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THE NETWORK APPROACH
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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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2.1. MENTAL DISORDERS AS COMPLEX DYNAMICAL SYSTEMS

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-

9



CHAPTER 2. THE NETWORK APPROACH

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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2.2. CONSTRUCTING NETWORKS

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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CHAPTER 2. THE NETWORK APPROACH

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
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2.2. CONSTRUCTING NETWORKS

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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CHAPTER 2. THE NETWORK APPROACH

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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2.2. CONSTRUCTING NETWORKS

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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2.2. CONSTRUCTING NETWORKS

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

18



2.2. CONSTRUCTING NETWORKS

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 )
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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

44



2.5. DISCUSSION

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.
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