While many people experience single symptoms, only part of them develop a

mental disorder. One of the most important areas of clinical research is thus

the prediction of psychopathology onset, which would allow clinicians earlier

interventions. The network literature on prediction has, thus far, focused on two

aspects: (1) so-called early warning signals that may indicate the upcoming onset

of psychopathology for a specific patient and (2) characteristics of group-level

networks that may help predict the future course of psychopathology. It is of note

that the work on prediction has mostly investigated emotion dynamics (Kuppens

et al., 2010) — the temporal associations between emotions, such as sadness,

anger, fear, or being content — while little research has been conducted on the

dynamics among a broader set of problems or symptoms like insomnia, fatigue,

and concentration problems. Such investigations are a topic of future research

(Cramer et al., 2016).

10.3.1 Early warning signals

The conceptualization of mental disorders as networks of interacting symptoms

allows utilizing insights from scientific fields in which complex systems are well

known. One of the most important features of complex systems in this regard

is that they can display phase transitions (Scheffer et al., 2009) which mark the

transitions between healthy and “disordered” states (Leemput et al., 2014). Iden-

tifying early warnings of such transitions is a promising line of research known

from other fields, such as ecology or financial markets, where systems can reach a

tipping point (Dakos et al., 2012; Leemput et al., 2014; Scheffer et al., 2009). Lakes,

for example, can shift from a clear state to a turbid state, and it is an important

question how to best predict such tipping points. Interestingly, right before such

phase transitions from one state to another, a system displays early warning sig-

nals. Specifically, transitions are preceded by a phenomenon referred to as critical

slowing down (Scheffer et al., 2009; Strogatz, 2014; Van Nes & Scheffer, 2005),

which means that it takes longer for a system to recover from perturbations. This

is reflected by the fact that the system becomes more predictable by its previous

states: when close to a transition, the dynamics slow down.
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We can use the network of Susan (Figure 10.1a) as an example of a bi-stable

system with two attractor states: a healthy and a sick state. Assume Susan is

now in a healthy state, and an early warning signal would indicate an upcoming

tipping point, where her system may suddenly move from healthy to sick. Before a

transition occurs, the system slows down, which implies that we can more reliably

predict the state of the system at the next time point. In statistical terms, one such

sign is increasing autoregressive coefficients (i.e., the self-predictive pathways

from a symptom or emotion to itself across time).

Leemput et al. (2014) estimated emotion dynamics during critical transitions

from healthy to depressed states to see whether these are preceded by early warn-

ing signals. Analyzing a large time-series data set, the authors showed that systems

exhibited signs of critical slowing down before critical transitions (Leemput et

al., 2014). A second study on early warning signals was published recently on one

depressed patient that was measured over 239 days (1474 measurements). This

intensive idiographic study, in which the patient decreased his antidepressant

intake, also shows evidence for early warning signals before he transitioned into a

depressive episode (Wichers et al., 2016). There is also some work showing that

individuals with higher levels of inertia in their emotion dynamics are more likely

to develop depression 2.5 years later (Kuppens et al., 2012). Inertia also refers to

autocorrelations and implies that emotion networks of individuals at higher risk

to develop depression on the long term are characterized by a slower recovery

from a given perturbation (i.e., the emotion networks of people at higher risk

might recover more slowly from the effect of external influences than those at

lower risk). While further investigations are required to understand the nature

of emotional inertia, it has been considered “a hallmark of maladaptive emotion

dynamics” (Kuppens et al., 2010, p. 984).

An interesting topic in this context is the observation that phase transitions

may be more pronounced with increasing levels of connectivity. That is, for weakly

connected symptom networks, negative external conditions (i.e., stressful events)

lead to a gradual increase in symptoms, whereas for strongly connected networks,

external stress leads to a sudden shift from a healthy to depressed state (Leemput

et al., 2014); simulation studies with depression networks support this notion

(Cramer et al., 2016; Van Borkulo et al., 2013). This may shed new light on a

long-standing discussion whether psychopathology is dimensional or categorical

(Borsboom et al., 2016): networks with weak connectivity may behave as a con-
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tinuum in response to stress (i.e., no sudden phase transition; psychopathology

is dimensional), while networks with strong connectivity may behave as either

healthy or disordered (i.e., sudden phase transitions; psychopathology is categori-

cal). This implies that different people may have the same diagnosis, for instance

MDD, but that the connectivity of the network structure would determine whether

the disorder is a continuum or a dimension for them.

10.3.2 Prediction via network characteristics

Another important aspect of network research is the prediction of the course

of psychopathology from network characteristics of groups of individuals. Two

studies showed that the temporal emotion networks of patients with MDD and

psychosis (Pe et al., 2015; Wigman et al., 2015) were more strongly connected than

the temporal emotion networks of healthy controls. Stronger temporal connec-

tions between emotions mean that the state of an emotion at a certain timepoint

depends strongly on the state of emotions at the previous timepoint. In another

study, Van Borkulo et al. (2015) hypothesized that higher levels of connectivity

in depressed patients at baseline are associated with worse outcomes at 2-year

follow-up. They found that patients with persistent depression at follow-up had

a more densely connected cross-sectional network at baseline compared to re-

mitted patients at follow-up — even after controlling for differences in severity

(Van Borkulo et al., 2015). This is consistent with other work arguing that more

densely connected temporal network structures may be more vulnerable to psy-

chopathology (Wichers et al., 2015). Whether this also applies to particular individ-

uals (in contrast to network structures at the group level), however, remains to be

investigated with within-person analyses (E. H. Bos & Wanders, 2016; Van Borkulo,

Borsboom, & Schoevers, 2016).

Another study on predicting the future course of psychopathology showed

that the most interconnected or central depression symptoms in the baseline

network were the ones most predictive of future MDD onset (Boschloo, Schoevers,

et al., 2016). Fatigue and depressed mood, for example, were more predictive of

MDD than other symptoms. This implies that the nature of symptoms may play

an important role above and beyond the number of symptoms (Fried & Nesse,

2015b).

177



CHAPTER 10. A REVIEW OF RECENT INSIGHTS

10.4 Clinical intervention

Network analysis may provide promising leads towards improving clinical pre-

vention and intervention strategies by investigating which symptoms are more

strongly connected or more central than others. In this section, we will first ex-

plain the concept of centrality, and then discuss the results of research that points

to possible targets for intervention.

10.4.1 The concept of centrality

If a symptom (e.g., depressed mood) has many connections to other symptoms in

a psychopathological system, it may cause the development of these symptoms.

The number of connections of a symptom is known as degree centrality. This

type of centrality is illustrated in Figure 10.3: the red symptom is connected to six

other symptoms, whereas all other nodes have a lower number of connections (as

indicated by the numbers in each node). The red node thus has a high (degree)

centrality and, consequently, may be seen as a risk factor for developing further

symptoms (Borsboom & Cramer, 2013; Bringmann et al., 2013; Fried, Epskamp,

et al., 2016; Goekoop & Goekoop, 2014; Van Bork, Van Borkulo, Waldorp, Cramer,

& Borsboom, n.d.). That is, if someone develops a symptom that is central, the

probability of developing other symptoms will increase more than when someone

develops a peripheral symptom.

Degree centrality can be understood to quantify the importance of a node in

the network. Other common centrality measures are closeness and betweenness

(Opsahl et al., 2010), and several papers have described and calculated these

centrality measures for psychopathological networks (Fried, Epskamp, et al., 2016;

Van Bork et al., n.d.). In directed networks (e.g., longitudinal network models,

where nodes predict other nodes over time), degree can be further specified with

indegree being the number of connections pointing towards the focal symptom

and outdegree being the number of connections pointing from the focal symptom

to other symptoms (cf. Bringmann et al., 2013). Especially, symptoms with a high

outdegree might be viable targets for intervention, since they influence many

other symptoms.
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FIGURE 10.3. Psychopathological network showing the pairwise associations among ten

symptoms. Each node depicts a number that is the sum of all connections of the node with

all other nodes, called degree centrality. The red node has the highest degree centrality

with six connections.

10.4.2 What are good symptoms for clinical intervention?

Providing an overview of which symptoms are more central than others across

studies turns out to be a challenging task for several reasons. Different studies

used different variables, making comparisons across studies challenging. For

MDD, for instance, different questionnaires were used to assess symptomatology,

or researchers analyzed other types of variables, such as emotions or mental states

(Bringmann, Pe, et al., 2016; Pe et al., 2015; Wigman et al., 2015). Other factors

that vary across studies are the temporal nature of the data (cross-sectional vs.

time-series data), the particular samples studied (e.g., healthy, moderately de-

pressed, and severely depressed samples), and the network estimation methods

(e.g., Bringmann et al., 2013; Epskamp & Fried, 2016). With these caveats in mind,

it seems that the two DSM-5 (American Psychiatric Association, 2013) core symp-

toms of MDD episode — depressed mood and loss of interest/pleasure — along

with energy/fatigue consistently appear as central symptoms and could thus be
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understood as potential targets for intervention (Boschloo, Van Borkulo, et al.,

2016; Bringmann et al., 2015; Cramer et al., 2010; Fried, Epskamp, et al., 2016;

Koenders et al., 2015).

Since other disorders have not been investigated as frequently, it is not possi-

ble to identify similarities across studies. Therefore, we summarize the available

literature, urging researchers to replicate these results before translating them

into clinical settings. A cross-sectional network study of 2405 adults with different

substance abuse disorders revealed that using the substance longer than planned

and that the drug interferes with life significantly were highly central (Rhemtulla

et al., 2016). Interestingly, these problems appear in the later course of the dis-

order, and provide a great example for central symptoms that may not prove to

be the best targets for clinical intervention. The symptoms may be central in the

cross-sectional substance abuse study primarily because they often develop as a

consequence of other symptoms. Rhemtulla et al. (2016) also found that the most

central symptoms in the full sample differed considerably in their centrality across

subgroups of people with different types of substance use disorders (cannabis,

sedatives, stimulants, cocaine, opioids, and hallucinogens). For PTSD, McNally et

al. (2015) concluded from analyzing crosssectional data that hypervigilance, im-

paired concentration, and physiological reactivity to reminders of the trauma are

promising targets for intervention (McNally et al., 2015). Sleep difficulty was also

among the most central symptoms, and aiming to stabilize patients′ sleep might

be a promising strategy (even before initiating other forms of psychotherapy),

which could induce a cascade of symptom deactivation.

Researchers have also included variables other than the symptoms of the

disorder itself in networks. First, a crosssectional study on psychosis included in-

formation on childhood trauma in the network of psychosis and psychopathology

symptoms, such as anxiety and depression. Different types of childhood trauma

were related to psychosis symptoms, but only through general psychopathology

symptoms, such as anxiety (Isvoranu, Van Borkulo, et al., 2016). Second, protec-

tive (resilience) variables might also be included in psychopathological networks

(for a brief discussion, see Borsboom et al., 2011). To our knowledge, only one

cross-sectional study investigated this, though not on a symptom level (Hoorel-

beke, Marchetti, De Schryver, & Koster, 2016). The authors found resilience to

be related to remission of depression and showed it was central in a network

with composite scores of other cognitive processes, such as cognitive control,
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experienced cognitive functioning, maladaptive emotion regulation, and residual

depressive symptomatology. Third, Heeren and McNally (2016) investigated the

cross-sectional network structure of the core symptoms (fear and avoidance) of

Social Anxiety Disorder (SAD) with laboratory measures on attention bias. They

found that attention bias played an important role in the network, arguing that

process-level measures from laboratory tasks can shed more light on the mecha-

nisms of SAD (Heeren & McNally, 2016).

10.5 Future directions

Much exploratory network research has been conducted in the field of psy-

chopathology network research: but where do we go from here? In this section, we

will discuss some future perspectives, structured into clinical and methodological

research.

10.5.1 Clinical research

From a clinical perspective, we suggest to investigate four topics. First, the network

framework generates specific hypotheses about treating disorders that should be

explored. In treating comorbid disorders, such as MDD and GAD, for example,

targeting bridge symptoms that transfer influence from one part of the network

to the other should be the strategy of choice. A related hypothesis is that targeting

central symptoms should reduce patients′ symptomatology (Fried, Epskamp, et

al., 2016).3 As the majority of research on finding possible targets for intervention

is based on crosssectional data, it is unclear whether an undirected edge between

symptoms A and B implies A → B, A ← B, or A ↔ B.4 Longitudinal analyses allow

for an estimation of directed networks which reveal the direction of the association

between symptoms, such as A and B (e.g., Bringmann et al., 2015), and present a

more promising route to investigate possible targets for clinical intervention.

3The simulation tool “vax” provides a beautiful explanation of centrality and shows how such
treatment should work by targeting the most central nodes: http://vax.herokuapp.com/game.

4Note that there are two further possibilities that can explain an undirected edge between A and
B: an unmodeled influence of a (set of) latent variables C (A ← C → B); and conditioning on a common
effect D such that A → D ← B. The latter can arise if D is a variable included in the network, but also when
it is not, for instance when the investigated sample has been selected on (a function of) a common effect
of the variables in the network.
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Second, and related to the previous point, it should be investigated whether

intervening on central symptoms will actually bring benefits to patients. Although

studies have collected ESM data in therapeutic settings to provide feedback on

patterns of affect (aan het Rot et al., 2012; Hartmann et al., 2015; Kramer et al.,

2014), these data have not been analyzed using network models to derive, for

instance, the most central symptoms — and a large crowdsourcing study that

does provide feedback via personalized dynamic networks does so only outside

a therapeutic setting (Krieke et al., 2016). Merging these two approaches may

provide valuable insights, and we are aware of one such pioneering case study

that investigated personalized feedback based on network models within a thera-

peutic setting (Kroeze et al., 2016). In addition to treatment as usual, the patient

received feedback on symptom dynamics and explored the feasibility, acceptabil-

ity, and usability of such an integrated individualized network approach. This

initiated a therapeutic dialogue about possible causes of treatment resistance

and may provide new directions towards personalized medicine (Molenaar, 2004;

Myin-Germeys et al., 2009). While it may not always be feasible or possible to

target a specific symptom, establishing that the network framework provides good

explanatory and predictive models of psychopathology may imply the need for

developing new approaches for targeting specific symptoms.

Third, it would be worthwhile to apply the network perspective to yet unex-

plored mental disorders. The temporal dynamics of symptoms of Binge Eating

Disorder (BED), for example, may be a suitable candidate (American Psychi-

atric Association, 2013). One causal pathway could be between the symptoms

eating until one feels uncomfortably full and feeling disgusted, depressed, or

guilty, which could provide insights into risk factors for the development of BED

episodes.

Fourth, besides looking at the interactions of problems (e.g., symptoms), study-

ing factors that contribute to resilience may be worthwhile pursuing (Garmezy,

1987; Luthar, Cicchetti, & Becker, 2000). Investigating the role of protective factors

in psychopathology networks might inform us how these two opposing forces

relate to each other, and eventually inform clinical practice. For example, Alice

may benefit from more social interactions in case social isolation leads to sad

mood, while Bob may benefit from physical activity in case sad mood is preceded

by lack of activity.
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10.5.2 Methodological research

Exploring the above questions relies on the accurate and reliable estimation of

psychopathological networks. When patients apply for treatment,5 there is often

a waiting period in which one could assess the emotion and symptom dynamics

with modern phone technology within an idiographic momentary assessment

study, and results could inform treatment. Similarly, relapse prevention in remit-

ted patients may benefit from repeated assessment of core symptoms and related

factors over time to foresee relapse in an early phase and take preventive measures

to counteract its course. This all sounds promising, but before this can be put into

effect, there are some methodological issues that need to be addressed of which

we will discuss three.

A first issue is what variables to study in psychopathological networks. While

cross-sectional network studies have focused on analyzing associations among

symptoms, ESM studies have focused on mood states, such as sadness, happiness,

anxiety, or anger (Bringmann, Pe, et al., 2016; Bringmann et al., 2013; Pe et al.,

2015; Wichers, 2014). It is unclear at present what level of variables is best to study

psychopathology.

A second issue is the time frame on which to measure symptoms or emo-

tions. In most ESM studies, the time frame between measurements is a few

hours. However, do symptoms or affects change within hours or minutes or days?

This might differ for different pairs of symptoms: experiencing somatic arousal

(e.g., increased heart rate and sweating) might lead to anticipating a panic attack

(Van Borkulo, Borsboom, & Schoevers, 2016), which will occur within minutes.

Sleep problems, on the other hand, might build up for a few days before influenc-

ing a person‚Äôs irritability. It is currently unknown what the best timeframe is to

capture dynamics.

Third, an important point is the generalization of group-level results to the

individual level, since many group-level network studies have implied that the

identified network structure of the population is more or less reflective of the

networks of all individual participants (e.g., Kievit, Frankenhuis, Waldorp, & Bors-

boom, 2013; Robinson, 1950). A well-known example of this phenomenon, known

as Simpson′s Paradox, is the speed-accuracy tradeoff. At a group-level, a nega-

5For an ongoing study on this topic, see http://www.trialregister.nl/trialreg/admin/
rctview.asp?TC=5707.
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tive relationship exists between typing speed and typing accuracy: people with

higher typing speed make fewer errors, likely because experience leads to faster

typing and fewer mistakes. At the individual level, however, a person who types

faster will make more, not less errors (Hamaker, 2012). While this is an extreme

example — it seems unlikely that symptoms of mental disorders are predomi-

nantly positively associated at group-level, but negatively in the individual — we

currently do not know to what extent group-level networks differ from individ-

ual networks (Van Borkulo, Borsboom, & Schoevers, 2016). A related point was

made by E. H. Bos and Jonge (2014) and E. H. Bos and Wanders (2016) who warn

that between-person effects should not be confused with within-person effects.

Taken together, this implies that we need future studies that investigate to which

degree idiographic networks match group-level networks, and to disentangle

between-person from within-person effects.

Finally, numerous network papers analyzed data that contained a skip struc-

ture. This is often the case when large populations are screened via the DSM

diagnostic criteria. For a diagnosis of MDD, for instance, subjects need to endorse

at least one of the two core symptoms depressed mood or anhedonia. If that

is not the case, the remaining seven MDD symptoms are skipped. In statistical

analyses, such skipped items are usually recoded as 0s (e.g., Borsboom & Cramer,

2013; Boschloo, Van Borkulo, et al., 2016; Rhemtulla et al., 2016), but just because

someone does not endorse the core symptoms does not mean that the person

cannot exhibit other MDD symptoms. The recoding of missing data to 0s may

pose a considerable problem, because it introduces spurious correlations among

items (for many people, the seven remaining items will be coded as 0s and thus

be highly correlated, although this may not reflect the true correlations among

items). Although Boschloo et al. (2015) showed similarity of the network structure

based on the original data with 49% missing and a subsample with less than 20%

missing, it still may have introduced bias. Future research is required to investigate

imputation strategies for skip data that go beyond recoding them as 0s.

10.6 Summary

In contrast to current categorical diagnostic classifications that hardly fit clinical

reality, the network approach offers a model that captures both complexity and

individual variation in psychopathology that clinicians and patients immediately
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recognize. Due to recent statistical advances, these networks and the resulting

hypotheses can now be empirically tested and validated, both in nomothetic and

idiographic (n = 1) designs. Electronic devices, such as smartphones, watches,

and other “wearable tech” offer the possibility of continuous/repeated data col-

lection to address important clinical issues regarding vulnerability for and onset

of psychopathology as well as relapse prevention. However, it is also likely to be

helpful in regular therapy as it enhances patients′ insight into their own symp-

tom dynamics and how these relate to contextual and behavioral factors that

they themselves may be able to influence. Pilot studies suggest that this type of

objective and differentiated feedback attributes to traditional “talking therapy”

and may also lead to more informed pharmacotherapy (F. M. Bos, Schoevers,

& aan het Rot, 2015). Taken together, the network approach offers a promising

conceptual framework to further develop personalized medicine in psychiatry.
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DISCUSSION

I
n this final chapter, it is time to draw up the balance. What has been accom-

plished so far and where can we take the network approach on psychopathol-

ogy from here? These questions will be covered in this discussion. First, the

findings in this thesis will be highlighted, followed by an overall conclusion. Sec-

ond, reflecting upon results in the field so far, I will propose a research agenda for

the network approach to psychopathology.

11.1 This thesis

11.1.1 A theoretical deepening of the network perspective on

psychopathology

This thesis started with an explanation of the network perspective in Chapter 2.

According to this perspective, psychopathology can be viewed as a complex dy-

namical system. Chapter 2 also presented an introduction into graphical models,

which can be used to model dependencies between a set of measured variables.

This forms the basis of the network perspective to psychopathology.

Chapter 3 contained theoretical explorations of hypotheses following from

the network perspective about characteristics of networks of individuals who are

vulnerable to developing MDD. Simulation studies showed that (1) networks with

stronger connections have a higher probability of ending up in a depressive state,
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(2) exerting stress to the network results in hysteresis, and (3) vulnerable networks

display early warning signals before shifting from one state to the other.

11.1.2 Methodological challenges for group-level analyses: network

estimation and comparison

To test in empirical data whether vulnerability to develop or maintain MDD is

related to local or global network connectivity, there were two challenges to be

faced: (1) estimating the network structure with a formal model and (2) comparing

network structures.

Facing the first challenge, we developed IsingFit, an R package to estimate

the network structure from cross-sectional, binary data (see Chapter 4). This

was the first method that was based on a formal model (i.e., the Ising model)

and combines regularized logistic regression with a Goodness-of-Fit measure to

reveal relevant connections of a network. Since the introduction of eLasso and its

implementation inR package IsingFit, it has been frequently used to study various

psychopathological disorders — such as PTSD, MDD, psychosis, substance use

disorder (Afzali et al., 2017; Bekhuis et al., 2016; Boschloo, Schoevers, et al., 2016;

Boschloo et al., 2015; Fried, Bockting, et al., 2015; Isvoranu, Van Borkulo, et al.,

2016; McNally et al., 2015; Rhemtulla et al., 2016; Vega-Dienstmaier, 2015; Wigman,

Vos, Wichers, Os, & Bartels-Velthuis, 2016) — and on attitudes (Dalege et al., 2016).

Also, since the introduction of regularization in network estimation, it has become

a standard and opened the way for applying it to Gaussian variables (Epskamp,

2016; Epskamp, Waldorp, et al., 2016) and variables of mixed type (Haslbeck &

Waldorp, 2015) in a network estimation conte.

The second challenge in investigating differences in local or global network

connectivity of individuals who are more vulnerable to develop or maintain MDD,

was how to compare networks of such groups. With only visual inspection to rely

on at the time, it was ambiguous to decide whether differences were meaningful.

With NCT (see Chapter 5) we combined advanced network estimation techniques

with permutation testing to provide a statistical procedure for comparing network

structures from two independent, cross-sectional data sets. While NCT has only

been just introduced, it has already been applied to pre- and post-treatment

measurements of MDD and GAD symptoms of a large psychiatric sample (Beard

et al., 2016) and to perinatal depressive symptoms in a sample of pregnant women
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(Santos, Fried, Asafu-Adjei, & Ruiz, 2017). Moreover, since the development of

NCT, resampling techniques have been used in various other projects that assess

the variability of network estimates (e.g., bootnet; Epskamp, Borsboom, & Fried,

2017). With bootnet it is now possible to obtain information about how prone a

network is to sampling variation and if interpretations of the network are stable

with less observations.

11.1.3 Empirical studies relating local and global connectivity to

vulnerability

In Chapter 6, we investigated the relationship between vulnerability and global

network connectivity in an empirical study. We studied patients with MDD of

whom we know the diagnostic status at two-year follow-up. Persisters (i.e., those

who still have MDD at follow-up) are regarded as a more vulnerable group than

remitters (i.e., those who recovered from MDD at follow-up). Comparing the

networks of both groups at baseline, we showed that persisters indeed have a

more densely connected network structure.

Another way of studying vulnerability is investigating healthy individuals of

whom diagnostic status during six years of follow-up is known. In Chapter 8,

we investigated the local symptom network connectivity of healthy individuals

at baseline. We showed that healthy individuals with baseline symptoms that

have the highest centrality in the baseline network were more likely to develop

MDD than individuals with other symptoms at baseline. Network parameters at

baseline were shown to be predictive for diagnostic status at follow-up.

11.1.4 Methodological challenge for individuals: predicting future

course of patients

In Chapter 9, we built further on the hypothesis that an individual′s symptom

network structure could be predictive for future course of the disorder. We made

a first step, by presenting a method to use the infection and recovery rates of

symptoms, combined with the ESM-based network structure. This method results

in a Percolation Indicator (PI), which — according to percolation theory from

physics — should have predictive value for the behavior of the network. A valida-

tion study showed that PI is a good estimator and that infection and recovery are
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well retrieved from simulated data. Applying the method to empirical ESM data

showed that some adjustments to handle real data are necessary. The second step

would be to investigate whether PI indeed has predictive power. This needs to be

investigated in ESM data of patients in a non-treatment period (to estimate the

network structure and PI) and a follow-up measurement (to investigate how well

PI predicts how the disorder evolves).

11.1.5 Conclusions

Finally, in Chapter 10, we provided an overview of the most important findings of

empirical network studies between 2010 and 2016. According to three important

themes (i.e., comorbidity, prediction, and clinical intervention), we showed that a

wealth of information has been gained in a relative short period. In the light of

this thesis, the review showed that the vulnerability hypothesis following from

the network perspective — i.e., vulnerability is related to network density) — is

supported by a number of studies. A consistent finding seemed to be that the

group with problems has a more densely connected network (Bringmann, Pe, et

al., 2016; Pe et al., 2015; Wigman et al., 2015). Moreover, network parameters are

found to be informative for future course of depression, as we already saw when

discussing Chapter 6 and 8. But what do these and other results mean, what can

we learn from it, and how do we proceed from here?

11.2 Research agenda for the future

With all the promising results shown here and the vastly growing popularity of

the network approach, I finish this thesis by proposing a research agenda for the

network perspective on psychopathology. In my view, this agenda should consist

of four main pillars for future research: 1) the validity of the network approach,

2) understanding psychopathology, 3) implications for clinical practice, and 4)

methodological development.

11.2.1 Validity of the network theory

With the recently proposed theory of mental disorders (Borsboom, 2017), this

approach is now formalized as a scientific theory of mental disorders. With a

limited set of theoretical principles, the network theory offers an explanatory
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model for mental disorders and has clear implications for diagnosis and treatment.

Diagnosis, for example, would involve identifying the symptom network and

treatment would involve changing or manipulating that network (e.g., through

intervening on a specific symptom) (Borsboom, 2017). Although the network

approach has an intuitive appeal and sits well with how clinicians and patients

think of psychopathology (Borsboom & Cramer, 2013; Frewen et al., 2012, 2013;

Kim & Ahn, 2002), this does not automatically mean that mental disorders behave

as networks. Moreover, results from empirical studies have yielded plausible

results, but do not provide evidence that mental disorders behave according to

network theory (Epskamp, Kruis, & Marsman, 2016). Therefore, the validity of the

network approach needs to be investigated (Fried & Cramer, in press; Wichers,

Wigman, Bringmann, & De Jonge, 2017).

It is conceivable, at least for some disorders, that a common cause perspective

is more appropriate. For example, Fried and Cramer (in press) argue that for PTSD

there is a clear common cause, the traumatizing experience. In the DSM-5 criteria

for PTSD, one can see that the trauma is implied to cause symptoms such as

having nightmares and flashbacks about the trauma (Fried & Cramer, in press).

Still, there are also criteria of PTSD that do not seem directly caused by the trauma

(e.g. feeling emotionally numb and negative feelings about oneself). Perhaps,

the reality of psychopathology is that it is a combination of both the common

cause and network perspective (Fried & Cramer, in press; Wichers et al., 2017).

In a so-called hybrid model, onset of a mental disorder could be dictated by a

common cause (e.g., the traumatic event for PTSD), whereas continuation of the

disorder constitutes direct relationships among the symptoms (Fried & Cramer,

in press). The work of Epskamp, Rhemtulla, and Borsboom (2016) can be a good

starting point for this. This work introduces two generalizations of the network

model by means of combining the latent variable (or common cause) and network

modeling.

A key assumption that should be tested is that symptoms are assumed to di-

rectly interact with each other. To investigate this, an experimental design would

be a good opportunity. The common cause and the network model lead to differ-

ent hypotheses about what happens upon intervening on a specific symptom. For

example, take insomnia and fatigue. If insomnia → fatigue is the true mechanism,

intervening on insomnia will reduce fatigue, whereas it will not if insomnia ←
MDD → fatigue is the true mechanism (Fried & Cramer, in press). In the latter
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(common cause) mechanism, only intervening on MDD will reduce both symp-

toms. Recently, however, Bringmann and Eronen (2017) argued that the contrast

between the common cause and the network model creates a needless dichotomy.

The common cause model — which is a very generic model — is often pictured as

symptoms being caused by the disorder itself and in which interactions between

symptoms is not allowed. According to Bringmann and Eronen (2017), this is

a very simplistic and restrictive representation of common cause models and

that, to validate the network perspective, a more fruitful road would be to test

hypotheses following this perspective. A first test would then be, for example, to

investigate whether symptoms indeed have causal interactions.

11.2.2 Understanding and predicting psychopathology

The second pillar of the research agenda would be the pursuit of understanding

psychopathology. A big topic in clinical practice and research is, for example, the

heterogeneity in symptomatology of patients (Boschloo, Schoevers, et al., 2016;

Boschloo et al., 2015; Fried & Nesse, 2015a; Østergaard et al., 2011). Therefore,

taking individual symptoms into account instead of using sum scores makes more

sense; not all patients are sufficiently similar to assume the sum score adequately

reflects their condition. The network approach naturally accommodates this

property and is, consequently, an excellent tool to obtain a better understanding

of psychopathology. It provides an opportunity to investigate why and/or how

some people develop a mental disorder and others do not, and why and/or how

some people recover from it and others do not.

From a network approach, research with the aim of understanding psy-

chopathology could involve investigating whether there are certain characteristics

in the dynamic network structures of patients (e.g., with MDD) that are associated

with recovery or persistence of MDD. Already, there is evidence in the literature

that network structure is related to worse outcome (see Chapter 6 and 8, but also

Bringmann, Pe, et al., 2016; Pe et al., 2015; Wigman et al., 2016). In these studies,

however, data — be it cross-sectional or ESM — were analyzed at the group level.

What, then, do these results imply for an individual? The sobering answer is: we do

not know. Taken to the extreme, individual networks might theoretically even be

radically different from networks based on cross-sectional data. However, it does

not seem plausible that individual networks will differ radically from group-level
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networks, since it does not seem likely that for one patient with MDD feelings

of worthlessness would cause suicidal ideation, but in another these feelings

would result in cheerfulness. For future research, relevant questions are, for exam-

ple, “How do individual networks relate to group-level networks?” and “Are there

similarities in individual networks that are stable across patients?”

11.2.3 Networks in clinical practice

Since the network perspective on psychopathology has clear implications for

diagnosis and treatment (Borsboom, 2017), the ultimate goal would be to have

a place in clinical practice. Roughly, there are two ways in which the network

approach can have an added value. First, it can help patients to gain insight into

the dynamics of their own symptoms. In a pioneering study, Kroeze et al. (2016)

implemented networks in clinical treatment. The dynamic network structure of

a patient started a dialogue that motivated the patient to deal with a problem

she was reluctant to deal with before. From this first result, Kroeze et al. (2016)

concluded that using ESM and networks in clinical practice was feasible and

provided useful additional insight, based on a data-driven source; it provided the

patient a sense of control over her own recovery. Second, ESM and networks could

guide micro-intervention. By establishing a patient′s dynamic symptom network

through ESM measurements, those symptoms that can exert the strongest in-

fluence on the others could be revealed. A symptom that appears to have many

causal influences on other symptoms and seems to be responsible for maintaining

a disordered status would be a good candidate for intervention. Treating such

an influential symptom would, according to the network approach, be the most

efficient way to shift from a disordered to a healthy state.

Questions pertaining to the line of research as described above are more predic-

tion oriented, such as "does intervening on symptom X decrease other symptoms

efficiently? Micro-interventions have been advocated in many network studies

and are posited as a big promise. But what do we currently know about this? So far,

no studies have been conducted that intervened on a specific symptom and then

monitored the subsequent changes on other symptoms to investigate whether

this pattern of changes was as expected from th accompanying network struc-

ture. There are a few reasons for this, of which one might be that it is simply too

soon. We first need to establish validity of the network approach. But even if we
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have validated the network approach, there are several questions to be answered.

For example, is it even possible to perform targeted intervention on a specific

symptom? For some symptoms there are indeed symptom interventions, such

as for sleep problems (Christensen et al., 2016), distress (Geraghty et al., 2016),

suicidal behavior (Aseltine, James, Schilling, & Glanovsky, 2007), and worrying

(Khoury et al., 2013; Klainin-Yobas, Cho, & Creedy, 2012) in depressive disorder.

For other symptoms it may be less workable to treat them in isolation, such as

fatigue or change in appetite. The field of experimental psychopathology might

provide valuable insights for symptom oriented interventions (see van den Hout,

Engelhard, & McNally, in press). In this field, symptom manipulations have been

investigated that reduce specific symptoms of, for example, vividness in PTSD (En-

gelhard, van den Hout, & Smeets, 2011) and compulsions in OCD (Arntz, Voncken,

& Goosen, 2007).

Besides the question whether it is feasible to intervene on an isolated symp-

tom, one can also think about at what stage of MDD micro-intervention can be

of most value: in a full-blown or an earlier prodromal phase? In case of a full-

blown MDD, an often applied treatment currently is a combination of medication

and psychotherapy (Hollon et al., 2005). Since medication intervenes in the pro-

cess of neurotransmission in the central nervous system (CNS; Bondy, 2002) and

psychotherapy addresses current interpersonal relationships (Mello, Mari, Ba-

caltchuk, Verdeli, & Neugebauer, 2005), this strategy will likely indirectly affect

multiple symptoms. Micro-intervention is aimed to target one specific symptom

(i.e., the one which is hypothesized to be the optimal target according to network

analysis). Available research suggests that low intensity interventions in patients

with more severe depression have at least the same response as in patients with

milder complaints (P. Bower et al., 2013). However, whether this strategy will pro-

vide similar reduction of symptoms or even outperform standard therapy needs

to be established with clinical trials.

Instead of intervening during a full-blown MDD, micro-intervention informed

by the network approach could, possibly, be of more value in an earlier phase

of MDD (i.e., the prodromal phase; Fava & Tossani, 2007) or when MDD is not

full-blown but moderate. The goal would then be to prevent the illness from fully

developing by applying a targeted, less intensive individualized intervention. In-

tervening on a symptom that is crucial in the spreading of problems across the

network, might be more fruitful than intervening on the same symptom when
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it has already culminated in a full-blown disorder. Note, however, that interven-

ing on symptom-symptom interactions that is aimed at weakening the network

structure could also be a good treatment strategy, regardless of the phase of MDD

(Borsboom, 2017). With cognitive behavioral therapy, for example, dysfunctional

patterns of thoughts (e.g., extreme worrying about not sleeping well) are replaced

by healthier ones. In network related terms, this would weaken the connection

between “insomnia” and “worrying/feeling worthless”.

11.2.4 Methodological development

The fourth pillar of the research agenda is about the development of methods

within the network perspective of psychopathology. Although the development

of network analytic techniques has made remarkable progress in recent years,

the network perspective of psychopathology is relatively young and could benefit

from considerable methodological advances. It is important to note that the

following is by no means intended as an exhaustive list of research topics and that

it is based on topics I plan to work on in future projects1.

11.2.4.1 Elaboration on existing work

In future work, IsingFit could be extended to provide a solution to highly corre-

lated variables in the model. Currently, eLasso assumes the network structure to

be sparse and will suppress weaker edges to zero. But what if that assumption

does not hold? What if some symptoms of mental disorders are strongly asso-

ciated? The aggregated symptom “sleep problems”, for example, consists of the

strongly associated variables insomnia and hypersomnia. This strong association

might dominate the network structure such that other, less strong but potentially

interesting associations will be suppressed to zero. In my view, a possible solu-

tion might be found in combining IsingFit with an estimation method suited for

dense network structures (Marsman, Maris, Bechger, & Glas, 2015). Combining

these techniques would allow for a certain part of the network to be more densely

connected than other parts of the network. This may provide a way to study,

for example, a disaggregated symptom network, without the strong influence of

regularizing highly correlated variables.

1For more ideas about future research relating to methodological development, I refer to the Discus-
sion section of the dissertation of Epskamp (2017; http://sachaepskamp.com/Dissertation)
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Another extension could be to allow for more than two ordered categories of

variables. Currently, eLasso accommodates binary data, GeLasso Gaussian data

(Epskamp, 2016), and MGM categorical data (Haslbeck & Waldorp, 2015). Unfor-

tunately, neither option can accommodate ordinal data. Often, questionnaires

in psychology and psychopathology contain Likert items in which the categories

are ordered (e.g., IDS; Rush et al., 1996). Although cor_auto() in qgraph can

handle ordinal data by computing polychoric correlations (Epskamp, 2016), the

ultimate regularized GGM network requires two steps instead of one, as in cur-

rent aforementioned methods (see p. 239 of the dissertation of Epskamp, 2017;

http://sachaepskamp.com/Dissertation). A big improvement in network es-

timation will come from a method, which is based on a model that deals with

ordinal data more appropriately.

An entirely different line of investigation based on the Ising model could be

about finding optimal targets for intervention in clinical practice. Given a certain

network structure (ultimately of a patient), intervening on a symptom, could

be modeled as turning off a node in the Ising network. Turning off a node will

increase the probability that neighboring nodes will turn off. Consequently, it

seems natural to intervene on the node with most neighbors, as this will yield

the highest number of nodes turning off. However, a node that connects different

parts of the network might also be an efficient target. Intervening on such a node

provides the possibility to reach the whole network instead of one part. A search

algorithm could detect the minimal set of target nodes for intervention, which

yields maximal symptom reduction. An inspiring hands-on simulation tool “VAX!”

shows a related model, which is about preventing the spread of a contagious

disease across a network of individuals (http://vax.herokuapp.com/game).

For NCT, I can see three ways to extend it in its current form. First, other net-

work estimation methods could be implemented. Recently developed methods,

such as for categorical and mixed variables data (i.e., with corauto() in package

qgraph and mgmfit() in package mgm; Epskamp et al., 2012; Haslbeck & Wal-

dorp, 2015) could be incorporated. Second, researchers may also want to compare

groups of individuals with ESM data. This allows for comparing two population

networks (Bringmann et al., 2013; Epskamp et al., 2015). By randomly assigning

individuals′ ESM data sets to one of the groups, one can generate a null distribu-

tion of the metric of interest (i.e., a metric expressing the difference). This would
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allow, for example, to compare the network based on healthy people′s ESM data

to that of patients.

Another extension of NCT is to include the thresholds of the variables into the

test. In the Ising model, the thresholds represent the autonomous predisposition

of the variable to be 0 or 1 and are estimated with the intercepts of logistic regres-

sion. Although they are largely ignored in network analyses, it could be interesting

to investigate. For example, the networks of male and female patients in Chapter

5 — which served as an illustration for NCT — look very similar and NCT did not

detect differences. Although we did not investigate this, it could be that thresholds

are higher in one group than the other. The group with the higher thresholds

would be the one with higher symptom means. In other words, although the

association patterns are similar, the group with higher means have symptoms

that are inclined to be more severe compared to the other group. Therefore, it is

important to also be able to test for differences in thresholds.

11.2.4.2 Future topics of investigation

To understand how MDD develops and why some people develop MDD and

others do not, it is important to study this process over time. ESM studies, in

which patients are tracked over time, seem ideal for this purpose. However, having

to fill out a questionnaire five times a day for two weeks is a time-consuming

and burdensome process for patients. Before employing this widely, it seems

important to me to think about three topics carefully. First, we need to develop

methodology to express similarities in group-level and individual-level networks.

Say, for example, that we are interested in whether a single edge in a group-level

network is also present in individual-level networks. When can we say that it

does? Similarity could be defined as an edge being present in a certain percentage

of the individual-level networks, similar to the Group Iterative Multiple Model

Estimation procedure (GIMME; Beltz, Wright, Sprague, & Molenaar, 2016; Gates

& Molenaar, 2012). Another strategy could be to look at edge distributions. As-

suming that the group-level network represents an aggregate of the network of

individual group members and that individuals differ a lot in their individual-level

network structure, the edges in the group-level network might be more evenly

distributed than in the individual-level networks. That is, one individual could

have particularly strong connections between symptoms A, B, and C, while an-
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other individual has a strongly connected cluster of symptoms C, D, and E. In the

group-level network, symptoms are expected to be more evenly connected.

The second topic is concerned with ESM data. Such data commonly consists

of repeated measurements of an individual′s emotions; several emotions are

measured about 8 to 10 times a day during 5 to 7 consecutive days (Bringmann et

al., 2013; Pe et al., 2015; Wigman et al., 2015). Ultimately, the goal of ESM studies is

to gain a better understanding of the onset and recovery (or recurrence) of MDD

at the level of an individual (Wichers, 2014). I wonder, however, whether we are

measuring the right variables here. Variables that are currently used in ESM studies

are often emotions such as feeling cheerful, anxious, and disgusted (Bringmann et

al., 2013; Pe et al., 2015; Wigman et al., 2015). But what exactly is the relationship

between these short-term fluctuations in emotions (i.e., micro-level moment-to-

moment experiences) and the symptoms of MDD (i.e., macro-level experiences;

Wichers, 2014)? For example, how does feeling cheerful, anxious, and disgusted

relate to symptoms such as “depressed mood”, “loss of interest”, and “feelings

of worthlessness”? Presently, it is unclear how emotions, measured with ESM,

relate to symptoms of MDD. If the main goal is to gain a better understanding

of the onset and recovery (or recurrence) of MDD, it is questionable whether

emotions are the ideal level of measurement. A good opportunity to study this in

the nearby future will be provided by NESDA (Penninx et al., 2008), in which 400

of its nearly 3000 participants are studied with Ecological Momentary Assessment

over 2 weeks. Besides EMA, NESDA-400 also symptoms of MDD are assessed with

the Composite International Diagnostic Interview (CIDI; Wittchen, 1994).

The third topic, which is related to the previous, entails whether the time scale

of current ESM studies is optimally suited for achieving a better understanding

of the course of MDD. Although a two-week measurement period (e.g., as in

NESDA-400) contains interesting information, it may not be adequate to fully

capture the dynamics of MDD. In my view, symptom dynamics should ideally be

investigated on a time scale in which depression has a chance to develop in indi-

viduals prone to the disorder. This seems to imply measuring symptoms once a

day, over a prolonged period of a year. Only then one can capture the dynamics of

interest. Currently, the largest provider of mental health services in the province of

Friesland, the Netherlands (GGZ Friesland) is performing innovative ESM studies.

In the ZELF-i study, for example, individuals with depressive complaints can track

themselves for four weeks and receive personalized feedback on their dynam-
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ics at the start of treatment (see http://www.trialregister.nl/trialreg/
admin/rctview.asp?TC=5707 for information about this trial). Another study,

the MIRORR project, aims to investigate whether network characteristics of mo-

mentary mood states of subgroups of adolescents with increasing levels of psy-

chopathology can predict the course of psychopathology (see Booij et al., 2017,

for more information about this trial).

These studies were separately funded from this PhD project and offer an in-

teresting opportunity to also investigate long-term symptom dynamics using

the statistical methodology such as described in this thesis. Another interesting

development is that the Netherlands Study of Depression and Anxiety (NESDA;

Penninx et al., 2008) now also aims to set up a study in which depression symp-

toms are measured daily, during a year in a large number of subjects. Together

with the existing, more traditional ESM study, as well as the elaborate pheno-

typic information of the subjects, this will yield a wealth of possibilities to further

explore symptom networks and how they vary between and within persons.

Combining short-term momentary emotion fluctuation and long-term symp-

tom dynamics of the same individuals, will allow studying the relationship be-

tween the two types of dynamics. I believe the watershed model could be a starting

point for this (Cannon & Keller, 2006; Kievit et al., 2016). This model integrates dif-

ferent explanatory levels as emergent properties of a hierarchical system. Accord-

ing to this watershed model, psychopathology can be viewed as the downstream

consequence of many small upstream effects. In case of momentary emotions

and symptoms, this could imply that momentary emotion states (upstream) and

interactions between them can spill over to problems at symptom level (down-

stream). The implementation of this model in a Structural Equation Modeling

(SEM) framework by Kievit et al. (2016), could be used to adapt this model to a

network framework. With such an implementation, I plan to study whether indeed

dynamical relationships between emotion states are the micro-level patterns of

the macro-level development of psychopathology, as is assumed in ESM studies

(Lunansky, Van Borkulo, Wichers, & Cramer, 2017). See Wichers (2014) for the

basis of this assumption.

To conclude, much has been accomplished in the network perspective to

psychopathology in recent years, but there is even more work that remains to

be done. Hopefully, the proposed research agenda for the network approach

to psychopathology can help in focusing research activities in this field. In this
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research agenda, I see a clear role for the development of methodology besides

the more clinically driven topics. Methodological development can range from

building on existing methods (e.g., including symptom thresholds in comparing

network structures), to developing new estimation methods (e.g., to model ordinal

data), to developing tests to be able to investigate more clinically related topics

(e.g., to establish whether group-level and individual-level networks are similar).

It is this interface between methodologically and clinically oriented topics and

the inspiring collaboration between researchers from different backgrounds, to

which I hope to contribute in the future.

200



A P P E N D I X A

SUPPLEMENTARY INFORMATION TO CHAPTER 3

Adapted from:

Supplementary Information to: Van Borkulo, C. D., Borsboom, D., Epskamp, S., Blanken, B. W.,
Bosschloo, L., Schoevers, R. A., & Waldorp, L. J. (2014). A new method for constructing networks from
psychometric data. Scientific Reports 4, 5918; DOI:10.1038/srep05918.

201



APPENDIX A. SUPPLEMENTARY INFORMATION TO CHAPTER 3

FIGURE A.1. Graphical representation of the Ising model.

T
his Supplementary Information contains two sections. In the Supplemen-

tary Methods section, we provide a more detailed description of the Ising

model and a worked example on how to compute probabilities of cer-

tain states with this model. Also, the theoretical background of the estimation

procedure is described more elaborately. In the Supplementary Results section,

we describe the results of an additional analysis on the validity of our proposed

method eLasso.

A.1 Supplementary Methods

In this section, we provide an introduction to the Ising model on which eLasso

is based. The original model was based on magnetic behaviour of metals (Ising,

1925). In the easiest case, such models operate on the behavior of small dipoles

or spins of a ferromagnet, which are arranged as in Supplementary Figure A.1.

This two-dimensional representation is often called a grid or lattice. An individual

dipole can be either in a “spin up” (+ 1) or a “spin down” position (- 1) (Kindermann

& Snell, 1980); in an alternative variant, which we will use here, these variables are

scored 0 or 1. Objects, or variables, in the Ising model can interact with each other

but interactions are subject to an important restriction: they can only influence

direct neighbors. That is, taking neurons as an example, a firing neuron can only

transmit information to a connected neuron.

Although the Ising model was used to explain ferromagnetism, it generalizes

to all kinds of objects in a network that can be in two states: a voter who can

be “pro” or “con”, a neuron that can “fire” or “not fire”, or a person that can be

“infected” or “not infected” (Kindermann & Snell, 1980). When applying this model
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to psychopathology, variables can be symptoms of a disorder, which can be either

“present” or “absent”. Now, suppose we have p variables collected in the set of

nodes V . Then there are 2p possible configurations of the system (in a basic

application, these would for instance be all possible item response patterns).

Suppose we have three symptoms of major depressive disorder (MDD) according

to the DSM-IV-TR: “insomnia”, “fatigue”, and “significant unintentional weight

loss or gain” (American Psychiatric Association, 2000). Then there are 23 = 8

possible configurations: (0, 0, 0), (1, 0, 0), (1, 1, 0), and so on. A system is inclined

to move to or persist in the most favorable configuration possible. For example,

if two nodes (say, anxiety and depressed mood) are positively connected, then

a configuration in which one is present but the other is not (e.g., an individual

who is anxious but not sad) is less consistent with the model structure than one

in which both are present or both are absent. Thus, the configuration that is most

consistent with the model has the highest probability of occurring. In the Ising

model, consistency of a configuration depends on the Hamiltonian function H (x):

(A.1) H(x) =− ∑
j∈V

τ j x j −
∑

( j ,k)∈E
β j k x j xk ,

where V is the set of nodes and E is the set of edges, τ j is the threshold of symptom

x j , β j k is the interaction strength between symptoms j and k, and x j (and xk )

can assume one of two values {0,1} (Cipra, 1987; Kindermann & Snell, 1980).

The threshold of a symptom, τ j , indicates the autonomous disposition of the

symptom to take the value one, i.e., it describes the probability of that value in

the absence of any influences of neighboring symptoms. Consequently, when

this threshold is positive, the symptom tends to be present. This state (with value

1) is, in this case, preferred over the absent state (with value 0), since it lowers

the energy. On the other hand, a negative threshold indicates that the symptom,

taken by itself, has a disposition to be absent. The interaction strength between

two symptoms, β j k , indicates how symptoms influence each other: when β j k > 0,

symptoms will prefer to be in the same state, whereas β j k < 0 indicates that

symptoms will prefer to be in different states. The sum of the interactions runs

over all existing connections (edges) in the set E . We defineΘ to be a matrix (p by

p), containing τ j on the diagonal and β j k on the off-diagonal.

As soon as we know the structure and parameters of the network, it is easy to

calculate the energy of a configuration. Suppose our three symptoms have a struc-
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FIGURE A.2. A hypothetical example network of three symptoms: x1 (insomnia or sleeping

too much), x2 (fatigue and, or loss of energy), and x3 (significant unintentional weight

loss or gain). β12 and β23 are the connection strengths (interaction parameters). Since

there is no connection between x1 and x3, β13 = 0.

TABLE A.1. Example of how to calculate the Hamiltionian of all possible configurations of a

network with three nodes.

config. insomnia fatigue weight loss probability Hamiltonian

1 1 1 present present present P(1 1 1) −(τ1 +τ2 +τ3)− (β12 +β23 +0)
1 1 0 present present absent P(1 1 0) −(τ1 + τ2 + 0) − (β12 + 0 + 0)
1 0 1 present absent present P(1 0 1) −(τ1 + 0 + τ3) − (0 + 0 + 0)
1 0 0 present absent absent P(1 0 0) −(τ1 + 0 + 0) − (0 + 0 + 0)
0 1 1 absent present present P(0 1 1) −(0 + τ2 + τ3) − (0 + β23 + 0)
0 1 0 absent present absent P(0 1 0) −(0 + τ2 + 0) − (0 + 0 + 0)
1 0 1 present absent present P(1 0 1) −(τ1 + 0 + τ3) − (0 + 0 + 0)
0 0 0 absent absent absent P(0 0 0) −(0 + 0 + 0) − (0 + 0 + 0)

ture and parameters as depicted in Figure A.2. For each possible configuration,

the Hamiltonian is given in Table A.1.

As stated before, the lower the value of the Hamiltonian function for a certain

configuration, the higher the probability of that configuration. The probability of

configuration x is given by (Loh & Wainwright, 2013; Ravikumar et al., 2010):

PΘ(x) = 1

Z (Θ)
exp[−H(x)]

= 1

Z (Θ)
exp

[ ∑
j∈V

τ j x j +
∑

( j ,k)∈E
β j k x j xk

]
,(A.2)

where Z (Θ) is the normalizing constant (or partition function) that guarantees

that the distribution sums to one:

(A.3) Z (Θ) := ∑
x∈{0,1}p

exp

[ ∑
j∈V

τ j x j +
∑

( j ,k)∈E
β j k x j xk

]
.
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This distribution sums to one when Z (Θ) sums over all possible configurations.

For a small number of variables, as in our example, computing the normalizing

constant is feasible. When the number of variables increases, however, the state

space (set of possible configurations) increases exponentially, which makes the

normalizing constant intractable.

Thus, computing the full likelihood function for the model is computationally

prohibitive. An alternative is to use the so-called pseudo-likelihood, which only

uses the (conditional) probability of X j given all other nodes X\ j . For the expres-

sion of this conditional probability, the normalizing constant reduces to the sum

over all possible configurations of one single node (X j ), which is just {0,1}. In this

case, the normalizing constant becomes

(A.4) Z (Θ) := 1+exp
[
τ j +

∑
k∈V\ j

β j k xk
]
,

where V is the set of nodes {1,2, .., p} and V\ j is the set of nodes, excluding node j .

Therefore, the normalizing constant for the conditional probability of X j given all

other nodes X\ j is in fact tractable, even if the normalizing constant for the full

model is not. From combining equation A.2 and A.4, it follows that the conditional

probability of X j given all other nodes X\ j is given by

(A.5) PΘ(x j | x\ j ) =
exp

[
τ j x j +x j

∑
k∈V\ j

β j k xk
]

1+exp
[
τ j +

∑
k∈V\ j

β j k xk
] .

With our network of three variables and the parameters in Figure A.2, we can

calculate the probabilities of each configuration. As an example, we will compare

two probabilities: the probability of x2 = 1 given that (1) x1 = 1 and x3 = 0 and that

(2) x1 = 0 and x3 = 1. In the case of PΘ(x2 = 1 | x1 = 1, x3 = 0), the Hamiltonian

can be computed by filling in the parameters as given in Figure A.2:

(A.6) H(x) =−(τ1 +τ2)− (β12) =−(.3+ .7)− .54 =−1.54

Now, the probability can be computed using Formula A.5:

(A.7) PΘ(x2 = 1 | x1 = 1, x3 = 0) = e−1.54

1+e−1.54
= .82

Doing the same for the second case results in probability PΘ(x2 = 1 | x1 = 0, x3 =
1) = .78. Apparently, in this model, the probability that a person will be fatigued is
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higher for a person who has insomnia but no weight loss, than for someone who

suffers from weight loss, but does not have insomnia.

Since the Ising model assumes that only pairwise interactions exist, the prob-

lem of estimating the graph structure is reduced to estimating the set of direct

neighbors for each node. The conditional probability of x j given all other vari-

ables is therefore reduced to the conditional probability of x j given the neighbors

of x j :

(A.8) PΘ(x j | x\ j ) =PΘ(x j | xne( j ))

where ne( j ) is the set of neighbors of node x j . A set of variables for which con-

ditional probabilities can be written as in (A.8) satisfy the Markov property (Kin-

dermann & Snell, 1980). A set of random variables with the Markov property can

be described by an undirected graph. Such graphs are also known as Markov

random fields, Markov networks, or undirected graphical models (Wainwright &

Jordan, 2008). In daily practice, the graph structure of psychological constructs

is unknown, as opposed to the spins in a ferromagnet that are arranged as in

Figure A.1. Therefore, the estimation of the unknown graph structure is of central

importance.

By viewing X j as the response variable and all other variables X as the predic-

tors, we may fit a logistic regression function to investigate which nodes are part

of the neighborhood of the response variable. The intercept τ j of the regression

equation is the threshold of the variable, while the slope β j k of the regression

equation is the connection strength between the relevant nodes. In order to per-

form the logistic regression, we need multiple independent observations of the

variables. To establish which of the variables in the data are neighbors of a given

variable, and which are not, we used `1- regularized logistic regression (Mein-

shausen & Bühlmann, 2006; Ravikumar et al., 2010). This technique is commonly

called the lasso (least absolute shrinkage and selection operator) and optimizes

neighborhood selection in a computationally efficient way, by optimizing the

convex function

Θ̂
ρ
j =arg minΘ j

{−xi j · (τ j +
∑

k∈V\ j

β j k xi k )+ log(1+exp{τ j +
∑

k∈V\ j

xi kβ j k })+

ρ
∑

k∈V\ j

|β j k |},

(A.9)
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in which i represents the independent observations {1,2, ..,n}, Θ̂
ρ
j contains all β j k

and τ j parameters, and ρ is the penalty parameter. The final term with ρ ensures

shrinkage of the regression coefficients (Ravikumar et al., 2010; Tibshirani, 1996).

This optimization procedure is applied to each variable in turn with all other

variables as predictors. To this end, the R package glmnet can be used (Friedman

et al., 2010). The glmnet package uses a range of maximal 100 penalty parameter

values. The result is a list of 100 possible neighborhood sets, some of which may

be the same. To choose the best set of neighbors, we used the EBIC (extended

Bayesian Information Criterion; J. Chen & Chen, 2008). The EBIC has a good

trade-off between positive selection rates (proportions of true selected edges) and

false discovery rates (proportions of false positives among the selected edges) in

selecting edges in the Ising model (Foygel & Drton, 2014). The EBIC is the ordinary

BIC with an additional term that penalizes more complexity (more connections)

and more variables. The EBIC is preferable in this situation, because the ordinary

BIC is too liberal for high dimensional data (J. Chen & Chen, 2008). The EBIC is

represented as

(A.10) BICγ( j ) =−2`(Θ̂J )+|J | · log(n)+2γ|J | · log(p −1),

in which `(Θ̂ j ) is the log likelihood (see below), |J | is the number of neighbors

selected by logistic regression at a certain penalty parameter ρ, n is the number of

observations, p−1 is the number of covariates (predictors), and γ is a hyperparam-

eter, determining the strength of prior information on the size of the model space

(Foygel & Drton, 2011). From equation (A.5), it follows that the log likelihood of

the conditional probability of X j given its neighbors Xne( j ) over all observations

is

(A.11) `(Θ̂ j ) =
n∑

i=1

τ j xi j +
∑

k∈V\ j

β j k xi j xi k − log(1+exp{τ j +
∑

k∈V\ j

xi kβ j k })

 .

The EBIC has been shown to be consistent for model selection and to performs

best with hyperparameter γ= 0.25 for the Ising model (Foygel & Drton, 2011). The

model with the set of neighbors J that has the lowest EBIC is selected.

At this stage, we have the regression coefficients of the best set of neighbors for

every variable; i.e., we have both β j k and βk j and have to decide whether there

is an edge between nodes j and k or not. Two rules can be applied to make the

decision: the AND rule, where an edge is present if both estimates are nonzero,
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and the OR rule, where an edge is present if at least one of the estimates is nonzero

(Meinshausen & Bühlmann, 2006; Ravikumar et al., 2010).

Although we do have the final edge set by applying one of the rules, note that

for any two variables j and k, we get two results: the result of the regression of j on

k (β j k ), and the result of the regression of k on j (βk j ). To obtain an undirected

graph, the weight of the edge between nodes j and k, ω j k , is defined as the mean

of both regression coefficients β j k and βk j . This methodology is incorporated in

R package IsingFit (http://cran.r-project.org/web/packages/IsingFit/
IsingFit.pdf) and is explained in a tutorial in Appendix D.

A.2 Supplementary Results

Another way to assess effectivity of the method is to inspect the F1 score, which

takes both precision and recall into account14. Precision expresses the proportion

of correctly estimated connections with respect to all estimated connections and

is defined as PRE = TP/(TP + FP). Recall corresponds to the proportion of correctly

estimated connections with respect to all connections that should have been

estimated and is defined as REC = TP/(TP + FN), which is in fact the same as

sensitivity. The F1 score is then defined as F1 = 2 · PRE · REC/(PRE + REC).

F1 scores increase with more observations but to a different extent for different

conditions (see Table A.2). For almost all conditions with more than 100 observa-

tions, F1 scores are moderate to high (M = .713, sd = .143)). The only exception

results when the largest random and scale-free networks (100 nodes) are coupled

with the highest level of connectivity, as we also have seen in the results of sensi-

tivity and specificity in the main text. In these cases, the F1 score is low (.271) and

moderate (.516), respectively.

More detailed information about eLasso′s performance is given by the two

components of the F1 score: precision and recall. Since recall is the same as

sensitivity, we only discuss precision here. Overall, precision is high across all

conditions (M = .920, sd = .122) with lower precision scores for the largest and

most dense random networks (see Table A.3).

In some cases it might be desirable to have a higher recall at the expense of

precision. In eLasso, recall can generally be increased in two ways. First, eLasso

identifies the set of neighbors for each node by computing the EBIC. EBIC pe-

nalizes solutions that involve more variables and more neighbors. This means
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that if the number of variables is high, EBIC tends to favor solutions that assign

fewer neighbors to any given node. In this procedure, a hyperparameter called

γ determines the strength of the extra penalty on the number of neighbors13.

In our main simulation study, we used γ = .25. When γ = 0, no extra penalty is

given for the number of neighbors, which results in a greater number of estimated

connections. Second, we applied the so-called AND-rule to determine the final

edge set. The AND-rule requires both regression coefficients β j k and βk j (from

the `1-regularized logistic regression of X j on Xk and of Xk on X j ) to be nonzero.

Alternatively, the OR-rule can be applied. The OR-rule requires only one of β j k

and βk j to be nonzero, which also results in more estimated connections.

Applying the OR-rule and γ = 0, indeed results in a loss of precision, but is

still reasonable across all conditions (M = .735, sd = .131; Table A.3 between

brackets). This indicates that, in a liberal setting, the estimated network contains

more connections that are not present in the true network than in the more

conservative setting.

To conclude, inspecting the F1 scores (and its component precision), confirm

the results for specificity. eLasso adequately recovers the true network structure in

almost all simulated conditions. Exceptions to this rule are larger and/or more

dense networks.
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Schoevers, R.A. (2015). Association of symptom network structure and the course of depression. JAMA
Psychiatry, 72 (12), 1219-1226.

213



APPENDIX B. SUPPLEMENTARY INFORMATION TO CHAPTER 6

T
his appendix contains the supplementary information of Chapter 6 Asso-

ciation of Symptom Network Structure With the Course of Depression. Here,

you can find additional analyses, methods, tables, and figures.

B.1 The influence of γ on network estimation

In our network estimation procedure, hyperparameter γ was involved. The value

of this hyperparameter can range from 0 to 1 (Foygel & Drton, 2010). When γ = 0,

the network will be minimally sparse, resulting in a network with relatively many

connections. Alternatively, when γ = 1, the network will be maximally sparse

with relatively few (if any) connections. In the main analyses, we used γ = 0.

The rationale of this choice is that with increasing values of γ, sensitivity of the

network estimation procedure decreases; with increasing γ, networks tend to

become similar (i.e., empty; see Figure B.1).

For completeness, we also performed NCT across the entire range of γ. Net-

works of original data differed significantly, whereas those of data controlled for

severity did not (see Table B.1). While networks based on data controlled for sever-

ity were clearly different, NCT failed to confirm this. As can be seen in Figure

B.1 (b and c), this was due to lack of sensitivity; with increasing γ, differences in

connectivity were artificially (almost) absent.

TABLE B.1. Results of NCT with original data and when controlled for severity.
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FIGURE B.1. Network structures across the entire range of γ (0, .1, .2, ..., 1) with and

without controlling for severity. Networks of persisters (upper panel) and remitters

(lower panel) with original data (a), with data after matching on IDS sum score (b),

and data after partialling out general level of functioning (c). Symptom numbers: 1-

depressed mood, 2-loss of interest/pleasure, 3-weight/appetite change, 4-insomnia, 5-

hypersomnia, 6-psychomotor retardation, 7-psychomotor agitation, 8-fatigue/loss of

energy, 9-guilty/worthlessness, 10-concentration, 11-suicidality.
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B.2 Is severity a confound with respect to network

connectivity?

Although persisters and remitters were selected with the same baseline character-

istics (past-year MDD and at least moderate depressive symptoms at baseline),

persisters had significantly higher scores on most symptoms than remitters. This

raises the question whether a difference in baseline severity is a confound with

respect to network connectivity. In this section, we will discuss conceivable con-

founds.

If severity in itself were a confound with respect to network connectivity, then it

should be the case that if a group has higher means on a set of variables, that group

should also have a more connected network. However, the means of the variables

do not play a role in the construction of the network; only the covariances do. In

fact, one may standardize the variables without loss of generality: this will lead to

exactly the same network, even though all variables in all groups would then have

a mean of zero. Thus, mean level of the variables in itself cannot be a confound.

Although mean level of the variables in itself cannot be a confound, it is possi-

ble that something associated with severity, and which does influence network

connectivity, plays the role of confound. An important candidate in this respect is

variance. If, due to a methodological artifact, the variance in the individual item

scores is lowered in the less severe group, so that it is associated with the mean

levels of the variables in the network, then that could lead to a lower network con-

nectivity due to restriction of range. A plausible mechanism that could produce

this situation is the existence of floor and/or ceiling effects. If the group with low

connectivity shows symptom score distributions with floor and/or ceiling effects

while the group with high connectivity does not, the floor and/or ceiling effects

might be a confound with respect to network connectivity.

Another possible mechanism that could lead to increased network connec-

tivity in the more severe group is the presence of unmodelled latent variables.

That is, if symptoms in the persister group were influenced more strongly by a

latent variable (which would have to also be related to severity systematically),

then the connectivity of persisters′ network would be higher as a result. If, after

controlling for such a latent variable, differences in connectivity disappear, the

original difference was due to the latent variable. Conversely, if a difference in

connectivity sustains, the latent variable cannot explain the difference.
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B.3 Analyses of conceivable confounds in network

connectivity

Possible confounds in network connectivity are restriction of range and severity

(discussed in Section B.1). These confounds were investigated with three analyses:

(1) inspection of symptom score distributions and controlling for baseline severity

by (2) matching on IDS score level and (3) regressing (or partialling) out an external

measure of severity.

First, distributions of symptom scores were inspected with density plots. As

shown in Figure B.2, symptom distributions are seemingly similar across groups;

floor and/or ceiling effects, if present, adhere to both groups. Hence, it is im-

plausible that differences in restriction of range produced differences in network

connectivity.

Second, groups were matched on IDS sum scores. Both groups are composed

to contain the same number of patients with a sum score of 26, 27, and so on. This

resulted in samples of 172 remitters and 172 persisters with the same mean IDS

score (M = 36.6, SD = 7.1). Also, differences in individual symptom scores were

reduced; only two symptoms (hypersomnia and weight/appetite change) differed

significantly after matching (see Table B.2).

Third, groups were matched by controlling for (regressing or partialling out)

general level of functioning as an indicator of severity with WHODAS. By regress-

ing each depression variable separately on the WHODAS sum score, the variance

of the depression variable that is not explained by severity is contained in the

residuals. The residuals are used to determine the networks. Note that all patients

(253 persisters and 262 remitters) can be retained with this strategy. It is perhaps

useful to note that it is not possible to partial out the IDS sum score itself (instead

of the WHODAS disability score); the IDS sum score is a deterministic function of

the variables in the network and conditioning on this sum score leads to strong

artificial negative correlations between variables (see Figure B.3).

B.4 Quantifying importance of symptoms

Analysis of symptoms that distinguish most between persisters and remitters,

were conducted by calculating the difference in centrality of symptoms between

persisters and remitters. Symptoms with the highest effect size for increase in
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FIGURE B.2. Density plots of symptom scores of persisters (red) and remitters (blue).

centrality in persisters, compared to remitters across all four measures, were

considered most distinctive in persisters.

Effect sizes for difference in centrality were obtained with the bootstrap

method (Efron & Tibshirani, 1994). Data of persisters and remitters were resam-

pled 1000 times, resulting in distributions of all symptom centrality measures in

both groups. Effect size Cohen′s d were calculated for difference in mean cen-

trality measure of persisters and remitters (Cohen, 2013). Since we considered

four centrality measures, effect sizes were averaged (see Table B.3 for the resulting

average effect sizes).
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TABLE B.2. Analysis of item scores after matching on IDS sum scores.

FIGURE B.3. Networks when IDS sum score is partialled out. Persisters (left, n = 253) and

remitters (right, n = 262). See Table B.2 for definitions of abbreviated terms.
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TABLE B.3. Average effect sizes for difference between mean centrality in persisters and

remitters.
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B.5 Stability analysis of centrality measures

FIGURE B.4. Stability analysis of centrality measures. Area Under Curves (AUC) for centrality

measures betweenness (upper left panels), strength (upper right panels), closeness (lower

left panels), and eigenvector centrality (lower right panels) for persisters (a) and remitters

(b). For every value of γ, the value of the centrality measure is displayed; each color

represents a symptom in the network as indicated in the legend (c).
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B.6 Network structures based on ordinary analyses

FIGURE B.5. Network structures based on ordinary analyses. Pearson′s correlation (upper

panels) and unregularized partial correlation networks (lower panels) of persisters (left

panels) and remitters (right panels). Blue lines represent positive (partial) correlations,

whereas red lines represent negative (partial) correlations. See Table B.2 for definitions of

abbreviated terms.
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B.7 Additional indicators for weighted network density

TABLE B.4. Additional indicators for weighted network density.

The average shortest path length (or characteristic path length) is the average

number of steps in the shortest path between all possible pairs of symptoms (the

lower, the more densely connected; Watts & Strogatz, 1998). Transitivity is defined

as the number of triangles (i.e., when symptoms A, B, and C are all connected,

they form a triangle) proportional to the possible number of triangles (the higher,

the more densely connected; Wasserman & Faust, 1994). Diameter is defined as

the largest number of connections (the longest path length) between any two

symptoms (the lower, the more densely connected; Weisstein, n.d.).
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T
his Supplementary Information contains seven sections. Section C.1 con-

sists of derivations of transition probabilities. Section C.2 contains the

validation study to assess performance of graphicalVAR. In Section C.3,

we provide R code to simulate data according to the contact process model. Sec-

tion C.4 contains results of a comparison of the Fisher information variance and

the sample variance. Sections C.5 and C.6 show figures that are not displayed in

Chapter 9. Finally, in Section C.7 we explain the contruction of the t-tests and the

resulting quality of the test statistic.

C.1 Derivations

C.1.1 Transition probabilities

The rates of the independent Poisson processes in (2.3) of the main paper can be

equivalently characterized by the transition matrix (Norris, 1997, Theorem 2.4.3).

As the number of infected nodes increases by 1 at rate λks (V ) and decreases by

1 at rate µ, the generator matrix Qs (x) of the two-state Markov process can be

defined as (Brzezniak & Zastawniak, 2000; Grimmett, 2010; Singer, 1981)

Qs (x) =
(
−λks (x) λks (x)

µ −µ

)
(C.1)

This defines a system of differential equations with Kolmogorov forward equations
d

d s Ps (x) = Ps (x)Qs (x), in which Ps (x) = exp[sQs (x)] is the transition matrix, and

exp[sQs (x)] =∑∞
j=0 Q

j
s / j (Norris, 1997). For our two-state process ( j = 0,1), we

need to solve the forward equations with the elements p
j j
s (x). Because Ps (x) is a

stochastic matrix, in which the sum of each row equals 1, we only need to solve

the differential equations

d

d s
p01

s (x) =−λks (x)(1−p01
s (x))+µp01

s (x)

d

d s
p10

s (x) =λks (x)p10
s (x)−µ(1−p10

s (x)),

since p00
s (x) = 1−p01

s (x) and p11
s (x) = 1−p10

s (x). The resulting solutions are

p01
s (x) = λks (x)

λks (x)+µ +
(

p01
0 (x)− λks (x)

λks (x)+µ
)

exp[−(λks (x)+µ)s]

p10
s (x) = µ

λks (x)+µ +
(

p10
0 (x)− µ

λks (x)+µ
)

exp[−(λks (x)+µ)s].(C.2)
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Here, the first part on the right hand side is the equilibrium part, while the second

part is sometimes referred to as the deviation from equilibrium, which decreases

exponentially with s. Therefore, we use the equilibrium part of the solution and

obtain the transition probability matrix

(C.3) Ps (x) =
(

1−ps (x) ps (x)

qs (x) 1−qs (x)

)
,

where ps (x) = p01
s (x) and qs (x) = p10

s (x) and

ps (x) = λks (x)

λks (x)+µ , qs (x) = µ

λks (x)+µ .(C.4)

We assume that in each time segment [s, s +h), with h > 0, the underlying process

is right-continuous, meaning that when a node is, e.g., in a healthy state at time

s, it stays in that state until time s +h; then it switches to an infected state. The

holding time is the time between events in which the state of the nodes is assumed

to be invariant and exponentially distributed. As a result we can use the discrete

time Markov chain ξi (x) with transition probabilities pi (x) and qi (x) for i = 1,2, . . .

C.2 Validation study graphicalVAR

C.2.1 Design

We assessed the performance of graphicalVAR in a simulation study. Time series

data were simulated by generating networks (i.e., true networks) with a similar

number of nodes as our real data (i.e., 10). We followed the steps in Yin and Li

(2011) to simulate temporal and contemporaneous networks, using a constant of

1.1 and making 50% of the edges negative. Number of simulated time points was

50, 100, 150, 200, and 500, density of the temporal network was set to .1, .3, and .5

and density of the contemporaneous network was set to .3. We investigated the

temporal network. The quality of network estimation was assessed by inspecting

correlations between the true and estimated network parameters, the sensitivity

(i.e., true positive rate), and specificity (i.e., true negative rate).

C.2.2 Results

Figure C.1 shows that with only 50 time points, true and estimated networks differ

somewhat. However, the average correlation remains high (M = .91,SD = .07).
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With increasing sample size, the average correlation increases up to .98 (SD = .02)

for the largest sample size. More detailed information about performance of

graphicalVAR is provided by sensitivity and specificity. Sensitivity is overall high

(M = .88,SD = .15) but varies across densities. With sample sizes of 200 and larger,

sensitivity increases to .94 on average (SD = .10), and to .98 (SD = .04) when

true networks were more dense (less sparse). Across all conditions, specificity is

moderate to high (M = .79,SD = .13), indicating an acceptable false positive rate

(i.e., most edges that are estimated are present in the true network). To conclude,
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FIGURE C.1. Performance of graphicalVAR. Correlation (left) between the true and the

estimated temporal network , sensitivity (middle), and specificity (right) are displayed of

simulated temporal networks with densities of .1 (red), .3 (green) and .5 (blue).

graphicalVAR demonstrates to be an acceptable method to estimate graphical

models from continuous data. The simulation study indicates that with sample

sizes of 100 and more, the estimated and true network show high concordance.

Correlations and sensitivity are high and sensitivity is moderate and increasing

with sample size. Specificity is moderate tot high across all conditions, indicating

acceptable levels of false positives among the estimated edges. Thus, graphicalVAR

exhibits high sensitivity. However, sensitivity can be moderate for the less densely

connected temporal networks, for the benefit of a high specificity.
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C.3 R code for the simulation process

This section contains the annotated R code of function SimFunction() to simulate

data according to the contact process ().

SimFunction=function ( l ,m, nobs , adj )

{

# l =lambda

# m=mu

# nobs= number of observations

# adj= unweighted adjacency matrix

# note : number of events in time i n t e r v a l ( between observations ) i s poisson

d i s t r i b u t e d

x=ncol ( adj )

y=sum(rowSums( adj ) >0) # number of nodes in the network

z=rowSums( adj ) # number of edges per node

w=rep ( 0 , x )

# Generate s t a r t i n g point ( there has to be at l e a s t one i n f e c t e d variable ) .

The p r o ba bi l i t y of being i n f e c t e d from the s t a r t i s determined on

empirical data of patients .

for ( i in 1 : ( x ) ) {

i f ( z [ i ] ! =0)w[ i ]=sample ( 0 : 1 , 1 , prob=c (5 / 16 ,11 / 16) )

}

r=c ( 1 , rpois ( nobs* 3 , ( l +m) ) ) # nobs*3 in order to simulate enough events

t=sum( r )

pois <− rpois ( nobs , 1)

i f ( pois [1]==0) pois [1]= pois [1]+1

obs <− cumsum( pois )

i f ( obs [ length ( obs ) ] < t ) r=r else r=c ( 1 , rpois ( nobs* 10 ,( l +m) ) ) # to prevent that

there are too few events to simulate the number of observations needed .

t=sum( r ) # i f r changed , than t i s updated here

data=matrix ( c (w, rep ( 0 , x * ( t−1) ) ) , length (w) , x , byrow=T) # Matrix with the data .

Contains the s t a r t i n g point in row 1 and i s empty ( zeros ) f o r a l l other

rows .
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# l e t the " f u l l y observed " process run over time

for ( j in 2 : t )

{

transitionprob <− rep (NA, x )

for ( i in 1 : x )

{

w=which ( adj [ i , ] = = 1 ) # neighbors of node i

k=sum( data [ j −1,w] ) # number of i n f e c t e d neighbors at t−1

transitionprob [ i ] <− l *k / ( l *k+m) # This i s P and Q=1−P . Transition

p r o b a b i l i t i e s according to Brzezniak (2000) , taking the network

topology into account .

}

data [ j , ] = data [ j −1 ,] # Copying the previous time point , to change h e r e a f t e r

the node that changes

# Randomly draw the node that w i l l change . Depending on whether that node i s

on or of f , i t i s decided whether i t w i l l change or not ( with a to be

calculated p r o ba b i l i t y ) .

# When nothing changes , a new node i s drawn . This i s repeated unti l a change

occured .

# I f there are i n f e c t e d symptoms , proceed . Else , the process has died out .

i f ( any ( data [ j −1 ,]==1) ) {

count=0

while ( count <1)

{

s=sample ( x , 1 ) # Draw a random node . I f t h i s node infected , perform the

recovery procedure . I f the node i s recovered , perform the i n f e c t i o n

procedure

i f ( data [ j −1, s ]==0) # Procedure f o r i n f e c t i o n

{

i f ( runif ( 1 ) <transitionprob [ s ] ) # This r e f e r s to the p r ob a bi l i t y to be

infected , given the node i s recovered

{

data [ j , s ]=1

count=count+1

} else data [ j , s ]=0 # the node s t a y s recovered and a new node must be

randomly drawn

} else { # Procedure f o r recovery

i f ( runif ( 1 ) < (1− transitionprob [ s ] ) ) { # This r e f e r s to the p r ob a bi l i t y

to recover , given the node i s i n f e c t e d (1−P)

data [ j , s ]=0
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count=count+1

} else data [ j , s ]=1

}

}

} else ( j =t )

}

## We now have the process as i f i t was f u l l y observed . Next , we do the "

observations "

dataobs=matrix (NA, nobs , x , byrow=T)

for ( i in 1 : nobs ) dataobs [ i , ] <− data [ obs [ i ] , ]

r e s u l t s = l i s t ( data = data , dataobs = dataobs )

return ( r e s u l t s )

}

}

C.4 Variance

To assess the quality of the estimate ρ̂, we need the variance of ρ̂. Since the

variance is unknown, we will show how the variance can be estimated. First,

we consider the most common estimate of the variance based on the Fisher

information.

C.4.1 Fisher information variance

It is derived from the second-order derivatives of the loglikelihood (equation 3.10

in the main article) with the delta method. These second-order derivatives are

represented in the Hessian Ht (λ,µ) as

(C.5) Ht (λ,µ) =
−Ut

λ2 0

0 −D t
µ2

 ,

where Ut is the number of upward jumps and Dt is the number of downward

jumps (see equation 3.7 of the main article). Taking the negative of the inverted

Hessian (the observed Fisher information matrix) results in the covariance matrix.

The Fisher information variance of λ̂ and µ̂ is

(C.6) σ̂2
λ̂F

= λ̂2

Ut
, σ̂2

µ̂F
= µ̂2

Dt
.
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Although the Fisher information variance is the usual way to calculate the

variance, Fiocco and van Zwet (2003) stated that the sample variance, which is

based on the variation over nodes of the observed process, is a better estimate.

Therefore, we consider the sample variance as a second estimator.

C.4.2 Sample variance

The sample variance depends on the estimates of the parameters for each node

individually, as opposed to one single estimate for the whole network. The sample

variance can, therefore, be estimated as

σ̂2
λ̂S

= 1

|V |
∑

x∈V
(λ̂(x)− λ̄)2,

σ̂2
µ̂S

= 1

|V |
∑

x∈V
(µ̂(x)− µ̄)2,

σ̂2
ρ̂S

= 1

|V |
∑

x∈V
(ρ̂(x)− ρ̄)2,

(C.7)

in which |V | is the number of variables and λ̄, µ̄ and ρ̄ are the means of the

estimates per node λ̂(x), µ̂(x) and ρ̂(x).1 The node-specific estimates are defined

as

(C.8) λ̂(x) = Ut (x)

At (x)
, µ̂(x) = Dt (x)

Bt (x)

and, consequently,

(C.9) ρ̂(x) = λ̂(x)

µ̂(x)
= Ut (x)Bt (x)

At (x)Dt (x)
.

C.4.3 Comparing variance estimates

Fiocco and van Zwet (2004) stated that the sample variance is a better estimate

than the Fisher information variance. We investigated both Fisher information

and sample variance, as in equation C.6 and C.7, by comparing them to the Monte

Carlo variance. The Monte Carlo variance is the variance of λ̂ and µ̂ of simulated

1A model with separate estimates per node is an extension of the model used in this study. Model
comparison of the original and alternative model using real data could reveal which model better fits
the data. The goodness-of-fit measure to use for model comparison could be, for example, AICc or
BIC. Simulating data under the null model (i.e., with only one estimate for the whole network) and the
alternative model (i.e., estimates for each node) could reveal which fit measure is preferred.
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data. The ratio between the estimated variance and the Monte Carlo variance

should be approximately 1.

We computed the Fisher information variance σ2
F and the Monte Carlo vari-

ance σ2
MC for each of the 8 data sets and computed their ratio σ2

F /tσ2
MC , where t

is the number of observations of the simulation. It follows from Figure C.2, that

the Fisher information variance is not a good estimate or the variance across all

conditions (results for networks with 50% and 100% replacement have similar

results, not shown here); the Fisher information variance clearly underestimates

the variance.

FIGURE C.2. Ratio of the Fisher information variance and the Monte Carlo variance (F/mc)

of λ̂ and µ̂ and the ratio of the sample variance and the Monte Carlo variance (s/mc) of λ̂,

µ̂, and ρ̂ as a function of the number of observations. For different values of ρ (a through

d) with pure lattice networks.

233



APPENDIX C. SUPPLEMENTARY INFORMATION TO CHAPTER 9

C.5 Violin plot of estimates of ρ not shown in

Chapter 9

FIGURE C.3. Violin plots of the estimates of ρ. Distributions of estimates of 100 simulated

data sets with pure lattice structure, increasing amount of observations (50, 70,..., 190)

and with ρ = .5 (a), ρ = 1 (b), ρ = 1.5 (c), and ρ = 2 (d). The red lines indicate the true value

of ρ, with which the data was simulated.

FIGURE C.4. Violin plots of the estimates of ρ. Distributions of estimates of 100 simulated

data sets with 50% replacement networks, increasing amount of observations (50, 70,...,

190) and with ρ = .5 (a), ρ = 1 (b), ρ = 1.5 (c), and ρ = 2 (d). The red lines indicate the true

value of ρ, with which the data was simulated.
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C.6 Plots of sample variances not shown in Chapter 9

FIGURE C.5. Sample variances of simulated data based on a network with pure lattice

structure and (a) ρ = .5, (b) ρ = 1, (c) ρ = 1.5, and (d) ρ = 2.

FIGURE C.6. Sample variances of simulated data based on a network with 50% replacement

structure and (a) ρ = .5, (b) ρ = 1, (c) ρ = 1.5, and (d) ρ = 2.
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C.7 Statistical testing

We constructed two t-tests. One that tests ρ̂ against the percolation threshold of

1 (a one-sample t-test) and one that compares two values of ρ̂ of two different

systems (an independent two-sample t-test).

With a one-sample t-test, ρ̂ can be tested against the percolation threshold.

When ρ̂ is larger than 1, the symptoms in the network will remain active indefi-

nitely. The statistic for this one-sample t-test is defined as

(C.10) t = ρ̂−1√
σ̂2
ρs

/n
,

in which n is the number of nodes. In this case, since one person is compared to

a fixed value (1), σ̂2
ρs

is the sample variance of the person under consideration

estimated as in equation (C.7). Since the variance of ρ̂ is based on the estimates

per node, for the t statistic, it has to be divided by n. The number of degrees of

freedom is n −1.

With a two-sample t-test, ρ̂ of two persons can be compared. The statistic for

the independent two-sample t-test is defined as

(C.11) t = ρ̂1 − ρ̂2√
ψ̂2
ρs

/n
,

where ρ̂1 and ρ̂2 are the estimates of the percolation indicators of person 1 and

2 respectively, and n is the pooled number of observations the estimates of ρ is

based on (the number of nodes in both networks). ψ̂2
ρs

is the sample variance

estimated as in equation (C.7). The number of degrees of freedom is based on the

number of variables of both samples (n1+n2−2).

C.7.1 Quality of test statistic

With our simulated data we can check whether the distribution of the test statis-

tics is normal. For the one-sample t-test, we used the data set that is simulated

with ρ = 1, meaning that the null-hypothesis (ρ = 1) is true. This data set contains

simulations with 50 through 190 observations, each with 100 replications. For all 8

× 100 simulations, we tested whether ρ̂ = 1 (d f = 21). To investigate the distribu-

tion of the two-sample t-test, we tested half of the data set that is simulated with

ρ = 1 against the other half. Since we know that ρ = 1 for all simulations contained
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in this data set, we know that the null hypothesis is true: ρ̂1 = ρ̂2 (d f = 42). To

compare the empirical distribution of both t-statistics, we drew 800 samples from

a t distribution with d f = 21 and 400 samples from a t distribution with d f = 42,

respectively.

The density plots in Figure C.7 show that both empirical distributions are

normal. The distribution of the one-sample t-test is only slightly skewed to the

left. Both empirical distributions have wider tails than the theoretical distributions,

indicating that the type I error will be larger.

−20 −15 −10 −5 0 5 10

0.0

0.2

0.4

0.6

0.8

t−value

D
en

si
ty one−sample t−test (df=21)

two−sample t−test (df=42)
true distribution (df=21)
true distribution (df=42)

FIGURE C.7. Density plots of t-values of the one-sample t-test against the value 1 (red

line), of the two-sample t-test (blue line), the true distribution of t-values with 21 degrees

of freedom as in the one-sample t-test (black dashed line), and the true distribution of

t-values with 42 degrees of freedom as in the two-sample t-test (black dotted line). Data

were simulated with ρ = 1 and networks with 100% replacement. Data simulated with

pure lattice structure and 50% replacement show similar results.
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T
his tutorial provides and explanation of R package IsingFit (Van Borkulo,

Epskamp, & Robitzsch, 2016). IsingFit fits Ising models (Ising, 1925) using

the eLasso method. eLasso combines `1-regularized logistic regression

with model selection based on the Extended Bayesian Information Criterion

(EBIC). EBIC is a fit measure that identifies relevant relationships between binary

variables. The resulting network consists of variables as nodes and relevant rela-

tionships as edges. In this tutorial, we will provide a short introduction to eLasso

— please see Chapter 4 and Appendix A for more detailed information — and illus-

trate how IsingFit() can be used, what options there are and how applying dif-

ferent options affect results. To illustrate this, we provide examples with real data

and provide the accompanying R code. The various arguments of IsingFit()
are explained and the impact of adjusting the arguments is illustrated with data

of the Virginia Adult Twin Study of Psychiatric and Substance Use Disorders (VAT-

SPUD; Kendler & Prescott, 2006; Prescott et al., 2000). For this tutorial, we use

the data of presence/absence of the 14 disaggregated symptoms of MDD for at

least 5 days during the previous year of 8973 individuals from the population as

used in Chapter 3 of this dissertation. This Appendix is an extended version of

https://cran.r-project.org/web/packages/IsingFit/IsingFit.pdf.

D.1 Introduction

The edges in a network represent conditional dependencies: if there is an edge

between symptom X1 and X2, they are related even after conditioning on (or

controlling for) all other variables in the network. This means that the relationship

between X1 and X2 cannot be explained by any of the other variables. It is not

a spurious relationship that arose because the two are related through another

(third) confounding variable in the dataset. Conversely, if two variables are not

connected, say X2 and X3, this means that they are not related. Not directly

related, to be more specific. They might be correlated, but only because they share

connections to other variables in the network. When conditioned on all other

variables, the relationship between X2 and X3 disappears — it is explained away

by the other variables. The network representing conditional dependencies is also

called a Markov Random Field (Kindermann & Snell, 1980; Lauritzen, 1996).

For continuous data, conditional dependencies can be established by means

of the covariance matrix of the observations of the variables. A zero entry in
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the inverse of the covariance matrix represents a conditional independence be-

tween the focal variables, given the other variables (Speed & Kiiveri, 1986). The

simplest model that can explain the data as adequately as possible according

to the principle of parsimony, can be found with different strategies to find a

sparse approximation of the inverse covariance matrix. One of the strategies to

find such a sparse approximation is to impose an `1-penalty (also called lasso)

on the estimation of the inverse covariance matrix (Foygel & Drton, 2010; Fried-

man et al., 2008; Ravikumar et al., 2011). The `1-penalty guarantees shrinkage

of partial correlations and puts others exactly to zero (Tibshirani, 1996). Another

strategy entails estimating the neighborhood of each variable individually with

`1-penalized regression (Meinshausen & Bühlmann, 2006), instead of imposing

an `1-penalty on the inverse covariance matrix and is, therefore, an approxima-

tion to the `1-penalized inverse covariance matrix. This approximation method

using `1-penalized regression is an interesting alternative — it is computationally

efficient and asymptotically consistent (Meinshausen & Bühlmann, 2006) — that

can also be applied to binary data and is implemented in IsingFit.

D.2 Arguments

The main function of package IsingFit is function IsingFit(). To run

IsingFit(), the only input that is required is the data set. This results in output

according to default settings of several arguments:

IsingFit(x, AND = TRUE, gamma = 0.25, plot = TRUE, progressbar
= TRUE,
lowerbound.lambda = NA, ...)

x

The first argument (x) — and the only one you have to enter to run the default

function — is the data. This must be a matrix in which each variable is represented

by a column and each observation by a row. Observations should be independent.

An example of a data set with independent observations is one in which rows con-

tain scores on items of a questionnaire of different individuals. Whether person i
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(on row i ) has a set of scores on items does not depend on the scores of person j

(on row j ).

The following code is used to estimate a default network with our example data,

in which Data is the name of the VATSPUD dataset and the output of IsingFit
is stored under the name Res.

Res <- IsingFit(Data)

The estimated network structure is shown in Figure D.1, which is simular to

the empirical network in Figure 3.3, Chapter 3.

dep
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los

gai

dap

iap
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hso
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ret

fat

wor

con

dea

FIGURE D.1. The estimated network structure based on the VATSPUD data, with the default

setting of IsingFit(). dep - depressed mood; int - loss of interest; los - weight loss; gai

- weight gain; dap - decreased appetite; iap - increased appetite; iso - insomnia; hso -

hypersomnia; ret - psychomotor retardation; agi - psychomotor agitation; fat - fatigue;

wor - feelings of worthlessness; con - concentration problems; dea - thoughts of death.

AND

This is a logical indicating whether the AND-rule is used or not. When AND =
TRUE, the AND-rule is applied, requiring both regression coefficients β j k and

βk j to be nonzero to result in an edge between node j and k (see Chapter 4 and
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Appendix A for an extensive explanation of the estimation procedure). A more

lenient option is to set the AND argument to AND = FALSE, thereby applying

the OR-rule, requiring only one of β j k and βk j to be nonzero. For our dataset

there is no observable difference in the resulting network structure when applying

the AND- or OR-rule. This is because of the high power due to high sample size

(n = 8973). When the power is not high enough to estimate a reasonable network

structure — due to an unfavorable ratio of number of nodes and sample size — one

might use the OR-rule. Note that this might result in more spurious connections

(false positives).

In Figure D.2, we show the result of applying the AND and OR-rule when power

is low. As can be seen in the code below, we used a subsample of our original

VATSPUD dataset in which only the first 150 individuals are included.

Res.150.AND <- IsingFit(Data[1:150,], AND=TRUE)
Res.150.OR <- IsingFit(Data[1:150,], AND=FALSE)

As you can see in Figure D.2, there are a few more edges retrieved when the

OR rule is applied (right panel), compared to when the AND rule is applied (left

panel).
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FIGURE D.2. Network estimation with AND- (left panel) and OR-rule (right panel). Only

the first 150 observations are included in the network estimation procedure.
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gamma

With this argument, you can adjust the value of hyperparameter γ. Hyperparame-

ter γ plays a role in Goodness-of-Fit measure EBIC (equation A.10) with which

the optimal tuning parameter (i.e., ρ which represents the best set of neighbors of

the focal node) is selected (again, see Chapter 4 and Appendix A for an extensive

explanation of the estimation procedure of IsingFit). In essence, γ determines the

strength of prior information on the size of the model space. It penalizes the num-

ber of nodes in neighborhood selection and puts an extra penalty on the number

of neighbors (see equation A.10). Note that — and this is often misunderstood —

when γ is set to zero, there will still be regularization and the number of neighbors

is still penalized. However, instead of an extra penalty on the size of the model

space, the optimal tuning parameter is now selected with the ordinary BIC instead

of the extended BIC.

By increasing γ, the strength of the extra penalty on the size of the model space

increases. A lower value of γ — maybe even zero — could be advantageous when

the power is low and applying EBIC results in very few edges or none at all. A

higher value of γ could be favorable when you have high power (a good number

of nodes to observations ratio) and want the least number of false positives.

To illustrate the effect of different values of γ, we used the subsample of 150

individuals and estimated network structures with γ= 0, .3, .6,1. As you can see

in Figure D.3, the network based on γ= 0 (most left panel) is least sparse (most

connections) and γ= 1 (most right panel) is most sparse. The connections in the

latter network have the highest probability of being true positives: they are still

present, while being estimated with a high value of γ (i.e., a high extra penalty on

the number of neighbors).

plot

A logical indicating whether the estimated network should be plotted.

progressbar

Logical. Should the progressbar be plotted in order to see the progress of the

estimation procedure? Especially with a large data set, it may take a while before
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FIGURE D.3. Networks estimation based on the first 150 observations of the VATSPUD data

with increasing values of γ (from left to right).

all node-wise regressions are performed. With the progressbar, you can keep track

of the progress of the estimation procedure. Defaults to TRUE.

lowerbound.lambda

The minimum value of tuning parameter lambda (regularization parameter).

Can be used to compare networks that are based on different sample sizes. The

lowerbound.lambda is based on the number of observations n in the smallest

group:
√

log p
n , where p is the number of variables, that should be the same in

both groups. When both networks are estimated with the same lowerbound for

lambda (based on the smallest group), the two networks can be visually compared.

For a statistical comparison, NCT can be used (see Chapter 5 and Appendix E for

a tutorial on the NCT package).

D.3 Output

Function IsingFit returns an IsingFit object and contains several items. Below

follows a description of each item.

weiadj

The weighted adjacency matrix. This contains the edge weights. You can use this

item to plot the network with qgraph and adjust the plot as you like. Below you

can find the code to use the output of IsingFit to make your own plot.

qgraph(Res$weiadj, layout=’circular’)
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TABLE D.1. Thresholds of the symptoms based on the VATSPUD data with default setting of

IsingFit. See Figure D.1 for abbreviations.

symptom threshold
dep -2.31
int -3.19
los -4.31
gai -3.83
dap -3.92
iap -3.9
iso -3.02
hso -4.45
agi -3.18
ret -4.34
fat -2.83

wor -4.43
con -4.04
dea -5.83

thresholds

A vector that contains the thresholds of the variables. The threshold of a variable

represents the autonomous disposition to be present. For the network in Figure

D.1 based on the whole sample, the thresholds are all negative (see Table D.1).

This means that all symptoms have an autonomeous disposition to be absent.

When zooming in on specific symptoms, “depressed mood” (dep) has the highest

threshold (-2.31). This means that this symptom has the highest probability of

being present in the sample compared to the other symptoms. “Thoughts of death”

(dea) has the lowest threshold and, consequently, has the lowest probability of

being present in the sample.

q

The object that is returned by qgraph (class qgraph).

gamma

The value of γ that was applied.
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AND

A logical indicating whether the AND-rule is applied. If FALSE, the OR-rule was

applied.

time

The time it took to estimate the network.

asymm.weights

The asymmetrical weigthed adjacency matrix before applying the AND/OR-rule.

These are the original regression coefficients from the nodewise regressions (see

Section 4.2.1).

lambda.values

The values of the tuning parameter per node that ensured the best fitting set of

neighbors.
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T
his tutorial provides and explanation of R package NetworkComparison-

Test (Van Borkulo, Epskamp, & Milner, 2016). This Network Comparison

Test (NCT) is a permutation based hypothesis test, which is suited for

Gaussian and binary data. It assesses the difference between two networks based

on several invariance measures (network structure invariance, global strength

invariance, edge invariance). Currenlty, NCT is suited for comparison of inde-

pendent as well as dependent samples. Concerning dependent samples, only

comparing one group which is measured twice is implemented (e.g., a group of

patients with a pre- and post-treatment).

Network structures are estimated with `1-regularized partial correlations

(EBICglasso for Gaussian data; Epskamp et al., 2012) or with `1-regularized

logistic regression (eLasso for binary data Van Borkulo et al., 2014).

E.1 Introduction

Research in which the network approach is used has recently shifted from a

descriptive stance to a more comparative stance (Bringmann et al., 2013; Pe et

al., 2015; Wigman et al., 2015). The NetworkComparisonTest package provides

a statistical tool to do so, by allowing direct comparison of two networks. This

procedure combines advanced methodology for inferring network structures

from large empirical, cross sectional datasets (Epskamp et al., 2012; Van Borkulo

et al., 2014) with permutation testing. Currently, NCT evaluates three hypotheses

that are typically relevant in network analysis: (1) invariant network structure, (2)

invariant edge strength, and (3) invariant global strength. The first hypothesis,

concerns the structure of the network as a whole, and states that this structure is

completely identical across subpopulations. Differently stated, the distributions

of edge weights are compared, similar to a Kolmogorov-Smirnoff test. The second

hypothesis zooms in on the difference in strength of a specific edge of interest.

The third hypothesis says that, although networks may differ in structure, the

overall level of connectivity is equal across groups. See Chapter 5, for an extensive

explanation of the test statistics, which accompany these three hypotheses.
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E.1.1 Real data to illustrate NCT

In this tutorial, the arguments and output of the function is explained and illus-

trated with data of the Virginia Adult Twin Study of Psychiatric and Substance

Use Disorders (VATSPUD; Kendler & Prescott, 2006; Prescott et al., 2000). For this

tutorial, we use the data of presence/absence of the 14 disaggregated symptoms of

MDD for at least 5 days during the previous year of 8973 individuals from the popu-

lation. To illustrateNCT, we divided the data into males (n = 5091) and females (n =
3884). This Chapter is an extended version of https://cran.r-project.org/
web/packages/NetworkComparisonTest/NetworkComparisonTest.pdf.

To investigate differences in network structure between males and females, we

can first inspect the networks visually. Judging from Figure E.1, there are no clear

differences between the two networks. In men, depressed mood is more strongly

associated with feeling worthless and it is associated to weight loss, whereas it is

not in women.
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FIGURE E.1. The network structures of females (left panel; n = 3884) and males (right

panel; n = 5091) of the VATSPUD study. Estimation is performed with IsingFit() and

γ= .25. dep - depressed mood; int - loss of interest; los - weight loss; gai - weight gain;

dap - decreased appetite; iap - increased appetite; iso - insomnia; hso - hypersomnia;

ret - psychomotor retardation; agi - psychomotor agitation; fat - fatigue; wor - feelings of

worthlessness; con - concentration problems; dea - thoughts of death.
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E.2 Arguments

The main function of package NetworkComparisonTest is function NCT(), which

has several arguments:

NCT(data1, data2, gamma, it=100, binary.data=FALSE,
paired=FALSE, weighted=TRUE, AND=TRUE, test.edges=FALSE, edges,
progressbar=TRUE)

In this section, the arguments are explained and the function of some arguments

is illustrated with our two groups of individuals (males and females) from the

VATSPUD study.

data1/data2

The first two arguments (data1 and data2) are the data of the groups to be

compared. Both datasets have to contain cross-sectional data. The dimension of

the matrices is nobs ×nvar s, with nobs (the number of observations) as rows

and nvar s (the number of variables) as columns.

gamma

A single value between 0 and 1. When not entered, γ is set to .25 for binary data and

to .50 for gaussian data. See Appendix D (D.3) for a more elaborate explanation of

effect of adjusting this argument.

it

The number of iterations (permutations) to create a reference distribution (see

Section 5.2.3 for an explanation of the reference distribution). The default value is

100.

binary.data

Logical. Can be TRUE or FALSE to indicate whether the data is binary or not.

The default value is FALSE, which ensures the data is handled as gaussian. The

VATSPUD data that we use to illustrate NCT is binary, hence, to compare males

and females in this study, the following code should be used.
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set.seed(1)
res <- NCT(data.females, data.males, binary.data=TRUE)

The results of the analysis is assigned to object res. This object contains the

output of NCT. The output is explained in detail in the next section. Note that with

this code, a permutation test with 100 iterations (default) is performed, which

might be too low considering the large number of observations in our groups

(n = 5091 and n = 3884).

paired

Logical. Can be TRUE of FALSE to indicate whether the samples are dependent

or not — the default value is FALSE. If paired is TRUE, relabeling is performed

within each pair of observa- tions. If paired is FALSE, relabeling is not restricted

to pairs of observations. Note that, currently, only comparing one group which

is measured twice (e.g., a group of patients with a pre- and post-treatment) is

implemented. In the nearby future, NCT will be extended to allow for comparing

group-level networks of two groups with ESM data.

weighted

Logical. Can be TRUE of FALSE to indicate whether the networks to be compared

should be weighted of not. If not, the estimated networks are dichotomized.

Defaults to TRUE.

AND

Logical. Can be TRUE of FALSE to indicate whether the AND- or the OR-rule

should be used to define the edges in the network. Defaults to TRUE. Only nec-

essary for binary data. See Section D.2 in the Appendix for a more elaborate

explanation of effect of adjusting this argument.

test.edges

Logical. Can be TRUE of FALSE to indicate whether or not differences in individual

edges should be tested. Defaults to FALSE. When TRUE, you have to specify which

edges you want to test with the next argument edges.
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edges

Character or list. When “all”, differences between all individual edges are tested.

When provided a list with one or more pairs of indices referring to variables, the

provided edges are tested. A Holm-Bonferroni correction is applied to control for

multiple testing. To test all edges, the following code can be used.

set.seed(1)
res2 <- NCT(data.females, data.males, binary.data=TRUE,
test.edges=TRUE, edges="all") Again, see the next Section E.3, for

how to retrieve the results in the output of NCT.

progressbar

Logical. Should the progressbar be plotted in order to see the progress of the

estimation procedure? Especially with binary data, which involves node-wise

regressions, it can take a while before all permutations are performed. With the

progressbar, you can keep track of the progress of the analysis. Defaults to TRUE.

E.3 Output

NCT returns an NCT object that contains several items. Using the code above, the

output is stored in an object with the name res and res2. Since res2 contains

the most elaborate output, we will use that to explain the content of the output.

glstrinv.real

The difference in global strength between the networks of the observed (real) data

sets. This is the actual test statistic S (see Chapter 5) that should be reported. In

our example, the difference in global strength S is 3.72. This can be retrieved with

res2$glstrinv.real.
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glstrinv.perm

The difference in global strength between the networks of the permutated data

sets. When the number of iterations it is 100, res2$glstrinv.perm will contain

100 values.

glstrinv.sep

The separate global strength values of the individual networks. In our example,

res2$glstrinv.sep reveals that the females′ network has a global strength of

41.97 and the males′ network 45.69.

glstrinv.pval

The p value resulting from the permutation test concerning difference in global

strength.

res2$glstrinv.pval reveals that, although the males have a higher global

strength, this difference is not significant (S = 3.72, p = .26).

nwinv.real

The value of the maximum difference M in any of the edge weights of the observed

networks. In our example, res2$nwinv.real shows that M = .99.

nwinv.perm

The values of the maximum difference in edge weights of the permuted networks.

nwinv.pval

The p values resulting from the permutation test concerning the maximum dif-

ference in edge weights. When it=100, there will be 100 p values that form the

reference distribution.

edges.tested

The pairs of variables between which the edges are called to be tested. Only if

test.edges = TRUE.
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einv.real

The value of the difference in edge weight of the observed networks (multiple

values if more edges are called to test). Only if test.edges = TRUE.

einv.pvals

The Holm-Bonferroni corrected p values per edge from the permutation test con-

cerning differences in edges weights. Only if test.edges = TRUE and only for the

edges provided in argument edges.tested. In our example, res2$einv.pvals
shows that one edge differs significantly in males and females: the edge between

depressed mood (dep) and weight loss (los). This edge is absent in the males, but

present in females (p < .01).

einv.perm

The values of the difference in edge weight of the permuted networks. Only if

test.edges = TRUE.

E.4 Plotting of NCT results

Results can also be plotted. The permutation test results in a reference distribution

of test statistics under the relevant null hypothesis. NCT is accompanied by a

plotting function to visualize the results.

In our example of males and females in the VATSPUD study, the results of

the network structure and global strength invariance test can be plotted with the

following code:

plot(res2, what="network")
plot(res2, what="strength")

The argument what can be used to indicate which statistic to be plotted. Figure

E.2 shows the reference distributions — created by permutations of the data —

with which the test statistics M (i.e., the maximum difference in edge strength of

the two networks) and S (i.e., the difference in global strength) can be evaluated.

The distribution(s) of the edge strength invariance test can be plotted with

plot(res2,
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FIGURE E.2. Reference distributions of two of the three test statistics based on the VATSPUD

data: the maximum difference in edge strength (left panel) and the difference in global

strength (right panel). The red triangle indicates the test statistic based on the observed

(real) data.

what="edge"). When more than one edge was tested, more than one plots will

be returned (i.e., a plot for each edge tested).
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NEDERLANDSE SAMENVATTING

N
etwerken zijn overal, als je erop gaat letten. Neem een samenwerk-

ingsnetwerk van een groot bedrijf met meerdere afdelingen. Medewerkers

van het bedrijf zijn dan de knopen in het netwerk. Als medewerkers vaak

samenwerken kun je een verbinding tussen hen tekenen. Een netwerk als dit

wordt een sociaal netwerk genoemd.

In het geval van psychopathologie zijn de knopen in het netwerk symptomen in

plaats van mensen en zijn de verbindingen causale verbanden tussen symptomen.

Volgens de netwerkbenadering van psychopathologie, kan een mentale stoornis

dus gezien worden als een netwerk van symptomen die elkaar causaal beïnvloe-

den. Als iemand bijvoorbeeld een aantal nachten niet goed slaapt zal diegene zich

moe voelen. Als het slechte slapen aanhoudt, kan dit tot meerdere problemen

leiden en uiteindelijk uitmonden in een depressie. Met de netwerkbenadering

kunnen we dus hypotheses formuleren met betrekking tot belangrijke vragen

binnen de psychopathologie, zoals “Hoe komt het dat bij sommige patiënten

een depressie weer overgaat, maar bij sommigen niet?” of “Waarom ontwikkelen

sommigen mensen een depressie en anderen niet?” Deze vragen stonden aan de

basis van dit proefschrift. We hebben we deze vragen onderzocht in empirische

data, maar hebben daarvoor eerst de benodigde methodologie ontwikkeld.

In Hoofdstuk 2 wordt eerst een inleiding gegeven in de netwerkbenadering

op psychologische fenomenen. Daarnaast wordt een overzicht gegeven van de

methoden die gebruikt kunnen worden om netwerkmodellen uit data af te leiden

voor zowel Gaussische en binaire data en voor zowel cross-sectionele als longitu-

dinale data. Vervolgens wordt beschreven hoe men netwerken kan analyseren om

zo bijvoorbeeld belangrijke symptomen in het netwerk te ontdekken.

Hoofdstuk 3 bevat een theoretische verdieping van de netwerk benadering

van psychopathologie waarin we met behulp van simulatiestudies de hypotheses
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onderzoeken die volgen uit de netwerkbenadering. Volgens de netwerkbenader-

ing zijn sterker verbonden netwerken kwetsbaarder voor MDD. We laten zien dat

(1) netwerken met sterkere verbindingen het meest kwetsbaar zijn om in een de-

pressieve staat te belanden, (2) het uitoefenen van stress op het netwerk resulteert

in hysterese van het systeem en (3) kwetsbare netwerken early warning signals

vertonen voordat ze van de ene naar de andere toestand springen.

Hoofdstuk 4 introduceert een methode, genaamd eLasso, om de netwerkstruc-

tuur van binaire data te schatten. We hebben deze methode ontwikkeld om een

betrouwbaardere schatting van de netwerkstructuur te krijgen dan mogelijk was

met de destijds beschikbare methoden. Een validatiestudie om de prestaties van

de methode te onderzoeken, laat zien dat eLasso een computationeel efficiënte

methode is die het goed doet onder allerlei omstandigheden die veel voorkomen

binnen de psychologie en psychiatrie.

Om in empirische data te kunnen onderzoeken of een kwetsbare groep patiën-

ten een sterker verbonden netwerk heeft dan een minder kwetsbare groep patiën-

ten, hebben we in Hoofdstuk 5 een statistische toets ontwikkeld. Deze Network

Comparison Test (NCT) toetst op drie verschillende aspecten. Met een validati-

estudie laten we zien dat NCT onder allerlei omstandigheden goed in staat is

om verschillen te detecteren als de groepen groot genoeg zijn en het verschil

tussen netwerken redelijk groot is. Ter illustratie passen we de methode toe op

empirische data van mannelijke en vrouwelijke patiënten. Hier worden geen ver-

schillen gevonden, wat overeen komt met de verwachtingen; hoewel de prevalen-

tie van MDD enorm verschilt tussen mannen en vrouwen, zijn er weinig klinische

verschillen tussen beide groepen.

In Hoofdstuk 6 hebben we groepen vergeleken waar we wel verschillen in

netwerkconnectiviteit zouden verwachten. Uit de netwerkbenadering volgt dat

een slechtere prognose samen zou moeten gaan met een hogere connectiviteit.

We hebben daartoe de volgende groepen

vergeleken: patiënten met een diagnose op baseline die (a) 2 jaar later zijn opgek-

napt versus (b) die 2 jaar later niet zijn opgeknapt. De patiënten die niet op-

knapten bleken inderdaad een sterker verbonden netwerk te hebben dan degenen

die depressief bleven.

In Hoofdstuk 7 staat een Comment op het artikel van Hoofdstuk 6. Dit com-

mentaar gaat over het feit dat de netwerkbenadering uitgaat van processen binnen

een individu, maar vervolgens bestudeert wordt op groepsniveau. In antwoord
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op dit commentaar bevat Hoofdstuk 7 ook een Reply waarin we beargumenteren

dat, ook al kunnen er inderdaad geen conclusies worden getrokken op het niveau

van het individu, het niet waarschijnlijk is dat individuele netwerken er radicaal

anders uit zullen zien.

Waar we in Hoofstuk 6 hebben gekeken naar patiënten, hebben we ons in

Hoofdstuk 8 gericht op gezonde mensen die later al dan niet een depressie hebben

ontwikkeld. Uit de netwerkbenadering volgt dat centrale symptomen een belangri-

jke rol kunnen spelen. Symptomen met een hogere centraliteit bleken inderdaad

sterkere voorspellers van het ontwikkelen van een depressie. Bovendien bleek

informatie over de centraliteit het voorspellen van het ontwikkelen van een de-

pressie te kunnen verbeteren.

Een belangrijke vraag die er nog ligt is of en hoe de netwerkstructuur van

een individu voorspellend is aan het verloop van MDD. In Hoofdstuk 9 maken

we hierin een eerste stap met een methode die de verhouding tussen infectie

en herstel van symptomen combineert met de netwerkstructuur. Deze methode

resulteert in een Percolatie Indicator (PI) die, volgens de percolatietheorie, een

voorspellende waarde heeft voor het gedrag van het symptoomnetwerk. Een

validatiestudie laat zien dat PI de verhouding tussen infectie en herstel goed schat

uit gesimuleerde data. Een toepassing laat zien dat een aantal aanpassingen nodig

zijn als het echte data betreft.

Hoofdstuk 10 bevat een overzicht van de belangrijkste bevindingen van em-

pirische netwerkstudies tussen 2010 en 2016. Aan de hand van drie belangrijke

thema′s — te weten comorbiditeit, predictie en klinische interventie — laten we

zien dat er al veel inzichten zijn verkregen in een relatief korte tijd. We constateren

echter ook dat er nog veel vragen zijn op het gebied van het toepassen in de

klinische praktijk en op gebied van het ontwikkelen van methodologie.

Tenslotte bevat Hoofdstuk 11 een overzicht van de resultaten van de belan-

grijkste resultaten van dit proefschrift. Hoewel er al veel bereikt is, zijn er ook

nog veel vragen. Daarom sluit ik dit proefschrift af met een voorstel voor een

onderzoeksagenda van de netwerkbenadering van psychopathologie.
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