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Psychological researchers increasingly represent psychological constructs asmutual associations

between variables using psychometric network models. Although a natural next step would be

to study the relations between such network-instantiated constructs and other psychological

variables, it is not yet clear how to best summarize a network in a way that allows researchers

to model associations. We evaluated the predictive utility of five different network-derived

metrics that were either estimated from or informed by individual network models across four

intensive longitudinal datasets. These metrics included three “network-structure” variables

(density, global strength, and maximummodularity coefficient), two network-informed variables

(individuals’ average value of the most frequently central node across time, and their average

value of their own most central node across time), and the average sum score of all nodes in the

network across time. Our results showed that, for most outcomes, an individual’s average value

of the most frequently central node was the best predictor. This work suggests that person-level

networks may be used to inform predictive models.
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1. INTRODUCTION

Psychometric network models are widely used to represent psychological constructs as webs of

pairwise associations. Psychometric networks models visualize the mutual associations (termed

edges) between variables (termed nodes). This modeling approach has been used to represent a

variety of psychological constructs ranging from intelligence to mental disorders (Borsboom & Cramer,

2013; Van Der Maas et al., 2017). For example, a network representation of negative affect would

examine how items that assess negative affect (the nodes in the network) are mutually related, and

these mutual relations would be represented by the connections between the nodes (the edges).

After representing a single construct as a network, a natural next step in psychological research

would be to use the network-instantiated construct to study the predictive and causal relations

among psychological variables. For example, one may want to estimate the extent to which negative

affect predicts a person’s life satisfaction, and so needs to distill the negative affect network into one

or more predictor variables. However, unlike other psychometric construct models (e.g., common

factor models), psychometric network models do not model a construct as a single variable (whether

observed, such as a sum score, or latent, such as a common factor). As such, it is not obvious how to

distill a network into a single variable that supports modeling associations between constructs.

This problem of how tomodel the associations between a construct that is described by a network and

other variables is most evident in the context of psychopathology research, where network models

are often estimated with the goal of identifying potential targets for intervention that can assist in

treatment. However, the aforementioned problem can also be seen in areas such as political attitudes,

cognition, and personality (Beck & Jackson, 2017; Blanken et al., 2019; Bos et al., 2017; Dalege et al., 2017;

Ferguson & Initiative, 2021; Klipstein et al., 2020; Nissen & Beck, 2024; Siew et al., 2019; Stella, 2022).

For example, Siew et al. (2019) examined how the relations between questionnaire items assessing

statistics anxiety differed among students with high versus low statistics anxiety, and how these

relations offered different targets for reducing such anxiety. Along similar lines, Beck and Jackson

(2017) estimated individual networks of personality items for undergraduate students, and examined

how structural properties or the complexity of each individual’s networkwas related to future academic

performance and life satisfaction.

These represent only two examples of how networks have been used for prediction, and we describe

more in the Network Models and Prediction Using Single Group Networks and Network Models and

Prediction Using Multiple Group or Individual Networks sections that follow. The majority of these

have fit between-person networks, such that a single network is fit to a whole sample of participants,

precluding the possibility of individual differences in network features. When everyone in the sample

is assumed to have the same network, the only way to achieve a network summary variable that

varies across people is to use the estimated group network to identify a key variable or combination of
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variables that can stand in for the network construct. We will refer to this type of summary variable as

a “network-informed variable”. Another approach, which is only possible with multiple estimated net-

works (e.g., when different groups or individuals have their own estimated network), is to use features

of the networks themselves as summary variables. We will refer to this type of summary variable as a

“network structure variable”. To date, very little work has explored the use of several possible network

summary variables for prediction; instead previous work has chosen a single approach to summarizing

the network. In the present paper we identify six summary variables (including 2 network-informed

variables, 3 network structure variables, and 1 variable outside the network) and use each of them as

predictors in four empirical datasets. Each dataset collected intensive longitudinal data on a number

of participants, allowing us to fit individual network models and examine the predictive capacity of

each index in all four data sets.

1.1 Network Models and Prediction Using Single Group Networks

When estimated in a single sample, psychometric network models typically represent the mutual

associations (or edges) between variables (nodes) as partial correlations (Epskamp & Fried, 2018).

That is, each edge in the network represents the unique association between that pair of variables,

controlling for all other variables in the network.

Network models have been applied in a wide variety of contexts, including psychopathology (Borkulo

et al., 2015; Fried et al., 2018, 2016; Schweren et al., 2018), political attitudes Dalege et al. (2017), and

personality (Costantini et al., 2019). When such networks are estimated, interpretation typically focuses

on examining the structure of the estimated network, such as the strongest edges, the number and

content of clusters, the overall density, and the role that specific nodes play in the system (Borsboom

et al., 2021; Golino & Epskamp, 2017). However, when estimating networks in a single group at a single

timepoint, it must be assumed that the estimated network applies to every individual in the sample,

and so any network structure variable, such as density or the number of clusters, must remain constant

across individuals as well.

Therefore, a popular approach when networks have been estimated based on between-person as-

sociations among variables in single-group data is to simply use the variable that has the highest

centrality coefficient (i.e., themost central node) for prediction. Centrality coefficients originated in

the field of social networks, and are used to identify which nodes are likely to be the most important

or influential to the rest of the system based on their connections with other nodes in the network

(Bringmann et al., 2019). Therefore, the motivation for using the most central node as a predictor

is that, due to its position in the network, changing the value of this node would result in the most

effective change to the rest of the network. This reasoning has been termed the “centrality hypothe-

sis” (Lunansky et al., 2022; Spiller et al., 2020). Indeed, changes in the nodes identified as the most
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central in the network have been shown to lead to greater change in the overall network structure

itself, compared to change in nodes that are less central (Papini et al., 2020; Robinaugh et al., 2016;

Rodebaugh et al., 2018; Spiller et al., 2020), but this idea has also been challenged (Bringmann et al.,

2019; Ryan et al., 2022). When examining associations between network-instantiated constructs and

relevant psychological variables outside the network, there is evidence that more central nodes do

tend to have stronger associations with those variables. In the context of eating disorders, the value of

the most central node (or a composite formed of the most central nodes) has been related to response

to treatment for anorexia nervosa (Brown et al., 2020; Elliott et al., 2020; Hagan et al., 2023), excessive

exercise (Levinson & Williams, 2020), level of clinical impairment (Elliott et al., 2020), and depression

and body mass index (Olatunji et al., 2018). Similarly, the two most central symptoms in a network of

Obsessive-Compulsive Disorder symptoms and beliefs were each related to participants’ depression

and anxiety scores (Olatunji et al., 2019). High levels of central nodes were also related to later onset

of major depressive disorder (Boschloo et al., 2015) and diagnoses of post-traumatic stress disorder

(Haag et al., 2017).

Another approach, also focusing on the the influence of single nodes, is to include the outcome

variable of interest in the network itself. This is termed “network outcome analysis”, and has been used

to examine the direct associations between network variables (such as insomnia and energy level)

to the onset of major depressive disorder, or between specific risk factors and recidivism (Berg et al.,

2020; Blanken et al., 2019). However, this approach only examines the relation between individual

nodes (e.g., specific risk factors) and the outcome of interest, and not between the overall construct

represented by the network model (e.g., a person’s level of risk) and the outcome. Furthermore, this

approach increases the risk of network edges being subject to collider bias: individual edges in the

network are estimated by controlling for all other variables in the network (including the outcome

variable), and so the edge that is estimated between two nodes in the network can be biased or

spurious since both are presumed to be a common cause of the outcome variable (Ryan et al., 2022;

Wysocki et al., 2022).

While using the network structure to identify the most central node is clearly effective, the summary

variable that is produced reflects the level of a single network node, rather than any property of the

network itself. Thus, this strategy does not allow a researcher to investigate whether the system

instantiated in a network has predictive properties. Doing so requires variability in network properties

across some unit of prediction (i.e., people or groups). Several studies have used individual or multiple-

group networks to examine this question.

1.2 Network Models and Prediction Using Multiple Group or Individual Networks

When data contain two or more known groups (e.g., patients and non-patients, recovered and not

recovered, experimental and control), researchers can fit network models within each group and com-
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pare how network structure variables differ across groups. For example, researchers have compared

network density across different patient populations to test the theory that denser symptom networks

(i.e., networks with a greater proportion of non-zero edges between different symptoms) have greater

potential to spread activation and thus represent greater vulnerability. These studies have found that,

indeed, network density is higher in groups of individuals who persisted in amajor depression disorder

diagnosis after treatment (Borkulo et al., 2015; Lee et al., 2023; Pe et al., 2015).

Along similar lines, researchers have examined differences in network strength between networks

estimated from a group of individuals at two occasions (e.g., before and after treatment). Network

strength, which is the sum of the absolute value of all edges, complements network density by taking

into account the magnitude of the edges. For example, two networks may have the same connections

but those connections are of different magnitudes, and this difference results in changes to one node

spreadingmore or less influence throughout the system. Network strength has been found to increase

from before to after treatment (Ding et al., 2023; Smith et al., 2019; Zhou et al., 2022).

Finally, in the areas of social and semantic networks, which investigate the associations between

individuals and verbal concepts, respectively, researchers have related the degree of separation

between clusters within a network to external variables. In the psychometric network literature, there

have been many recent developments in categorizing a network’s nodes into clusters (Golino et al.,

2020). This is especially the case when the network’s nodes are variables of different, but overlapping,

disorders, different personality traits (e.g., the Big Five), or measures of both positive and negative

affect. After estimating the underlying communities, researchers could examine how well-separated

the estimated communities are using measures such as modularity or subgroup insularity (Kenett

et al., 2016; Sweet & Zheng, 2018). The reasoning behind this metric is that greater separation between

communities means that changes in the network are less likely to spread from one community to the

next (Christensen & Kenett, 2021; Sweet, 2019). In the semantic and social network literature, measures

of how well communities cluster together has differentiated individuals with and without Asperger’s

syndrome, and have mediated the relation between mathematics coaching and teachers’ beliefs

about instruction in different schools (Kenett et al., 2016; Sweet, 2019; Sweet & Zheng, 2018).

When intensive longitudinal data (collected over a large number of timepoints) are available for each

individual, network models can now be fit to each individual. This allows researchers to examine how

the nodes of the network interact with each otherwithin an individual across time, and determine

how how changes to one node translate to future changes in the system. Fitting network models

to individuals results in two networks: the temporal network and the contemporaneous network

(Epskamp et al., 2018b).

The temporal network represents the dynamic relations between the nodes in the network through

the form of a lag-1 vector autoregressive (VAR(1)) model. In a VAR(1) model, each node in the network

at time t is predicted by itself and all other nodes at the previous timepoint, t− 1. The resulting edges
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are directed, and represent the degree to which the variable at the previous timepoint predicts the

level of a variable at the current timepoint, controlling for all other variables at the previous timepoint.

The contemporaneous network models the variance-covariance matrix of the residuals from the

temporal network as a partial correlation network. The relations between nodes in a contemporaneous

network are partial correlations between the residuals of those nodes, after the temporal effects have

been taken into account. While the edges in the temporal network are interpreted as relations across

time, the edges in a contemporaneous network are interpreted as unique pairwise relations that arose

within a single measurement window.

As was the case when fitting network models to multiple groups, both network structure variables

and network-informed variables can now vary across individuals, and thus be used for prediction.

Levinson et al. (2021) identifiedwhich nodesweremost often central in temporal and contemporaneous

symptom networks across all individuals, and linked the values of these network-informed variables

to later severity of individuals’ eating disorder. Furthermore, Beck and Jackson (2017) showed that

network-structure variables, such as network density and the average clustering coefficient, predicted

students’ academic success, but not life satisfaction.

1.3 Purpose of the Study

We aim to expand on previous work by systematically exploring the predictive ability of a number of

network-informed and network structure variables across four datasets. These datasets span three

areas of psychological research, allowing us to also explore whether there is any consistency with

which network characteristic(s) (if any) are most predictive. To answer this question, we estimated

temporal networks1 for each individual in each dataset, extracted six different summary characteristics,

and used those to predict relevant outcomes.

2. METHODS

2.1 Datasets

To maximize the generalizability of our results, we chose four datasets that focused on three different

research areas: romantic relationships (Ferrer et al., 2012), personality (Beck & Jackson, 2017), and affect

(Dejonckheere et al., 2019; Koval et al., 2013). Descriptions of each dataset are given in the following

sections, and demographic information is summarized in Table 1.

1Results from when the summary characteristics were extracted from the contemporaneous network instead are available at

https://osf.io/esh2y/

https://osf.io/esh2y/
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2.1.1 Dynamics in Dyadic Interactions Project

The Dynamics in Dyadic Interactions Project (DDIP) was a longitudinal study that examined the

emotional dynamics of romantic couples over time (Ferrer et al., 2012). As part of the study, 282 hetero-

sexual couples completed a daily diary questionnaire for up to 90 days, answering questions related

to their overall affect and affect specific to their relationship. On average, participants completed 53.9

timepoints (SD = 22.4).

To measure affect towards their relationship, each member of the couple completed the Relationship-

Specific Affect questionnaire. This questionnaire contained 18 items designed tomeasure both positive

(9 items) and negative (9 items) affect. Participants were asked to “Indicate to what extent you have

felt this way about your relationship today”, and responded using a Likert-type scale ranging from

1 (very slightly or not at all) to 5 (extremely). Each dyad’s network was formed from both members’

responses, resulting in a total of 36 nodes.

One and two years after the daily diary study, participants participated in follow-up interviews. During

these interviews, they were asked about their current relationship status, and those no longer together

with their initial partner at either interviewwere recorded as having ended their relationship. Addition-

ally, participants’ relationship quality was assessed using six items from the Perceived Relationship

Quality Component Inventory (Fletcher et al., 2000). Participants responded to items such as “How

satisfied are you with your relationship?” and “How committed are you to your relationship?” using a

Likert-type scale that ranged from 1 (not at all) to 7 (extremely). An overall relationship quality score

was formed by averaging the responses of both members of the couple. Thus, the two outcome mea-

sures of interest for our regression analyses were whether or not couples had ended their relationship,

and their relationship quality. Full details of the study procedures and all measures can be found at

Ferrer et al. (2012).

2.1.2 Personality and Interpersonal Roles Study

As part of the Personality and Interpersonal Roles Study (PAIRS; Vazire et al., 2015), 345 undergraduate

students (235 female) at Washington University in St. Louis completed experience sampling method

(ESM) surveys across two waves of data collection. For this study, we use only the first wave of data

collection. Five participants were excluded for not having provided information on the outcome

variables of interest.

As part of the ESM survey, participants received four emails per day for two weeks with links to the

ESM survey. In each survey, participants responded to questions about their situation (e.g., ”During

the past hour, were you interacting with other people?”), emotions (e.g., ”Did you keep your emotions

to yourself?”), and behavior (e.g., ”During the past hour, did you study or work?”) in the last hour.
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There were also nine personality items related to the domains of agreeableness, conscientiousness,

extraversion, and neuroticism taken from the BFI-44 (John, 1991), but which were modified to reflect

the collection periods of the ESM survey (e.g., “From 5-6 PM, how ’considerate or kind’ were you?”). All

questions were answered using a Likert-type scale that ranged from 1 (Not a lot) to 5 (Very). For items

related to agreeableness, missing data was imputed using the average value of that item across all

timepoints, as these items were only asked if participants reported having interacted with someone in

the previous hour. Out of all the surveys participants completed, they responded to, on average, 82.8%

of all agreeableness items (SD = 15.4%). Items related to rudeness, quietness, laziness, and relaxation

were reverse coded. On average, participants completed 32.4 (SD = 13.8) of the 56 surveys. These nine

personality items formed the nodes of each individual’s network.

At the start of the ESM survey, participants were also asked to report their current college GPA, which

ranges from 1.0 to 4.0, and life satisfaction, whichwas answered using a Likert-type scale ranging from 1

(Completely dissatisfied) to 15 (Completely satisfied). These two variables were chosen as the outcomes

of interest for this study, due to their reported and reliable associations with personality factors (Beck

& Jackson, 2017). Full details of the study procedures and allmeasures canbe found at Vazire et al. (2015).

2.1.3 Koval et al. (2013)

As part of a larger study on emotional functioning, Koval et al. (2013) collected ESM data2 on 100

undergraduates (62 female) at KU Leuven. We hereafter refer to this dataset as KPMK. Four participants

were excluded from the dataset due to equipment malfunction or poor ESM compliance, and one

withdrew from the study, leaving a total of 95 participants.

As part of the ESM portion of the study, participants were prompted 10 times a day for seven days

to respond to the survey assessing their current positive and negative affect. The survey contained

two items related to positive affect (happy and relaxed) and five items related to negative affect (sad,

depressed, anxious, stressed, and angry). Participants responded using a slider that ranged from 1

(not at all) to 100 (very much). These seven affect items formed the nodes of each individual’s network.

Prior to the ESM portion of the study, participants completed two questionnaires to assess depressive

symptoms and life satisfaction. The frequency of participants’ depressive symptoms over the past

week were assessed using the Center for Epidemiologic Studies Depression Scale (CES-D; Radloff,

1977). The CES-D contains 20 items that are answered on a scale of 0 (rarely or none of the time) to 3

(most or all of the time). Furthermore, participants completed the Satisfaction with Life scale (SWL;

Diener et al., 1985) to assess their overall life satisfaction. This questionnaire contains five items on

which participants respond on a scale of 1 (strongly disagree) to 7 (strongly agree). In our regression

analyses, participants’ depression scores (measured as the average score of all items in the CES-D)
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and life satisfaction scores (measured as the average score of all items in the SWL) were our outcomes

of interest. Full details of the study procedures and all measures can be found at Koval et al. (2013).

2.1.4 Dejonckheere et al. (2019)

Dejonckheere et al. (2019) collected data2 on 100 community members (77 female), which we hereafter

refer to as the DKPK dataset. As part of an ESM survey, participants were prompted seven times a day

for two weeks to report on their current affect. The affect items asked about both positive affect (how

happy and how relaxed participants were at that moment) and negative affect (how sad, angry, and

stressed participants were at that moment). Participants responded using a slider that ranged from 0

(not at all) to 100 (very much). These five affect items formed the nodes of each individual’s network.

Prior to starting the ESM survey, participants also completed three questionnaires: two related to

depressive symptoms (the CES-D and the Beck Depression Inventory-II BDI-II; Beck et al., 1987), and

one related to life satisfaction (the SWL). Unlike the CES-D, which assesses the frequency of depressive

symptoms over the past week, the BDI-II assesses the intensity of 20 depression symptoms over

the past week, and is answered on a scale of 0 (absent) to 3 (very severe). For each questionnaire,

the average scores across all items were used as the outcomes of interest. Full details of the study

procedures and all measures can be found at Dejonckheere et al. (2019).

Table 1

Demographic information for each dataset

DDIP PAIRS KPMK DKPK
Sample Sizea 282 345 95 100

# Female Participants 282 235 62 77
Study Type Daily Diary ESM ESM ESM

Occasions per Day 1 4 10 7
Number of Days 90 14 7 14
Total Possible T 90 56 70 98

Average Completed Timepoints (SD) 53.9 (22.4) 32.4 (13.8) 60.2 (4.60) 87.0 (9.38)
Network Variables Relationship Affect Personality Affect Affect

a In the DDIP dataset, sample size refers to the number of heterosexual couples. In the PAIRS, DKPK,

and KPMK datasets, sample size refers to the number of individuals.

2.2 Network Estimation and Summary Statistics

We estimated individual temporal and contemporaneous networks for each individual (or, in the

case of the DDIP dataset, each dyad). Networks were estimated using a non-regularized estimation

approach, based on research suggesting that non-regularized approaches to network estimation are

more consistent and result in more accurate estimation of non-zero edges than regularized estimation

approaches (Williams & Rast, 2020; Williams et al., 2019). In this approach, VAR(1) models were fit for

each node, and non-significant edges were pruned from the network based on a significance level of

2These datasets can be found at https://osf.io/zm6uw/

https://osf.io/zm6uw/
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.05. The model was refit, and the process was repeated until no more edges could be removed. This

estimation was carried out using the var1 function in the psychonetrics package (Epskamp, 2023).

From each individual’s temporal network, we then extracted each of the following summary statistics:

the network density, the network strength, two summary statistics based on centrality indices (the

average value of each individual’s central node, and the average value of the most commonly central

node), how well-separated underlying communities in the network were, and an unweighted sum

score. In order to illustrate the summary statistics and their interpretation, we shall use a hypothetical

example of a network that is formed of six negative affect items: nervous, irritable, ashamed, hostile,

distressed, and upset. All code is available at https://osf.io/esh2y/.

2.2.1 Network Density

One straightforward way to measure how easily influence can spread throughout a network is to cal-

culate network density, or the proportion of non-zero edges out of all possible edges. If wjk represents

the weight of the edge pointing from node j to node k, then the network density is calculated as:

1wjk 6=0

p(p+1)
2

,

where p is the total number of nodes in the network, and 1wjk 6=0 is an indicator function that equals 1 if

the edge between node j and node k is non-zero.

Networks with higher density have more connections present between nodes, and so a change to

one node in the network is more likely to affect nodes in the rest of the network. This can be likened

to a domino effect - if one domino falls (or one node in the network is changed), then many other

dominoes are likely to fall due to their proximity or connection to the first node. As more and more

nodes are affected, this can cause the system represented by the network to tip into a worse state

(which is in line with the vulnerability hypothesis; Cramer et al. 2016; Schweren et al. 2018) or a more

protective state (Schueler et al., 2021), depending on the nature of the exact nodes in the network (e.g.,

clinical symptoms versus items related to a person’s resilience).

In our example of a network of negative affect, greater density indicates more connections between

nodes, so that a person who feels nervous is also more likely to feel ashamed and irritable over time,

increasing their overall feelings of negative affect. On the other hand, a negative affect network with

lower density could indicate that a person might feel nervous, but that is unlikely to correspond with

changes in how ashamed or irritable they feel at the next timepoint.

https://osf.io/esh2y/
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2.2.2 Network Strength

Our second measure, global network strength, is the sum of the absolute value of all edges in the

network (Borkulo et al., 2022). The network strength, S, is calculated as:

S =

p∑
k=1

p∑
j=1

|wjk|.

Network strength provides an important complement to network density, by taking not only the

presence or absence of edges into account, but also the value of those edges. Network strength is

higher when the network is more densely connected (due to the presence of more edges), but also

when those edges are of greater magnitude. Returning to the domino example, networks with greater

strength are similar to dominoes that are placed very close together (compared to networks with

weaker connections, where the dominoes are spread further apart). Therefore, when the connections

in the network are stronger, a change in onenode ismuchmore likely to affect the nodes it is connected

to (or to tip the other dominoes; Cramer et al. 2016).

In our negative affect example, we could imagine two individuals who have networks of negative affect

with the same density. However, in one individual, the connections between nodes are much weaker

(i.e., strength is low): therefore, although a change in how nervous a person is feeling is likely to affect

how irritable or ashamed they feel at the next timepoint (due to the presence of a connection between

those nodes), the smaller magnitude of those connections means that the overall change in their

level of irritability or shame is likely to be small. On the other hand, when the connections between

the nodes are stronger, how nervous the person is more strongly affects their level of irritability and

shame, once again resulting in higher feelings of negative affect over time.

2.2.3 Modularity

To obtain an estimate of how well-separated or insular the underlying communities were in our

datasets, we first conducted a Dynamic Exploratory Graph Analysis (DynEGA) upon each individual’s

time series, using the dynEGA function from the EGAnet package (Golino & Christensen, 2023). Unlike the

temporal networks previously described, in which the nodes represent the value of each variable and

edges between nodes represent how the value of a variable at one timepoint is related to the value of

another variable at the next timepoint, DynEGA estimates a network in which the nodes represent the

amount of change in that variable over time, and edges represent the connection between the change

in one variable and the change in another variable. DynEGA then applies a community detection

algorithm to this estimated network, so that nodes in the same community show similar patterns of

change over time (Golino et al., 2022).
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Themaximummodularity coefficient is a measure of how dense the networks within a community

are and how sparse the connections are between nodes of different communities (Fortunato, 2010;

Newman, 2006). Modularity values closer to the maximum of 1 indicate more well-separated networks,

or networks whose nodes have many connections to other nodes in their own community, but very

few connections to nodes outside their community (Siew, 2013). The maximummodularity coefficient,

Q, is calculated as:

Q =
1

2S

p∑
j=1

p∑
k=1

[
wjk − djdk

2S

]
δ(cj , ck),

where S is the network strength as calculated in the previous section,wjk is theweighted edge between

node j and node k, dj represents the sum of all edges connected to node j, and δ(cj , ck) is 1 if nodes j

and k are in the same community and 0 otherwise.

As mentioned in the Introduction, network modularity as calculated from psychometric networks

has not been commonly used as a predictor, although it has been used in both semantic and social

networks (Christensen & Kenett, 2021; Sweet, 2019). However, the reasoning of using modularity as a

predictor follows along the same lines as network density or network strength - the more modular

a network is, the more separated the communities in the network are. Therefore, a change to one

node would mainly affect the other nodes in its community, and would not have a large effect on

nodes in other communities, limiting the spread of influence throughout the network. In our domino

example, this would be as if there were groups of dominoes clustered together, and the maximum

modularity coefficient represents how close or far those clusters were to each other. If the maximum

modularity coefficient was high, the clusters of dominoes are farther apart, so tipping a domino over

in one cluster is unlikely to tip over dominoes in a different cluster.

Suppose our hypothetical network of negative affect had one community between the variables

nervous, irritable, and ashamed, and another community formed of the variables hostile, upset, and

distressed. This indicates that each of the variables in these communities change in a similar fashion

over time. Greater modularity between these communities would indicate that changes in how

irritable an individual feels will likely result in changes to how ashamed or nervous they feel, but will

not necessarily change how hostile, distressed, or upset they feel. Once again, this would lead to fewer

changes in a person’s overall negative affect.

We estimated the maximummodularity coefficient of each individual’s community structure using

themodularity function in EGAnet.
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2.2.4 Value of Most Central Node Based on Out-Strength

As described in the Introduction, one of themost commonly used networkmetrics for prediction is the

value of the most central node(s). Although there are numerous centrality indices available (such as

betweenness, closeness, expected influence, or controllability centrality), wewill use strength centrality.

In an undirected network, the strength centrality of a node is the sum of the absolute value of all

edges connected to that node (Epskamp et al., 2018a). Due to variables with high strength centrality

having more and/or stronger connections, these variables are thought to be the most influential in

the system, such that changing its value would be the most effective way to change the values of the

other variables (Lunansky et al., 2022). In addition, strength centrality is considered the most stable of

the centrality indices (Epskamp et al., 2018a; Lunansky et al., 2022; Rodebaugh et al., 2018).

Since we are estimating temporal networks, containing directed edges, we focused on out-strength

centrality. The out-strength centrality for node j is calculated as:

∑
k 6=j

|wjk|,

or the sum of the absolute value of edges directed away from the node. A node with high out-strength

centrality would have the most potential to affect other variables in the network through direct effects

on other variables, as well as through downstream effects.

We estimated out-strength centrality for each variable in an individual’s temporal network, and identi-

fied which variable had the highest out-strength centrality, which we callMCi. We then calculated

the individual’s average score on their most central variable across all measurement occasions:

X̄MCi
=

1

T

T∑
t=1

Xit,p=MCi
,

where Xitp represents the value of node p at time t for person i. Although this summary variable is

an average value across different nodes, it allows us to somewhat approximate the situation where

researchers want to implement personalized interventions for an individual.

In order to have a second measure that was consistent across the individuals in our sample, we also

identified which variable was most frequently identified as the one with the highest out-strength

centrality, which we callMCg . We then calculated the average value of this commonly central node

across all measurement occasions for each individual:

X̄MCg
=

1

T

T∑
t=1

Xit,p=MCg
.

Therefore, we had twomeasures based on node centrality to use in our prediction: one for the average
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value across time of the individual’s most central node, and one for the average value across time of

the most frequently central node.

For our example, suppose hostilewas identified as the node with highest out-strength centrality for

an individual. This would mean that a change to how hostile a person feels is more likely to result in

changes to other feelings of negative affect than a change to a different variable, such as guilt. With

our individualized measure of centrality, X̄MCi , we would be interested in how this person’s average

level of hostility relates to an outcome, since we think hostility is the most representative for how

much negative affect this individual experiences. We might also examine how the overall level of

the upset variable relates to the outcome, even though it was not the most influential node for this

individual, but because it was the most influential for a majority of participants in the sample.

Out-strength centrality was calculated using the centralityTable function in qgraph (Epskamp et al., 2012).

2.2.5 Sum Scores

Finally, to provide a point of comparison to the above network characteristics, we also estimated

an unweighted sum score from all variables for each individual. The sum score is the simplest way

to summarize multiple variables that measure a construct, and allows us to determine whether

estimating a temporal network provides more information than a simple composite. Therefore, we

calculated the average sum score for each participant across all measurement occasions:

1

T

T∑
t=1

P∑
p=1

Xitp.

The sum score of a set of variables is typically a good representation of the overall level of the underlying

construct. For example, in our negative affect network, a higher sum score would indicate high levels

of negative affect over the course of the study. However, sum scores do not take into account the

interactions between variables across time, so including the sum score in our comparisons allows us

to examine whether taking such dynamics into account provides additional information that is useful

for prediction.

In summary, we were interested in the predictive utility of six different network characteristics: the

density of the individual’s temporal network, the strength of the temporal network, the modularity

of the network, the average value over time of the variable most frequently identified as having the

highest out-strength across participants, the average value over time of the variable with the highest

out-strength for each individual, and the unweighted sum score of all variables averaged over time.
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2.3 Relation to Outcomes

To examine relations between each of the 5 network-derived summary variables and the average sum

score to the outcome variables in each dataset, each characteristic was entered into separate simple

regression models estimated using ordinary least squares, with each outcome as the dependent

variable. Next, to assess whether any of thesemeasures were still able to uniquely predict the outcome

after controlling for all other measures, we entered all variables simultaneously into a multiple regres-

sion model. The multiple regression analyses were conducted in lavaan, in order to use full-information

maximum likelihoood estimation to deal with missing data (Rosseel, 2012). We assessed the predictive

ability of each summary variable based on statistical significance; to avoid capitalizing on chance we

used a false discovery rate adjustment across all p-values related to a specific network feature. We

also examined the adjusted R2 of the model, or in the case of the multiple regression models, the

squared semi-partial correlation, to examine howmuch (unique) variance is explained by each metric.

3. RESULTS

3.1 Model Convergence

Estimation of the temporal networks failed to converge for 5 participants in the PAIRS dataset, and 163

participants in the DDIP dataset. This resulted in a total of 100 converged models for individuals in the

DKPK dataset, 95 converged models for individuals in the KPMK dataset, 335 converged models for

individuals in the PAIRS dataset, and 119 converged models for couples in the DDIP dataset. Examples

of estimated temporal networks from a single individual (or dyad) are plotted in Figure 1.

Even when the estimation of a network for an individual may have been successful, it was possible for

that individual to still bemissing data for some network features. The reasons formissing values on the

metrics varied. For example, some participants had networks with no estimated edges. Although this

would provide a valid value for network density (a value of 0), this would prevent out-strength centrality

from being calculated (due to the absence of any edges). Thus, a participant with an estimated empty

network would be missing a response to the average value of their own most central node. For similar

reasons, participants whose networks only had autoregressive effects (where the value of a node

at a previous timepoint predicts itself at the next timepoint) would not have values of out-strength

centrality, and therefore would be missing a response for the average value of their most central node.

However, due to the aggregation of information across participants, they would have a response for

the average value of the most frequently central node. Some metrics, such as the average value of the

most frequently central node or the average sum score, were never missing, due to the aggregation

of information across participants who did have nodes with out-going arrows or the lack of reliance

on an estimated network.
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Figure 1

Estimated Temporal Networks from Each Dataset
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Table 2

Summary Statistics for Network Features and Community Structure

DKPK KPMK PAIRS DDIP

Density 0.17 (0.29) 0.31 (0.43) 0.65 (0.46) 0.74 (0.43)

Number of Communities 1.35 (0.48) 1.84 (0.67) 2.49 (0.71) 4.96 (1.48)

Modularity 0.18 (0.18) 0.29 (0.12) 0.28 (0.13) 0.39 (0.10)

Most Commonly Central Node 62.65 (11.87) 25.69 (15.08) 4.54 (0.37) 2.74 (0.79)

Individual’s Central Node 37.73 (27.11) 26.28 (22.56) 3.08 (1.11) 2.40 (1.09)

Network Strength 1.90 (5.70) 4.30 (8.28) 5.87 (7.84) 29.05 (24.66)

Sum Score 152.95 (24.03) 183.44 (42.65) 27.27 (1.99) 84.63 (13.06)

Note. Number of communities = number of communities identified by the community detection algorithm.

Modularity = Maximummodularity coefficient, Network strength = global network out-strength.

Table 2 presents summary statistics for the six network metrics we examined, as well as the number

of estimated communities, for each dataset, averaged across participants. We have also provided

correlation matrices among the six network metrics in Table 5. Networks estimated from the PAIRS

and DDIP datasets appeared to be more interconnected than those estimated from the DKPK and

KPMK datasets, although as can be seen in Figure 2, there was great variability in the density of

the estimated networks. Most networks, especially for the PAIRS and DDIP datasets, were either

empty (density value of 0) or fully saturated (density value of 1). The average number of estimated

communities was between 1 and 2 in the DKPK and KPMK datasets, between 2 and 3 for the PAIRS

dataset, and close to 5 for the DDIP dataset. The estimated communities appeared relatively well

integrated, as the maximummodularity coefficient was rather low (less than 0.5) for all datasets.

3.2 Prediction Results

Regression results for all metrics are available in Tables 3 and 4, and are plotted in Figures 3 and

4. Regression coefficients are standardized to represent correlation coefficients, which allows us to

discuss the association between the network features and our outcomes, even though some outcomes

were measured before the ESM portion of the study that was used to estimate the temporal networks.

When each predictor was individually entered into a simple regression model, no network-structure

variables (network density, network strength, or themaximummodularity coefficient) were significant

predictors of any outcome. Instead, themost consistently significant predictorwas a network-informed

variable: the average value of the node that wasmost frequently central across all individuals’ networks.

This network-derived metric was a statistically significant predictor in seven out of the nine outcomes

assessed. Specifically, participants who felt happier had lower depression scores (βCESD = −0.43,

p < .001 and βBDI = −0.34, p = .001) and higher life satisfaction (β = 0.43, p < .001) in the DKPK dataset;

participants who felt more stressed had higher depression scores (β = 0.47, p < .001) and lower life

satisfaction (β = −0.47, p < .001) in the KPMK dataset; participants who felt less lazy had higher life

satisfaction (β = 0.13, p = .02) in the PAIRS dataset; and dyads where the male partners felt more
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Figure 2

Histograms of the Density of Estimated Temporal Networks for Each Dataset
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Figure 3

Simple regression results for all summary variables
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Note. This plot displays standardized beta estimates from when each summary variable was individ-

ually used to predict the outcome. Each plot is a different feature, and outcomes are on the x-axis

(Rel. Diss = Relationship Dissolution, Rel. Sat. = Relationship Satisfaction, CESD = average score on

Center for Epidemiologic Studies Depression Scale, BDI = average score on Beck Depression Inventory,

SWL = average score on Satisfaction with Life Scale, Life Sat. = Life Satisfaction). Bars represent 95%

confidence intervals.
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Figure 4

Multiple regression results for all summary variables
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Note. This plot displays standardized beta estimates from when all summary variables were used to

predict the outcome in a multiple regression model. Each plot is a different feature, and outcomes

are on the x-axis (Rel. Diss = Relationship Dissolution, Rel. Sat. = Relationship Satisfaction, CESD =

average score on Center for Epidemiologic Studies Depression Scale, BDI = average score on Beck

Depression Inventory, SWL = average score on Satisfaction with Life Scale, Life Sat. = Life Satisfaction).

Bars represent 95% confidence intervals. Due to issues with model estimation, no estimate is available

for when density is used to predict relationship dissolution.
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physically intimate towards the relationship had higher relationship satisfaction (β = 0.15, p = .05) in

the DDIP dataset.

The only other predictor that was significant in the simple regression models was the average sum

score, which does not rely on estimation of the temporal network. The average sum score was a

significant predictor of greater depression (β = 0.40, p < .001) and lower life satisfaction (β = −0.40,

p < .001) in the KPMK dataset. In the DDIP dataset, the average sum score was a significant predictor

of higher relationship satisfaction (β = 0.25, p = .002).

When all network features were entered into a multiple regression model, network-structure variables

continued to be unrelated to any outcome in all datasets. The average value of the most frequently

central node remained a significant predictor of all outcomes in the DKPK and KPMK datasets, and of

life satisfaction in the PAIRS dataset, above and beyond all other network features. In addition, when

controlling for all other network-derived metrics, the average value of an individual’s most central

node now predicted life satisfaction in the DKPK dataset. Finally, the average sum score of affect

items continued to predict relationship satisfaction in the DDIP dataset. However, although it no

longer predicted depression and life satisfaction in the KPMK dataset, it was a significant predictor of

depression and life satisfaction in the DKPK dataset.
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Table 3

Regression results for network structure variables

Simple Regression Multiple Regression

Predictor Outcome Estimate SE t p-value R2 Estimate SE t p-value R2

Density DDIP - Rel. Diss 0.36 0.27 1.33 .34 .03 - - - - -

DDIP - Rel. Sat. -0.24 0.12 -2.05 .19 .04 -0.24 0.17 -1.43 .34 .03

DKPK - BDI -0.01 0.10 -0.07 .99 -.01 0.09 0.10 0.89 .56 .01

DKPK - CESD 0.13 0.10 1.32 .34 .01 0.26 0.09 2.78 .09 .05

DKPK - SWL -0.01 0.10 -0.11 .99 -.01 -0.14 0.09 -1.49 .34 .02

KPMK - CESD -0.13 0.10 -1.29 .34 .01 -0.06 0.12 -0.50 .80 -.01

KPMK - SWL 0.09 0.10 0.85 .56 -.003 -0.22 0.12 -1.90 .19 .03

PAIRS - GPA -0.15 0.07 -2.23 .15 .02 -0.17 0.07 -2.28 .15 .02

PAIRS - Life Sat. -0.01 0.05 -0.19 .99 -.003 0.00 0.06 0.01 .99 .00

Network DDIP - Rel. Diss 0.21 0.24 0.88 .57 .01 0.10 0.20 0.49 .71 .01

Strength DDIP - Rel. Sat. -0.15 0.12 -1.22 .50 .01 -0.01 0.14 -0.06 1.00 .00

DKPK - BDI -0.13 0.10 -1.32 .50 .01 -0.12 0.10 -1.22 .44 .01

DKPK - CESD -0.12 0.10 -1.15 .50 .003 -0.17 0.09 -1.80 .50 .03

DKPK - SWL 0.16 0.10 1.66 .45 .02 0.19 0.09 2.01 .44 .03

KPMK - CESD 0.12 0.10 1.21 .50 .005 0.18 0.10 1.79 .44 .03

KPMK - SWL 0.06 0.10 0.62 .69 -.007 0.07 0.10 0.70 .67 .004

PAIRS - GPA 0.04 0.08 0.48 .71 -.004 0.00 0.09 0.00 1.00 .001

PAIRS - Life Sat. 0.05 0.05 0.97 .54 -.00 0.06 0.06 1.01 .54 .003

Modularity DDIP - Rel. Diss 0.05 0.24 0.19 .90 .001 0.15 0.20 0.76 .68 -.05

DDIP - Rel. Sat. 0.16 0.11 1.38 .68 .01 0.19 0.12 1.50 .68 .03

DKPK - BDI -0.08 0.10 -0.76 .68 -.004 -0.03 0.09 -0.32 .87 .002

DKPK - CESD -0.08 0.10 -0.75 .68 -.004 -0.02 0.09 -0.28 .87 .00

DKPK - SWL 0.08 0.10 0.83 .68 -.003 0.06 0.09 0.65 .72 .003

KPMK - CESD -0.22 0.10 -2.12 .66 .04 -0.14 0.09 -1.47 .68 .02

KPMK - SWL 0.11 0.10 1.11 .68 .002 -.002 0.09 -0.04 .97 -.002

PAIRS - GPA 0.04 0.06 0.56 .73 -.004 0.08 0.08 1.01 .68 .01

PAIRS - Life Sat. -0.06 0.06 -1.09 .68 .001 -0.06 0.06 -1.05 .68 .004

Note. Bolded lines represent effects that are significant after a false discovery rate adjustment. Rel. Diss. = Relationship Dissolution, Rel. Sat. = Relationship Satisfaction,

CESD = Center for Epidemiologic Studies Depression Scale, BDI = Beck Depression Inventory, SWL = Satisfaction with Life Scale, Life Sat. = Life Satisafaction, Modularity

= Maximummodularity coefficient, Network strength = global network out-strength. R2 for multiple regression analyses is the squared semi-partial correlation.
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Table 4

Regression results for network-informed variables and average sum score

Simple Regression Multiple Regression

Predictor Outcome Estimate SE t p-value R2 Estimate SE t p-value R2

Central Node DDIP - Rel. Diss -0.19 0.16 -1.23 .28 0.01 -0.10 0.18 -0.54 .62 .01

(Most Frequent) DDIP - Rel. Sat. 0.15 0.07 2.15 .05 .02 -0.01 0.10 -0.12 .90 .01

DKPK - BDI -0.34 0.09 -3.62 .001 .11 -0.38 0.09 -4.27 < .001 .13

DKPK - CESD -0.43 0.09 -4.67 < .001 .17 -0.47 0.08 -5.81 < .001 .20

DKPK - SWL 0.43 0.09 4.69 < .001 .17 0.44 0.09 5.00 < .001 .17

KPMK - CESD 0.47 0.09 5.10 < .001 .21 0.35 0.13 2.68 .01 .06

KPMK - SWL 0.47 0.09 -5.07 < .001 .21 -0.43 0.13 -3.29 .002 .08

PAIRS - GPA -0.05 0.07 -0.70 .55 -.002 -0.05 0.07 -0.72 .55 .004

PAIRS - Life Sat. 0.13 0.05 2.53 .02 .02 0.14 0.06 2.38 .03 .02

Central Node DDIP - Rel. Diss 0.53 0.27 1.96 .22 .08 0.33 0.17 1.98 .22 .11

(Individual) DDIP - Rel. Sat. 0.01 0.14 0.04 .97 -.01 -0.05 0.12 -0.40 .73 .002

DKPK - BDI -0.05 0.14 -0.40 .73 -0.02 -0.12 0.12 -0.94 .62 .01

DKPK - CESD -0.11 0.13 -0.81 .68 -.01 -0.13 0.11 -1.17 .54 .01

DKPK - SWL 0.30 0.13 2.19 .22 .06 0.33 0.11 0.50 .03 .10

KPMK - CESD 0.06 0.11 0.50 .73 -.01 0.08 0.13 0.59 .54 .01

KPMK - SWL 0.09 0.12 0.70 .62 -0.01 0.17 0.12 1.40 .42 .02

PAIRS - GPA -0.11 0.08 -1.41 .42 .01 -0.12 0.08 -1.50 .42 .01

PAIRS - Life Sat. -0.04 0.07 -1.09 .68 .04 -0.07 0.07 -1.09 .55 .01

Sum Score DDIP - Rel. Diss -0.32 0.15 -2.10 .08 .03 -0.32 0.17 -1.97 .10 .08

DDIP - Rel. Sat. 0.25 0.07 3.54 .002 .06 0.24 0.09 2.65 .02 .20

DKPK - BDI 0.13 0.10 1.30 .26 .01 0.27 0.10 2.65 .02 .06

DKPK - CESD 0.13 0.10 1.29 .26 .01 0.32 0.09 3.47 .002 .08

DKPK - SWL -0.08 0.10 -0.79 .47 -.003 -0.30 0.10 -3.00 .01 .07

KPMK - CESD 0.40 0.10 4.21 < .001 .15 0.10 0.13 0.77 .47 .004

KPMK - SWL -0.40 0.10 -4.19 < .001 .15 -0.17 0.14 -1.29 .26 .01

PAIRS - GPA -0.07 0.07 -1.09 .33 .001 -0.05 0.08 -0.61 .54 .001

PAIRS - Life Sat. 0.08 0.05 1.55 .22 .004 0.08 0.06 1.37 .26 .01

Note. Bolded lines represent effects that are significant after a false discovery rate adjustment. Rel. Diss. = Relationship Dissolution, Rel. Sat. = Relationship Satisfaction,

CESD = Center for Epidemiologic Studies Depression Scale, BDI = Beck Depression Inventory, SWL = Satisfaction with Life Scale, Life Sat. = Life Satisafaction, Modularity

= Maximummodularity coefficient, Network strength = global network out-strength. R2 for multiple regression analyses is the squared semi-partial correlation.
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4. DISCUSSION

After representing a psychological construct as a network model, there is no consensus on how to

best model this construct in the context of a larger model, as either the predictor or the outcome of

other relevant variables. In addition, most research that has attempted to answer this question has

fit a single network to a single group of participants, limiting how the network can be summarized

and used for prediction. To investigate whether properties of individual networks can be useful for

prediction, we fit person-specific networks to four intensive longitudinal datasets across three research

areas and evaluated the predictive utility of six network-informed and network structure variables.

In line with previous research, we found that networks can be informative about the best predictor

variable: the nodewith the highest out-strength centrality across all participants successfully predicted

seven out of the nine outcomes we assessed. Most of these successful predictions arose when the

networks represented positive and negative affect, and six out of these seven remained significant

when controlling for all other metrics as additional predictors.

The second most consistent predictor of the outcomes we assessed was the average sum score,

which is not informed by any properties of the estimated network. Sum scores successfully predicted

depression and life satisfaction in the KPMK dataset, and relationship satisfaction in the DDIP dataset.

This predictor remained significant after controlling for all other features only in the DDIP dataset, but

also became a significant predictor of depression and life satisfaction in the DKPK dataset.

These findings align with previous work, such as Levinson et al. (2021), that has found variables with

highest node centrality to be related to outcomes of interest. Given that the node with the strongest

out-strength is expected to have the greatest influence in the network, it is perhaps not surprising

that the average value of this node would be related to our outcomes. Furthermore, the average value

of the most central node remained a significant predictor even after controlling for the average sum

score (which includes the most central node in its calculation), indicating that the value of the central

node contained some predictive ability above and beyond the values of all the nodes in the network.

The use of out-strength centrality in this paper was motivated by the fact that (1) it is a better measure

of how much direct impact a node has in a network, compared to other common measures such

as betweenness or closeness centrality, (2) it is considered to be more stable than other centrality

measures, and (3) it is commonly reported and interpreted in empirical research. We note, however,

that other centrality measures such as betweenness, closeness, and controllability centrality could

also be used to identify the most central node (Bringmann et al., 2019; Henry et al., 2022) 3. Although

different centrality measures may choose different nodes as the most influential, and the value of

these nodes may differ in how well they can predict psychological outcomes, these differences in

3We repeated our analyses using controllability centrality to determine the most central node instead of out-strength

centrality. The results from these analyses are available on the OSF page, and they echo the results already presented in this

paper
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performance can be due to how well a given centrality index is able to choose the most influential

node. However, this does not detract from the main finding of our paper: choosing a node based on

some centrality index, and then relating the value of that node to an outcome, is one way to relate

psychometric networks to other psychological variables, and this approach performed consistently

well across our four datasets. Researchers interested in using this approach in their own research

can choose different centrality measures than those used in this paper, based on what is the most

appropriate for their research question.

Some of the measures considered here, such as density, have been related to variables outside the

network in previous work, so their lack of association in this work could be due to the research areas

studied here. For example, most research that has found network density to be an important predictor

(Borkulo et al., 2015; Lee et al., 2023; Pe et al., 2015) has done so in symptomnetworks ofmajor depressive

disorder, where greater density is considered to represent greater vulnerability or susceptibility to

the disorder. Along similar lines, although the average sum score was occasionally related to some

of our outcomes, its interpretation is much more difficult in the research contexts we studied here.

While the sum score of psychopathological symptoms can represent a disorder’s level of severity, it is

harder to determine what the sum of positive and negative affect items, or the sum of personality

items of different traits, represents. In future explorations, it would be more meaningful to split these

characteristics by item valence or facet.

4.1 Limitations and Future Directions

The biggest caveat of our results lies in the network estimation. The longest possible time series

amongst our datasets was 98 timepoints, although most participants provided fewer due to miss-

ingness. Previous research by Mansueto et al. (2022) indicates that temporal networks estimated

on data with 100 timepoints or fewer, as is the case here, have low ability to estimate truly non-zero

edges. On the other hand, work by Zhang (2024) indicates that the risk of overfitting in temporal

networks (estimating too many connections) is higher when fewer than 100 timepoints are used.

The low number of timepoints might explain why the vast majority of estimated temporal networks

were either fully saturated or empty, especially as the number of nodes involved increased, as can be

seen in Figure 2. This meant that some of the network characteristics studied here—such as density,

network strength, and the value of each individual’s most central node—either could not be estimated

for all individuals, or would have little to no variability across participants. This lack of information

and variability might explain why these characteristics failed to predict our outcomes. As such, our

results do not indicate that network structure variables cannot be useful for prediction, but they may

suggest that longer time series are needed to estimate temporal networks (and the resulting network

structure variables) accurately.

A second limitation of this research is that our determination of which network characteristics were
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considered predictive is based solely on p-value significance, both when entered into a simple re-

gression model and after controlling for other network characteristics in a multiple regression model.

However, even when the network characteristic was a significant predictor, the squared semi-partial

correlations were similar, indicating a relatively similar amount of unique variance explained by all

network features.

A third limitation of the current study is that none of our datasets assessed psychopathological

symptoms, despite many applications of psychometric networks being in the clinical field. Therefore,

an important future direction would be to reproduce these results in a clinical dataset. As mentioned

in the discussion above, it is possible that the lack of associations between some of the network

features studied here and the outcomes in our datasets might be due to the specific research areas we

examined. It is possible that such associations are more likely to appear between symptom networks

and clinical outcomes, given that some of the network-structure variables have greater interpretability

in that context.

Finally, the network features used in this paper are by nomeans an exhaustive list of how psychometric

networks can be summarized and related to other constructs. Other possibilities include, for example,

directly relating each node’s value of out-strength centrality to the outcome of interest 4 (although in

our case, this would limit generalizability across the four datasets), or using network scores, which

are derived from network loadings in exploratory graph analysis and are analogous to factor scores

in factor analytic models (Christensen & Golino, 2021; Golino et al., 2022). However, we believe that

the work presented in this paper represents an important beginning to systematically exploring how

network models can be embedded in larger structural models.

5. CONCLUSION

This article describes an initial exploration of how constructs instantiated in individual temporal

network models can be related to other psychological constructs. We identified five ways to represent

the network-instantiated construct which reflected different—and theoretically relevant—aspects

of the network model. In the four datasets we used, we found no evidence that network structure

variables like network density ormodularity were associatedwith any outcomemeasures, but network-

identified variables, such as the value of the most central node across participants, was frequently

related to outcomemeasures. We draw no strong conclusions from these results, but present them as

an initial point of departure for more research in this area.

4We explored this approach in these datasets, and predicted each outcome from the value of out-strength centrality. We

found no statistically significant relations
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A. APPENDIX

Table 5

Correlation Matrices for Network-Derived Metrics and Sum Score

DKPK
Density Modularity Freq. Central Node Ind. Central Node Network Strength Sum Score

Density 1
Modularity .05 1

Freq. Central Node .00 -.01 1
Ind. Central Node -.04 -.16 .16 1
Network Strength .44 .12 .12 -.13 1

Sum Score -.17 -.21 .26 .26 -.03 1

KPMK
Density Modularity Freq. Central Node Ind. Central Node Network Strength Sum Score

Density 1
Modularity .03 1

Freq. Central Node -.36 -.18 1
Ind. Central Node .36 .12 .06 1
Network Strength .45 -.03 -.10 .16 1

Sum Score -.41 -.17 .74 -.03 -.09 1

PAIRS
Density Modularity Freq. Central Node Ind. Central Node Network Strength Sum Score

Density 1
Modularity -.02 1

Freq. Central Node -.12 .03 1
Ind. Central Node -.08 .09 .14 1
Network Strength -.07 .06 .00 -.08 1

Sum Score .00 .01 .23 .29 -.07 1

DDIP
Density Modularity Freq. Central Node Ind. Central Node Network Strength Sum Score

Density 1
Modularitya - 1

Freq. Central Node -.25 -.08 1
Ind. Central Node -.18 -.08 .25 1
Network Strength .67 -.05 -.12 -.17 1

Sum Score -.20 -.06 .52 .18 -.07 1

Modularity = Maximummodularity coefficient, Network strength = Global network out-strength,

Freq. Central Node = Average value of most frequently central node, Ind. Central Node = Average

value of individual’s most central node
aDensity and modularity are uncorrelated due to lack of variance in density values
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