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4 Abstract

Network analysis is gaining in popularity as a method for modeling psychopathol-

ogy. EBIC glasso is a common method of estimating such networks. An assump-

tion of EBIC glasso is that the residuals follow a normal distribution. Thusfar, no

one has assessed the robustness of EBIC glasso to distributional misspecification:

assuming the data is normal when it is actually nonnormal. Using a 5 × 4 × 4

simulation design with 500 replications, the robustness of EBIC glasso is tested

against such misspecifications. The conditions are compared via standardized bias

and multilevel metamodels. The current study finds that misspecification in the

case of assuming data is normal when it, in fact, is not, does have an effect of the

parameter’s deviation from the true values of the model in that underestimation of

the true values occurs. This effect varies across condition and centrality measure.

The paper suggests great care being taken when using nonnormal data with EBIC

glasso.
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5 Introduction

Extended Bayesian information criteria graphical least absolute shrinkage and

selection operator (EBIC: Epskamp, et al., 2018; glasso: Pavlenko, et al., 2012) is

a commonly used method of network estimation within the network psychometrics

literature. The purpose of this paper is to assess the robustness of EBIC glasso to

distributional misspecification, where distributional misspecification is assuming

the data is normal when, in actuality, it is nonnormal. Such misspecification can

have important consequences for analyses.

Network analysis, and hence networks using EBIC glasso, are capable of iden-

tifying treatment plans for psychopathology. Such models have the ability to

identify risk factors and predict nodes. Two aspects of a network play a role in

the risk of developing a disorder. First, a tightly connected network that has more

connections is considered to be a risky network. This is due to a snowball effect

with symptoms: the activation of one symptom will likely lead to other strongly

connected symptoms. Second, a more central node can also result in this snowball

effect, again, leading to the activation of connected nodes. Thus, both a tightly

connected network and more central nodes are indicative of risk (van Borkulo, et

al., 2015; Beard, et al., 2016). Similarly, in network analysis, node activation, or

the endorsement of a given symptom, can be predicted within a network. Pre-

dictability of node activation is found to be high for disorders such as depression,

anxiety, and PTSD, but lower for disorders such as psychosis (Halsbeck & Fried,

2017). In the study, this difference is due to the self-determination of the net-

work: the former disorders are more influenced by items internal to the network,

while the latter disorder is dependent on symptoms not included in the network

(Halsbeck & Fried, 2017). This suggests that the symptoms of highly predictable

networks can be more easily controlled by neighboring symptoms, indicating a

more promising therapeutic route (Halsbeck & Fried, 2017). Network analysis can

also determine the severity of the disorder and predict treatment attrition. Bak

& colleagues (2016) used the experience sampling method (ESM) to construct a
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network for a patient with schizophrenia, paranoid type. Symptom levels and

the clustering of symptoms varied throughout the study. When symptoms were

most severe, the connections between symptoms changed to such a degree that

there were qualitative changes in the network. The authors claim that recording

network changes in individuals is a viable new treatment option. Also, network

analysis can also be used to predict attrition in treatment. Lutz, et al. (2018)

conclude that there are quantitative and qualitative network differences for those

who complete treatment and those who dropout. They find intake predictors such

as sex and other predictors such as the centrality measure of betweenness. Hence,

network analysis can not only measure the severity of disorder but predict if the

individual will remain in treatment. Thus, network analysis is promising in its use

for psychopathological treatment.

Lack of robustness of EBIC glasso can result in Type I and Type II errors.

Type I errors arise as spurious connections in networks. This can produce a

causal connection when there is not one. As networks can be used for potential

intervention plans within network psychopathology, a spurious connection can

indicate a potential treatment target when it should not. Alternatively, Type II

errors occur when a true connection is absent from a network. Here, the issue

is concealing potential effective targets. Hence, the lack of robustness for EBIC

glasso can alter the potential for treatment.

Given the increasing popularity of network analysis, generally, and the common

use of EBIC glasso within such analyses, in particular, combined with a lack of

normality in psychological data, it is important to assess the performance of EBIC

glasso for nonnormal data. The results of this study can have consequences for

the use of EBIC glasso in psychopathology treatment and assessment.

5.1 An introduction to network psychopathology

Psychopathology networks are composed of nodes, the symptoms, and edges,

which can be the partial correlations between the symptoms. As such, there can

be functional or causal associations between symptoms on a network. Consider
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Figure 1. This is a network that represents depression Composite International

Diagnostic Interview (CIDI; Kessler & Üstün, 2004) data from the Collaborative

Psychiatric Epidemiology Surveys (CPES; Oh, Stickley, Singh & Koyanagi, 2019)

which is composed of the National Survey of American Life (NSAL; Brown, Bell

& Patterson, 2016), the National Comorbidity Survey-Replication (NCSR; Stick-

ley, et al., 2020) and the National Latino and Asian American Study (NLAAS;

Beccia, Jesdale & Lapane, 2020) data sets. Notice that D26CC, thought about

suicide, is connected to D26BB, would be better if dead. These nodes on the

network stand for an association which represents a partial correlation between

D26CC and D26BB. Each connection in this diagram stands for such a relation-

ship. In Figure 1 the depression symptoms interact to form the whole depression

psychopathology network. This can be generalized to show that disorders are seen

to be a system of interacting symptoms within the network framework (Cramer, et

al., 2010; Cramer et al., 2012; Costantini et al., 2015; Borsboom, 2017; Bringmann

& Eronen, 2018; Christensen, et al., 2019).
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From the network approach, the role of nodes or manifest variables is one of

mereology rather than being an indicator of posited entities; that is, manifest

variables are merely parts of the network. (Cramer, et al., 2010; Kendler et al.

2011; Borsboom & Cramer, 2013; Guyon, et al., 2017). Psychopathology emerges

from the collection of these connections via a part-whole relationship with the

symptoms as parts and the disorder as the whole. In the case of our depression

network, the symptom nodes constitute depression.

Mathematically, a network is a collection of nodes representing the measured

items and edges representing the relationship between those items, usually as par-

tial correlations (Pons & Latapy, 2006; Cramer, et al., 2010; Golino & Epskamp,

2017). Consider the indicators yij (j = 1, ..., P ; i = 1, ..., N ) for N subjects.

Network methods formalize the structure of disorders as a graph, with each of the

P symptoms as nodes. The relationship between two variables yij and yik,k 6=j is

signified by an edge, and the strength of this relationship between each pair of

variables yij and yik is symbolized by ajk. The collection of all of these weights

make up a P × P adjacency matrix, A (Hoffman, et al., 2019). Smaller clusters of

nodes within the graph (i.e., partitions of the graph) which have stronger weights

among themselves than with those outside their cluster are referred to as commu-

nities. Graphical models can accommodate indicators following a wide variety of

distributions.

The partial correlations of these networks are often uncovered via regulariza-

tion methods, like EBIC glasso. EBIC glasso is commonly used as a method of

network estimation in network analysis. The network model is estimated using a

multi-step process. Estimation is conducted by choosing one variable at a time,

yij, that acts as the dependent variable and then, the remaining P-1 variables (i.e.,

yik,k 6=j) act as predictors in an `1-regularized linear regression model. Repeating

the process P times using each variable as a dependent variable, regression co-

efficients are estimated at each step. This results in two values for each pair of

variables: the first where one variable is the dependent variable and the second
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where the other variable is the dependent variable. The use of the `1-regularization

method eliminates spurious edges. This is done via the `1-regularization method,

EBIC glasso’s, ability to eliminate extraneous edges and, thus, lessen the possi-

bility of overfitting. If one wants to further model the factors within the network,

then one would utilize a community estimation algorithm like walktrap (Pons &

Latapy, 2006; Golino & Epskamp, 2017). For the sake of this paper, we will merely

be estimating networks and not detecting communities.

As has been demonstrated, networks are beneficial for the identification of

psychopathology; and, in order to do so, EBIC glasso plays an important role in

estimating the structure. This is the central question of this paper. Given EBIC

glasso’s central role in network estimation, it is significant to test its robustness.

Does EBIC glasso face problems under distributional misspecification? The distri-

butional misspecification under investigation manifests as nonnormal data being

treated as normal. In particular, the assumption of normality is very often vio-

lated when using self-report measures as is very common in psychology. Other

research teams have examined whether more standard structural equation models

are robust to nonnormality (West, et al., 1995; Curran, et al., 1996; Rhemtulla,

et al., 2012). So, as network models gain popularity, we need to explore the topic

of distributional misspecification. One aspect of this assessment is calculating

centrality measures. It is there we turn next.

5.2 Centrality measures

5.2.1 Importance of centrality measures

In order to measure the importance of a node, centrality measures are utilized.

Importance can be defined as the degree to which a change in that node effects

the functioning of the rest of the graph (Dablander & Hinne, 2018). Centrality

measures are the answer to the question of whether the node is in the core or the

periphery of the network (Grando, et al., 2018).

There are different types of centrality measures. Some measure the number
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of connections to other nodes (e.g., degree and eigenvector centrality), and some

measure the relationships to the other nodes (e.g., betweenness and closeness)

(Aleskerov, et al., 2016a). Most centrality measures do not take into account

individual properties of each node (e.g., label) or the intensity of connections

between nodes (Aleskerov, et al., 2016b). Centrality measures, except degree, have

difficulty being estimated on high-dimensional graphs due to high computational

complexity (Aleskerov, et al., 2016a; Grando & Lamb, 2016; You et al, 2017).

There is also a distinction between centrality measures which account for local

(e.g., degree) and global properties (e.g., betweenness, closeness, and eigenvector)

For the sake of this paper, we will be considering four centrality measures: degree,

betweenness, closeness, and eigenvector centrality.

The importance of centrality measures can be found in their application to

network psychopathology and identifying potential treatments. Again, the impor-

tance of a particular central node is defined as its influence or ability to effect other

nodes. In the context of psychopathology, these centrality measures can be used

to identify potential treatment targets within a network. For example, D26FF,

unable to cope with daily responsibilities, has the highest betweenness centrality

(to be defined in the proceeding section) on our depression network. This has the

potential implication that if we were to treat a patient’s inability to cope with

daily responsibilities, this would have the greatest effect on their other symptoms.

If the model were biased and did not accurately capture the centrality measures,

we could potentially be treating symptoms that may have little to no effect on

the other symptoms. Hence, the accuracy of our centrality measures are quite

significant and should be of concern to those interested in psychopathology.

The reason these particular centrality measures (i.e., degree, betweenness,

closeness, and eigenvector) were chosen is two-fold. First, we aimed to use mea-

sures that had the ability to capture both local and global properties of the net-

work. Degree is a local measure, while the other three centrality measures are

global, thus providing two perspectives on how nonnormality can effect an EBIC-



8

glasso-generated network. Also, these measures are the most common in the lit-

erature. This was taken into consideration for the applicability of our results to

the field at large. The following section will go into greater detail regarding the

mathematical underpinnings of each measure.

5.2.2 Mathematical introduction to centrality measures

Degree, denoted CD, is the number of adjacent edges or immediate neighbors

that a node has (Bringmann, et al., 2019). It can be expressed by the following

equation:

CD(i) =
n∑

j=1

aij

(Bloch, et al., 2020), where i is the node under investigation, j = (1,...,n) are the

other nodes, and a returns 1 when the nodes are adjacent and 0 otherwise. While

it is the most computationally simple centrality, one issue is that it only considers

local, not global structure (Das, et al., 2018). In addition, many nodes have equal

degree centrality, so it is not useful for ranking the importance of nodes (Grando,

et al., 2018).

Returning to the example of depression CIDI data, consider Table 1. D26FF,

unable to cope with daily responsibilities, has the highest degree, 16. This means

that it is connected to 16 other nodes. D26A, small appetite, and D24CC, thought

about suicide, have the lowest degree of 6, meaning they are connected to 6 nodes.

This tie of the least degree nodes emphasizes the issue of being unable to fully

rank the importance of nodes in terms of degree. Even so, we see that D26FF is

connected to the most nodes, indicating its importance through a change in D26FF

having the most effect on the graph. There are other ways to assess importance

or centrality.

Betweenness, denoted CB, represents which node controls information for other

nodes (Das, et al., 2018). It is calculated via geodesics, the shortest paths that
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pass through that node (Grando, et al., 2018). The equation is:

CB(i) =
n∑

j=1

n∑
w=j+1

gjw(i)

gjw

(Bloch, et al., 2020), where j = (1,...,n) and w = (j +1,...,n) are the nodes at the

ends of the path, gjw(i) are the shortest paths between j and w that contain i,

and gjw is the collection of the graph’s shortest paths between j and w. So, CB(i)

represents the proportion of the shortest paths of the graph that go through node

i. If there is no shortest path, CB(i) will be zero.
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Node Degree Betweenness Closeness Eigenvector

D24B 12 7.1384 0.0357 0.5353

D24E 11 5.7096 0.0345 0.6534

D24F 10 5.5826 0.0333 0.6343

D26A 6 2.4697 0.0294 0.2516

D26E 10 4.5956 0.0323 0.3333

D26P 12 7.0844 0.0357 0.5874

D26R 12 4.3371 0.0357 0.6132

D26S 11 3.4366 0.0345 0.5773

D26T 11 4.7189 0.0345 0.7397

D26U 9 5.9332 0.0323 0.7275

D26W 12 6.8623 0.0357 0.4250

D26X 12 5.1325 0.0357 0.3026

D26Y 8 0.7713 0.0313 0.3776

D26Z 12 5.9668 0.0357 0.4806

D26AA 8 3.7124 0.0313 0.5744

D26BB 9 3.5798 0.0323 1.0000

D26CC 6 0.6583 0.0286 0.9424

D26FF 16 16.3677 0.0417 0.7053

D26GG 10 5.0007 0.0333 0.4534

D26HH 7 2.0706 0.0303 0.4398

D26II 8 3.8715 0.0313 0.2450

Table 1: Centrality measures for CIDI depression data

In Table 1, we see that D26FF has the highest betweeness centrality, 16.3677,

and D26CC has the lowest betweenness centrality, 0.6583. What this means for

D26FF is that the number of shortest paths between all other nodes that include

D26FF (including those where D24FF is an endpoint) is considerably greater than

the total number of shortest paths between the other nodes individually. For
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D26CC, the total number of shortest paths between the other nodes is greater

than the number of shortest paths between all other nodes that include D26CC.

The interpretation of these results is that D26FF is the most influential node in

terms of controlling the flow between nodes, while D26CC lacks this property.

Closeness, denoted CC , is the sum of the inverse of the geodesic distances from

the node of interest, i, to all other nodes (Grando, et al., 2018). It is calculated

via the following equation:

CC(i) =
1∑n

j=1 d(j, i)

where d(j, i) equals the geodesic distance between points i and j. As it is the

inverse, closeness values range from 0 to 1. Unlike degree, closeness does take into

account global features of the graph; however, it faces issues when the graph has

a disconnected node (Das, et al., 2018).

In the depression CIDI example, we see that D26FF has the highest closeness

centrality, 0.0417, and D26CC has the lowest closeness centrality, 0.0286. Since

D26FF has the highest closeness centrality, it has the shortest distance to other

nodes. Conversely, since D26CC has the lowest closeness centrality, it has the

greatest distance to other nodes. This indicates a greater efficiency in flow from

D26FF than from D26CC.

Eigenvector centrality measure the importance of a node while taking into

account the importance of the nodes to which it is connected (You, et al., 2017).

It is the ”it’s who you know” centrality measure in that it is not only dependent

on which node it is connected to, but also to which other nodes those nodes are

connected. It is expressed as:

λxi =
n∑

j=1

aijxj

where λ is a constant, the principal eigenvalue of the adjacency matrix, A (You,

et al., 2017; Das, et al., 2018) and x is the vector which contains the centrality
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score. A higher score means the node is more influential (You, et al., 2017).

Finally, again we turn to the depression CIDI data to understand eigenvector

centrality. The node with the greatest eigenvector centrality is D26BB (would

be better if dead), 1.0000, and the node with the lowest eigenvector centrality is

D26II (cried often), 0.2450. This indicates that D26BB is connected to the nodes

with the most influence, while D26II is connected to nodes with lesser influence.

Note that these centrality measure results differ from the above centrality measure

results in which D26FF was consistently the most central. This difference is due

to eigenvector centrality not merely depending upon number of connections or

shortest paths, but on the importance of the nodes to which the node of interest

is connected.

5.2.3 Controversies about centrality measures

Despite the importance of centrality measures, they are not without controversy.

Some debate the stability of such measures. Costenbader & Valente (2003) took

percentage samples out of a network ranging for 10% to 80%. At 50% sampling,

betweenness had pearson correlations with the original sample between 0.38 and

0.54, while the values ranged between 0.54 and 0.71 for closeness. This indicates

greater stability for closeness. Niu, et al. (2015) added and deleted 30% of the links

on a graph. This resulted in pearson correlations with the original graph of 0.793

to 0.967 for degree, 0.568 to 0.939 for betweenness, 0.607 to 0.968 for closeness,

and 0.449 to 0.985 for eigenvector centrality. Again, see that betweenness is on

the lower end, this time joined by eigenvector centrality. Further problems arise

for the stability of betweenness when measured formally.

Kardos, et al. (2020) provide a way to assess the stability of centrality measures

across graph perturbations. The equation is:

|CG(x)− CH(x)| ≤ KG ·
∑
i,j

|AG
ij − AH

ij |
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where x is a node, G and H are graphs, CG(x) is the centrality measure for graph

G’s node x, and KG is a universal constant. This measure can tell us if a centrality

measure is stable across graphs.

The choice of KG depends on the centrality measure under study. For degree,

KG = 1 is most commonly used. For closeness, KG is the number of nodes.

For eigenvalue centrality, KG = 4/(λ1 − λ2), where λ1 and λ2 are the largest

eigenvalues of graph G’s adjacency matrix. The betweenness centrality measure

has been shown to not be stable across graphs. This is due to the choice of KG for

betweenness being dependent upon aspects that are not parameters of the graph

(Segarra & Ribeiro, 2016; Kardos, et al., (2020)). Hence, betweenness is not a

reliable measure of stability across graphs.

Another issue with centrality measures is that they arose out of research on so-

cial networks. Thus, it remains to be seen if they are appropriate for psychological

networks. Social networks differ from psychological networks in that connections

are observable in social networks, while they are parameters in psychological net-

works. Even so, many assume that the nodes with the highest degree interact with

the most symptoms, the nodes with the highest closeness spread information that

can more easily reach other nodes, and the nodes with the highest betweenness

lie on the shortest path between the other symptoms. Bringmann, et al. (2019)

claim that these interpretations are not appropriate in the case of psychological

networks: betweeenness and closeness are not suited for psychological networks

because the illness may not take the shortest path. Additionally, nodes are not

distinct on a psychological network, so you cannot say one is more influential than

another. This is the rejection of local independence. Finally, the most central

node may be a common effect rather than a causal influence on all other nodes.

First, Bringmann, et al. (2019) claim that the illness might not take the short-

est path, meaning symptoms may not progress via the most closely connected

nodes, so betweenness and closeness may not be appropriate for psychological

networks. This conflates the influence of the illness and the reality of the illness,
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the difference between how an idealization of the illness reveals the level of influ-

ence of each node and the reality of how the symptoms actually influence each

other. If the illness were to take the paths with lowest closeness and the high-

est betweeness, it would yield the most influence. This is not to say that the

illness must take this course, only that this is the most influential path. Such

measures are useful for identifying strongest paths of influence, even if that is not

the common path being taken.

Second, Bringmann, et al. (2019) claim that due to the rejection of local

independence, the nodes of a network are not distinct from one another, so you

cannot establish that one is more influential than another. The lack of local

independence within networks allows nodes to be correlated. If, for example, two

nodes are highly correlated, it would perhaps be hard to differentiate the influence

each contributes individually. Thus, we are unable to establish which node has

more influence. Eigenvector centrality can be helpful in avoiding this objection.

Eigenvector centrality takes into account the importance of the node of interest

and the importance of all of the surrounding nodes. So, while the nodes may be

highly correlated with each other, this is taken into account by multiplying in

the importance of those nodes which may be correlated with the node of interest.

Hence, rejecting local independence is not a problem for centrality measures.

Third, Bringmann, et al. (2019) claim that an influential node might not be

causally related to the nodes to which it is connected: it may be the effect of

numerous nodes. Consider a node connected to five other nodes. This may seem

like this node is influential. You may be tempted to take a causal leap and claim

that this node is the cause of the five other nodes. Bringmann and colleagues say

this would be a mistake: the node might be the effect of the other nodes.

It is common to make the jump from node centrality to causality, but this

inferential leap is not straight-forward, except in the case of eigenvector centrality.

As graph sizes increase (30 nodes or more), the correlation between centrality

measure and causality decreases. The opposite holds for eigenvalue centrality: as
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the size of the graph increases, so does the correlation between centrality measure

and causality (Dablander & Hinne, 2018). So, making causal inferences based on

centrality measures may be suspect; however, that does not defeat the purpose in

using them.

Hence, despite controversy, centrality measures can give us a way to measure

importance on an estimated network and compare across networks. That leaves

us with the question of how exactly we estimate a network. There are a variety

of solutions, most involving regularization methods. The method used here is the

regularization method, EBIC glasso, a relative of the regularization method, least

absolute shrinkage and selection operator (lasso: Tibshirani, 1996).

5.3 An introduction to lasso and EBIC glasso

To understand lasso and, thus, EBIC glasso, it is reasonable to begin with linear

regression. In matrix form, linear regression is expressed as

y = Xβ + ε

where, for n observations and p parameters, y is n × 1 vector of outcomes, β is

the p × 1 vector of β coefficients, ε is the n × 1 error vector, and X is the n × p

design matrix (a matrix with all 1’s in the first columns and the values of the

predictors in the second column) (Vidaurre, et al., 2013). The assumptions built

in to our linear regression model are that the data are independent, and there

is homogeneity of variance for the components of ε (Hebiri, 2011; Vidaurre, et

al., 2012). Another key assumption is that the residuals of the outcome variable

follow a normal distribution (Hebiri, 2011; Vidaurre, et al., 2012). Note that this

assumption will carry over to the case of multivariate models such as the network

methods we consider here, and the purpose of this paper will be to assess the

robustness of EBIC glasso when this assumption is violated.

Our goal is to solve for β. This is typically done by minimizing the residual



16

sum of squares (RSS: James, et al., 2017) via ordinary least squares (OLS: Krämer,

1980) (Kayanan & Wijekoon, 2019). RSS is given by

(y −Xβ̂)T (y −Xβ̂)

(James, et al., 2017). When p is small and n is large, this is an adequate method

of estimating β; however, when these conditions are not met, there are numerous

problems (Chatterjee & Jafarou, 2016).

First, in regards to prediction accuracy, the ordinary least squares method

results in a small bias, but a huge variance in parameter estimates (Tibshirani,

1996). There are also issues with interpretability (Tibshirani, 1996). Additionally,

the solution is not unique if the design matrix is less than full rank (the number of

independent columns is as large as possible for a matrix of the same dimensions),

the variance of the estimator is large, and the design matrix is close to collinear

(Fu, 1998). Overall, the key takeaway from the issues faced by ordinary least

squares is that an inverse of the design matrix is required to solve ordinary least

squares. This inverse cannot be solved for when p > n or when the design matrix is

multicollinear because, in both these cases, the determinant will be zero (James,

et al., 2017). If the design matrix is merely approaching multicollinearity, we

still face the problem of increasingly large variances (Kayanan & Wijekoon, 2019)

because of which the solution will not be unique (Fu, 1998). Thus, we need an

alternative method for estimating β coefficients that does not face these problems

under these conditions.

That solution is lasso. Lasso is an `1-regularization method which seeks to

minimize the RSS with an addition of a penalty (Usai, et al., 2009):

RSS + λ

p∑
j=1

|βj|

(James, et al., 2017) The sum on the right is an `1-penalty. Note that as more

nonzero coefficients are estimated, the penalty increases in magnitude. Thus,
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this method favors a solution in which parameter estimates are shrunken to zero.

An `2-penalty, as in the one used in ridge regularization, would take the form

λ
∑p

j=1 β
2
j . For either lasso or ridge, the questions are what is λ and how is it

chosen?

λ is a penalty or tuning parameter introduced to avoid the problems faced

by ordinary least squares. As λ approaches 0, the equation approaches merely

minimizing RSS, and we face the same problems as above including overfitting

(Zhao & Yu, 2006; Melkumova & Shatskikh, 2017). As λ approaches infinity,

we face the problem of underfitting (Melkumova & Shatskikh, 2017). Hence,

an appropriate value of λ must be chosen. One common method of doing so

is via cross-validation (Tibshirani, 1996; Vidaurre, et al., 2013; McNeish, 2015;

Melkumova & Shatskikh, 2017). Using this method in concert with lasso produces

numerous benefits.

It can handle high dimensional data, unlike ordinary least squares (Kwon, et

al., 2013). Since it shrinks some variables to zero, it decreases complexity and,

thus, increases interpretability (Vidaurre, et al., 2012; Kwon, et al., 2013; Liang &

Jacobucci, 2019). Also, through this process, it only includes explanatory variables

(Usai, et al., 2009). As λ goes to infinity, the model avoids overfitting (Vidaurre,

et al., 2012). Finally, it reduces the variance of estimates by increasing bias

(Vidaurre, et al., 2012; McNeish, 2015). However, it does face a problem with

uniqueness: if the design matrix does not have full column rank (each column is

linearly independent), there will not be a unique lasso solution (Tibshirani, et al.,

2012). There are also variations on lasso.

Glasso is one such variation. Glasso is a regularization method for estimating

the covariance matrix, Σ, under the assumption that its inverse, the precision

matrix, Θ = Σ−1, is sparse (Mazumder & Hastie, 2012). This inverse is found via

minimizing the following equation:

log(|Θ|)− tr(SΘ)− λ
∑
i 6=j

(|Θi,j|))
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It is worth walking through this formula. The first term is the log of the deter-

minant of Θ, the p × p precision matrix. The second term is the trace, sum of

eigenvalues, found after multiplying S, the p× p sample covariance matrix which

is an estimate of Σ, by Θ. Finally, the last term is the penalty, multiplying the

tuning parameter, λ, by the sum of the absolute values of the elements of the

inverse of the covariance matrix (van Bork, et al., 2018; Williams, 2019). Glasso

can be further modified for a λ selection criteria.

Recall that k-fold cross-validation is often used for λ selection. A problem

with this is that k-fold cross-validation overfits when choosing a tuning parameter

(Kwon, et al., 2013). An alternative is to use an information criteria to select the

tuning parameter (Foygel & Drton, 2010; Fan & Tang, 2012; Hirose & Kinoshi,

2012; Kwon, et al., 2013; McNeish, 2015). EBIC glasso is one such method that

uses this approach, selecting the tuning parameter by minimizing the extended

Bayesian information criteria (EBIC: Epskamp, et al. 2018). It is this method,

EBIC glasso, that will be the focus of this paper.

5.4 Misspecification and lasso-style regularization

The purpose of this paper is assess the robustness of EBIC glasso in regards to

distributional misspecification of misspecifying non-normal data as normal. Gen-

erally, misspecified models can result in bias, inefficiency, mistaken inferences, and

unreliable model-dependent results (King & Zeng, 2006; Hainmuller & Hazlett,

2014). Misspecification has been previously studied for some lasso-type regular-

ization; however, no one has researched EBIC glasso, in particular. These previous

results can inform the current work on EBIC glasso.

One type of model misspecification studied involves excluding variables. When

variables important to the model were excluded, there was worse performance

for lasso (Kayanan & Wijekoon, 2019). Another type of model misspecification

studied involved a graphical model with ”misleading” edges, connections where

the difference is not zero. Despite these ”misleading” edges, adaptive generalized
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fused lasso still had asymptotic oracle properties (Viallen, et al., 2016), meaning

that the variables were correctly selected. Even so, Viallen, et al. (2016) assert

that lasso may still have problems when edges are excluded. Lu, et al. (2012)

investigated when the specified regression function is incorrect, and, like Viallen,

et al. (2016), found that adaptive lasso still had asymptotic oracle properties.

Further support is found in Yuan & Liu (2020) where lasso was found to be

insensitive to nonnormality.

Previous work on misspecification has also been done on structural equation

models (SEM: Weston & Gore, 2006). It has been found that distributional mis-

specification in SEM results in biased effect sizes, making the model uninter-

pretable (Yuan, et al., 2003; Vowels, 2020). While the use of fit indices is common

for assessing the correctness of a SEM, Saris, et al. (2009) argue that it is in-

appropriate to use fit indices to test for potential misspecifications because they

cannot determine the size of the misspecification. Furthermore, because they can-

not detect size, it is possible for small misspecifications to be detected, while large

misspecifictions go unnoticed (Saris, et al., 1987). In addition, it has been found

that maximum likelihood χ2 for confirmatory factor analysis was inflated given

increased nonnormality (Curran, et al., 1996). Hence, due to the biased effect

sizes and the flawed detection methods relating to distributional misspecification

in SEM, we see there is potentially analogous concerns in the realm of network

analysis, making the current project significant.

6 Methods

The purpose of this paper is to assess the robustness of EBIC glasso to distribu-

tional misspecification. Hence, our simulation requires a data generation method

which results in a skewed distribution and measures to test the robustness across

distribution types. The following method can account for both requirements.
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6.1 Data generation

Data generation is described in greater detail below but summarized briefly here.

Population parameters were generated using the correct method utilizing EBIC

glasso with nonparanormal-transformed nonnormal data and a sample size of

100,000 with 7, 12, 20, 36, and 57 nodes and 0.2, 0.4, 0.6, and 0.8 percentage

of connections. Nonnormal data were then generated with sample sizes of 274,

802, 2656, and 34653 and the same numbers of nodes and percentages of connec-

tions listed above. Graphical models erroneously assuming normality were then

fitted. The number of nodes and the sample sizes were determined by a survey

of empirical network analyses and finding the quartiles (Boschloo, et al., 2015;

van Borkulo, et al., 2015; Boschloo, et al., 2016; Fried, et al., 2016; Golino &

Demetriou, 2017; Martin, et al., 2017; Forkmann, et al., 2018; Kendler, et al.,

2018; Mullarkey, et al., 2018; Auerswald & Moshagen, 2019; Christensen, et al.,

2019; Curtiss, et al., 2019; Robinaugh, et al., 2019; Strauss, et al., 2019; Wein-

traub, et al., 2019; Briganti, et al., 2020; Corponi, et al., 2020).

6.1.1 True values

The algorithm begins by generating a partial correlation matrix specified by num-

ber of nodes and percentage using the GeneNet R package (Schaefer, et al., 2020)

(Step 1 from Figure 2). In the package, a generated positive definite precision ma-

trix of specified percent connection and node number is standardized and trans-

formed into the resulting partial correlation matrix. The GeneNet algorithm be-

gins with an empty symmetric matrix and then randomly chooses the off-diagonal

position dependent upon the specification of non-zero edges. Preliminary corre-

lation values are filled in following a uniform distribution from -1 to 1. Then,

columnwise sums of the absolute values of each entry are done and the diagonal is

set to the sum plus a small constant to ensure the matrix is diagonally dominant

and, hence, positive definite. Finally the matrix is standardized so that the diag-

onal entries equal one (Schäfer & Strimmer, 2005). From the partial correlation
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matrix, we generate a correlation matrix using the corpcor R package (Schafer,

et al., 2017) (Step 2 from Figure 2). The correlation matrix is used to generate

normal data which is done using the rockchalk R package (Johnson, 2019) (Step

3 from Figure 2). In this package, samples are produced from a multivariate

normal distribution specified by sample size, node number, and the previously

generated correlation matrix. To generate the nonnormal data, the normal data

is exponentiated (Step 4 from Figure 2). Epskamp & Fried (2017) recommend a

nonparanormal transformation of the nonnormal data as the appropriate way to

handle nonnormal data and EBIC glasso, so that is how we proceed. A nonpara-

normal transformation is the use of a set of monotonic, differentiable functions to

transform nonnormal data into a normal distribution with rank order preserved.

A nonparanormal transformation of the nonnormal data is done using the huge R

package (Jiang, et al., 2020). We find another correlation matrix and use this to

run EBIC glasso on the data with the qgraph R package (Epskamp, et al., 2012)

(Steps 5 and 6 from Figure 2). The data is now ready for the measures.

6.1.2 Parameters

The parameters algorithm begins with the correlation matrix that was generated

from the partial correlation matrix in the parameter algorithm (Step 8 from Figure

2). This matrix is used to generate normal data of the specified sample size

dependent on node number. The normal data is then exponentiated (Step 9 from

Figure 2). The correlation matrix of the nonnormal data is found (Step 10 from

Figure 2). Finally, EBIC glasso is run on this nonnormal correlation matrix (Step

11 from Figure 2).

6.2 Measures

6.2.1 Centrality measures

For both algorithms (i.e., the true value algorithm and the parameter algorithm),

centrality measures are assessed. Degree, betweenness, and closeness are assessed
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Figure 2: Description of the algorithms for generating data, true values, and
parameters

via the qgraph R package (Epskamp, et al., 2012), while eigenvector centrality is

assessed via the igraph R package (Csardi & Nepusz, 2006).

6.2.2 Metamodel

Raw bias is calculated by subtracting the true values from the mean values of the

parameter (calculated over all replications) for each node. The standard deviation

of the parameters are taken across all replications; and, from this, standardized

bias is calculated by dividing raw bias by this standard deviation.

Metamodels are run as multilevel models corresponding to the four centrality

measures. Because each data-generating model contained multiple nodes (as many

as 57), we needed to select nodes for which to calculate bias statistics. To obtain

a representative set of nodes on which to base inferences, and to make sure that

these inferences were the same across models, we chose to run our metamodels

on centrality statistics for three nodes from each model: one at the within-cell

minimum value of each centrality measure (i.e., the least central node), one at

the maximum value of each centrality measure (i.e., the most central node), and

one closest the mean value of each centrality measure. Nodes are nested within

replications with number of nodes, percentages, and sample size as level 2 variables.
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The models are run via the lme4 R package (Bates, et al., 2015). See Figure 2 for

a pictorial description of the multilevel models.
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7 Results

Data from cells in which parameter estimates showed standard deviations of zero

across replications more than 50% of the time (i.e., cells for which a given central-

ity parameter was estimated at the same value across virtually all replications)

was excluded from further analysis. Next, standardized bias is found via raw bias

and standard deviation of the parameters. In some cases, the across-replication

standard deviation was still so small that it yielded extremely large values of

standardized bias. Thus, we deleted any cells in which the absolute value of stan-

dardized bias exceeded 100 standard deviation units. For degree, this was the case

in cells with the highest number of nodes, sample size, and percent connection.

For betweenness this occurred for number of nodes between 20 and 57. For eigen-

value, this was the case for cells with 20% connectivity. There did not appear

to be a pattern for closeness cells with exceedingly large standardized bias. The

resulting standardized bias values were evaluated after being split by centrality

(i.e., in groups for degree, betweenness, closeness, and eigenvector centrality).

Figures 3, 4, and 5 show standardized bias for centrality measures taken on a

node at the mean, minimum, and maximum value of centrality, respectively. At

the mean value of centrality (Figure 3), betweenness and degree centrality were

severely negatively biased at smaller sample sizes and larger numbers of nodes.

Closeness centrality showed a confusing pattern of bias, with relatively severe neg-

ative bias in some conditions (e.g., N = 274 with 12 nodes) and relatively severe

positive bias at large sample sizes. Eigenvector centrality was largely unbiased

across cells. At the minimum value of centrality (Figure 4), a different pattern

emerged. First, in many cells bias was not estimable due to extremely small

standard deviations. In the remaining cells, degree centrality was severely nega-

tively biased with small numbers of nodes, and eigenvector centrality was severely

positively biased at small numbers of nodes. A similar pattern emerged at the

maximum value of centrality (Figure 5)

The multilevel metamodels were run separately for each centrality measure,
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utilizing the subsetted data from the standardized bias analyses (i.e., excluding

cells with greater than 50% zero standard deviations or with standardized biases

over the absolute value of 100). Particular nodes were selected for analysis based on

being the minimum distance from the true values’ minimum, maximum, and mean

of each condition. This resulted in a twelve metamodels (e.g., degree centrality

for the node a minimum distance from the maximum true value of the condition).

Tables 2-5 present the model results for each centrality measure and the minimum,

maximum, and mean deviation from the true value.

For degree, the node number × percentage connection interaction was signif-

icant across deviation models. For betweenness, the main effects of number of

nodes and sample size and the interaction between number of nodes and sample

size were all significant across deviation models. For closeness, the main effects of

number of nodes , percentage of connections, and sample size were all significant.

The node × sample size and percentage × sample size interactions were both sig-

nificant for deviation at mean and deviation at maximum. None of the coefficients

for the eigenvector models were significant.

Signed deviations were the dependent variable in all metamodels. Examining

Figures 3-5 shows that negative bias was much more pervasive than positive bias

in most cases. Therefore, we generally interpret a negative coefficient here as

increased underestimation. The significant node number × percentage connection

interaction across degree models tells us that the effect of one variable attenuates

the effect of the other variable,that is, as the effect of number of nodes increases,

the effect of percentage connection decreases and vice versa. No other coefficients

were significant.

For betweenness, the main effect of number of nodes was significant across

deviation models. This indicates that as number of nodes increased, there was

increased underestimation. There was also a main effect of sample size across

deviation models, indicating that, as sample size increased, there was increased

underestimation. Finally, there was a significant interaction of nodes and sample
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size across deviation models, telling us that as the effect of node size increases, so,

too, does the effect of sample size, and vice versa.

For closeness, there was a main effect of number of nodes, indicating that as

number of nodes increased, there was increased underestimation. There was also

a main effect of percent connections, meaning as percent of connection increased,

underestimation increased. The main effect of sample size was also significant,

indicating that as sample size increased, underestimation increased. For devia-

tion at mean and deviation at maximum models, there were interactions between

node number and sample size, and percent connection and sample size. The node

number × sample size interaction indicates that as the effect of node number in-

creases, the effect of sample size increases, and vice versa. The percent connection

× sample size interaction tells us that the effect of percent connection increases,

the effect of sample size increases, and vice versa. There were no significant effects

or interactions for eigenvector centrality.

.
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Table 2: Models for Degree Centrality

Dependent variable:

deviation
Deviation at Mean Deviation at Minimum Deviation at Maximum

(1) (2) (3)

Number Nodes (NN) -1.166 -1.008 -1.134
(1.617) (1.717) (1.700)

Percentage Connections (PC) 0.304 0.595 0.594
(1.981) (2.104) (2.082)

Sample Size (SS) -1.342 -0.512 -0.736
(1.885) (2.002) (1.981)

NN x PC -2.002∗∗∗ -1.999∗∗∗ -1.995∗∗∗

(0.663) (0.705) (0.698)

NN x SS 0.573 0.511 0.585
(0.590) (0.626) (0.620)

PC x SS 0.407 0.208 0.239
(0.719) (0.763) (0.756)

NN x PC x SS 0.204 0.203 0.192
(0.239) (0.254) (0.252)

Constant 5.363 3.865 4.243
(5.164) (5.485) (5.430)

Observations 36,000 36,000 36,000
Log Likelihood -60,140.890 -59,955.830 -59,753.540
Akaike Inf. Crit. 120,301.800 119,931.700 119,527.100
Bayesian Inf. Crit. 120,386.700 120,016.600 119,612.000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 3: Models for Betweenness Centrality

Dependent variable:

deviation
Deviation at Mean Deviation at Minimum Deviation at Maximum

(1) (2) (3)

Number Nodes (NN) -8.081∗∗∗ -8.084∗∗∗ -7.951∗∗∗

(2.065) (2.086) (2.087)

Percentage Connections (PC) -1.741 -2.647 -2.301
(2.488) (2.513) (2.514)

Sample Size (SS) -5.224∗∗ -6.053∗∗ -5.785∗∗

(2.493) (2.518) (2.519)

NN x PC 0.621 0.835 0.751
(0.762) (0.769) (0.770)

NN x SS 2.754∗∗∗ 2.935∗∗∗ 2.873∗∗∗

(0.766) (0.774) (0.774)

PC x SS 0.585 1.062 0.929
(0.926) (0.935) (0.935)

NN x PC x SS -0.341 -0.453 -0.419
(0.292) (0.295) (0.295)

Constant 19.281∗∗∗ 19.486∗∗∗ 18.914∗∗∗

(6.788) (6.857) (6.860)

Observations 37,500 37,500 37,500
Log Likelihood -126,172.100 -125,403.300 -125,499.300
Akaike Inf. Crit. 252,364.200 250,826.600 251,018.700
Bayesian Inf. Crit. 252,449.500 250,912.000 251,104.000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 4: Models for Closeness Centrality

Dependent variable:

deviation
Deviation at Mean Deviation at Minimum Deviation at Maximum

(1) (2) (3)

Number Nodes (NN) -0.056∗∗ -0.053∗∗ -0.056∗∗

(0.026) (0.025) (0.026)

Percentage Connections (PC) -0.051∗∗ -0.049∗∗ -0.051∗∗

(0.024) (0.024) (0.024)

Sample Size (SS) -0.041∗∗ -0.035∗ -0.041∗∗

(0.019) (0.019) (0.019)

NN x PC 0.003 0.003 0.003
(0.013) (0.013) (0.013)

NN x SS 0.014∗ 0.012 0.014∗

(0.008) (0.008) (0.008)

PC x SS 0.013∗ 0.012 0.013∗

(0.008) (0.008) (0.008)

NN x PC x SS -0.001 -0.001 -0.001
(0.004) (0.004) (0.004)

Constant 0.181∗∗∗ 0.167∗∗∗ 0.181∗∗∗

(0.057) (0.057) (0.057)

Observations 25,500 25,500 25,500
Log Likelihood 69,705.060 70,586.130 69,705.060
Akaike Inf. Crit. -139,390.100 -141,152.300 -139,390.100
Bayesian Inf. Crit. -139,308.600 -141,070.800 -139,308.600

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 5: Models for Eigenvector Centrality

Dependent variable:

deviation
Deviation at Mean Deviation at Minimum Deviation at Maximum

(1) (2) (3)

Number Nodes (NN) -0.027 -0.003 -0.025
(0.123) (0.124) (0.121)

Percentage Connections (PC) 0.025 -0.013 -0.020
(0.148) (0.150) (0.146)

Sample Size (SS) 0.003 -0.121 -0.113
(0.151) (0.153) (0.149)

NN x PC 0.027 0.020 0.028
(0.045) (0.045) (0.044)

NN x SS -0.013 -0.002 0.005
(0.045) (0.046) (0.045)

PC x SS -0.043 -0.005 -0.006
(0.054) (0.055) (0.054)

NN x PC x SS 0.009 0.005 0.002
(0.016) (0.017) (0.016)

Constant 0.284 0.400 0.412
(0.407) (0.413) (0.403)

Observations 29,868 29,703 29,781
Log Likelihood -1,524.999 -3,185.483 -1,936.845
Akaike Inf. Crit. 3,069.999 6,390.966 3,893.691
Bayesian Inf. Crit. 3,153.044 6,473.956 3,976.707

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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8 Discussion

In the current study, we assessed the robustness of EBIC glasso to distributional

misspecification via an evaluation of standardized bias and multilevel metamodels.

There is an effect of nonnormality on EBIC glasso when estimating the true cen-

trality measures of a network in that EBIC glasso tends to underestimate the true

values of the networks. Increasing sample size and number of nodes increases the

underestimation of closeness and betweenness. Increasing the percent connection

of nodes increases the underestimation of closeness. There are also numerous sig-

nificant interactions across the degree, closeness, and betweenness models, though

eigenvector centrality was unaffected by nonnormality.

The result of sample size increasing being associated with increased under-

estimation seemingly runs contrary to previous results in the literature. Golino

& Epskamp (2017) found, when comparing accuracy of factor retention models,

exploratory graph analysis (EGA) was between 90 and 100% accurate, depending

on the correlation between factors. This seems to indicate that increasing sample

size would decrease the amount of underestimation, which contrasts the results of

the current study. They also found that an increase in the number of items per

factor (i.e., an increase in number of nodes) resulted in greater accuracy.

A major difference between the Golino & Epskamp (2017) study and the cur-

rent study is they used normal data. EBIC glasso is designed to handle normal

data, so its success is no surprise in the case of factor retention. The problem

presented in the current study is that, in the case of nonnormal data handled in-

correctly, the resulting models can underestimate some centrality measures under

certain conditions. This raises the question of if EGA would result in such high

accuracy with nonnormal data.

In addition, Christensen, et al. (2019) state that sample size can have an effect

on estimation of parameters. This is consistent with our findings as the main effect

of sample size was significant in both the betweenness and closeness models. It

was also seen that the effect of sample size attenuated the effects of node number
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(for all betweenness and mean and maximum for closeness) and percentage (for

degree and mean and maximum for closeness). So, we see sample size can have

an effect across centrality measures.

This also replicates the results found with misspecified SEM in Yuan, et al.

(2003) and Vowels (2020). Both articles found that distributional misspecification

in SEM resulted in biased effect sizes. They concluded that this made the SEM

models uninterpretable. Here, we also found that misspecification results in bias

in the form of underestimation. Future research could determine if distributionally

misspecified networks face the same consequences as distributionally misspecified

SEM.

The preceding results suggest future directions for research on nonnormal data

and network analysis. First, it was assumed in our simulation that the Epskamp &

Fried (2017) method (i.e., a nonparanormal transformation of the nonnormal data)

resulted in the true values of the model. In future analyses, the accuracy of this

method should be tested to assure that this method is adequate for establishing

the true values of model.

Second, the centrality measures used were a mere sample of the most popular

centrality measures utilized in research. There are a plethora of other central-

ity measures not included. Future research should explore alternative centrality

measures and assess their stability in cases of distributional misspecification. In

particular, we recommend looking more at geodesic-based centrality. This is due

to the findings of Segarra & Ribeiro (2016) and Kardos, et al. (2020), where

betweenness is not expected to be stable across graphs. The addition of another

stable geodesic-based centrality measure would provide further support for the

lack of robustness of EBIC glasso to distributional misspecification.

Third, for the current study, all data was uniformly exponentiated. It is pos-

sible the EBIC glasso could still be robust to a lesser level of skewness. Future

research should explore differing levels of skewness to assess which levels of skew-

ness are permissible. Another aspect of nonnormality, kurtosis, was not considered.
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Thus, this study is not truly an assessment of the effect of nonnormality on EBIC

glasso, but an evaluation of these specified conditions (e.g., differing node number)

under nonnormality. Future studies could explore the effect of greater and lesser

nonnormality and, also, if the effects we found were a result of nonnormality or if

we would see the same under normality.

Fourth, the current research aims to establish a general trend in underesti-

mation across nodes. What remains to be seen is if such underestimation effects

the rank order of the centrality of the nodes. This would even further the effect

on the implications in psychopathology, potentially resulting in Type I errors in

which nodes are identified as targets when they should not be and Type II errors

in which targets that should be identified are not. Hence, it is important to take

this into consideration in future research.

Generally, the future of research on nonnormal data for use in network analysis

should focus on establishing an adequate method of handling such data given the

issues presented here. As the results section demonstrates, there were reasonable

standardized biases for some conditions; thus, not every use of EBIC glasso on

nonnormal data will result in significant deviations from the true values. Even so,

caution should be used when using EBIC glasso with distributional misspecifica-

tion.

Notably, eigenvector centrality showed neither a significant effect nor inter-

action under the conditions of nonnormality. With further research, perhaps, it

can be better established as a ”safe” measure to use with nonnormal data. De-

gree had only one significant interaction (number of nodes × percentage). This

may indicate fewer conditions in which one need be cautious about using EBIC

glasso. Betweenness and, especially, closeness had many significant effects and

interactions. For instance, both had effects for number of nodes and sample size,

indicating that an increase in either could potentially result in greater underesti-

mation. Again, caution should be used when utilizing EBIC glasso on nonormal

data with large networks with a substantial amount of data.
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These results have potential consequences for psychopathology. As noted,

eigenvector centrality stands as a promising measure of node importance when

selecting potential treatment targets. Even so, we suggest that researchers use

caution when using betweenness or closeness for nonnormal data in conditions

with a large number of symptoms and a large sample size. In such conditions, we

hypothesize that the density of the graph is underestimated.

In regards to suggestions for how to handle the underestimation resulting from

using EBIC glasso on nonnormal data, we offer two possibilities. First, one is

to use a nonparanormal or other similar transformation to treat your data as

normal. As was mentioned previously, more work needs to be done to establish

this method as the go-to method for nonnormal data and EBIC glasso, but it is a

promising approach. Second, we recommend dichotomizing the data and using an

Ising model instead. Overall, we suggest using caution when using EBIC glasso

with nonnormal data or using one of the above alternatives.



39

9 Bibliography

Aleskerov, F., Meshcheryakova, N., & Shvydun, S. (2016b). Centrality measures

in networks based on nodes attributes, long-range interactions and group in-

fluence. Preprint.

Aleskerov, F., Meshcheryakova, N., Shvydun, S., & Yakuba, V. (2016a). Centrality

measures in large and sparse networks. 2016 6th International Conference on

Computers Communications and Control (ICCCC), 118–123.

https://doi.org/10.1109/ICCCC.2016.7496748

Auerswald, M., & Moshagen, M. (2019). How to determine the number of factors

to retain in exploratory factor analysis: A comparison of extraction methods

under realistic conditions. Psychological Methods, 24(4), 468–491.

https://doi.org/10.1037/met0000200

Bak, M., Drukker, M., Hasmi, L., & van Os, J. (2016). An n=1 clinical net-

work analysis of symptoms and treatment in psychosis. PLoS ONE, 11(9).

https://doi.org/10.1371/journal.pone.0162811

Bates, D., Maechler, M., Bolker, B. & Walker, S. (2015). Fitting linear mixed-

effects models using lme4. Journal of Statistical Software, 67(1), 1-48.

doi:10.18637/jss.v067.i01.

Beard, C., Millner, A., Forgeard, M., Fried, E., Hsu, K., Treadway, M., Leonard,

C., Kertz, S., & Björgvinsson, T. (2016). Network analysis of depression

and anxiety symptom relationships in a psychiatric sample. Psychological

Medicine, 46, 1–11. https://doi.org/10.1017/S0033291716002300

Beccia, A. L., Jesdale, W. M., & Lapane, K. L. (2020). Associations between per-

ceived everyday discrimination, discrimination attributions, and binge eating

among Latinas: Results from the National Latino and Asian American Study.

Annals of Epidemiology, 45, 32–39.

https://doi.org/10.1016/j.annepidem.2020.03.012

Bloch, F., Jackson, M. O., & Tebaldi, P. (2019). Centrality Measures in Networks.

Preprint.



40

Borsboom, Denny. (2008). Psychometric perspectives on diagnostic systems.

Journal of Clinical Psychology, 64(9), 1089–1108.

https://doi.org/10.1002/jclp.20503

Borsboom, Denny. (2017). A network theory of mental disorders. World Psychi-

atry, 16(1), 5–13.

https://doi.org/10.1002/wps.20375

Borsboom, D., & Cramer, A. O. J. (2013). Network analysis: An integrative

approach to the structure of psychopathology. Annual Review of Clinical Psy-

chology, 9, 91–121. https://doi.org/10.1146/annurev-clinpsy-050212-185608

Boschloo, L., van Borkulo, C. D., Borsboom, D., & Schoevers, R. A. (2016).

A Prospective Study on How Symptoms in a Network Predict the Onset of

Depression. Psychotherapy and Psychosomatics, 85(3), 183–184.

https://doi.org/10.1159/000442001

Boschloo, Lynn, van Borkulo, C. D., Rhemtulla, M., Keyes, K. M., Borsboom,

D., & Schoevers, R. A. (2015). The Network Structure of Symptoms of the

Diagnostic and Statistical Manual of Mental Disorders. PloS One, 10(9),

e0137621–e0137621. PubMed. https://doi.org/10.1371/journal.pone.0137621

Briganti, G., Scutari, M., & Linkowski, P. (2020). Network Structures of Symp-

toms From the Zung Depression Scale. Psychological Reports, 0033294120942116.

https://doi.org/10.1177/0033294120942116

Bringmann, Laura F., Elmer, T., Epskamp, S., Krause, R. W., Schoch, D., Wich-

ers, M., Wigman, J. T. W., & Snippe, E. (2019). What do centrality measures

measure in psychological networks? Journal of Abnormal Psychology, 128(8),

892–903. https://doi.org/10.1037/abn0000446

Bringmann, L.F., & Eronen, M.I. (2018). Don’t blame the model: Reconsider-

ing the network approach to psychopathology. Psychological Review, 125(4),

606–615. https://doi.org/10.1037/rev0000108

Brown, T. N., Bell, M. L., & Patterson, E. J. (2016). Imprisoned by Empathy:

Familial Incarceration and Psychological Distress among African American



41

Men in the National Survey of American Life. Journal of Health and Social

Behavior, 57(2), 240–256. https://doi.org/10.1177/0022146516645924
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