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ABSTRACT 
The network approach to psychopathology, which assesses associations between individual 
symptoms, has recently been applied to evaluate treatments for mental disorders. While 
various options for conducting network analyses in intervention research exist, an overview 
and an evaluation of the various approaches are currently missing. Therefore, we conducted 
a review on network analyses in intervention research. Studies were included if they con
structed a symptom network, analyzed data that were collected before, during or after treat
ment of a mental disorder, and yielded information about the treatment effect. The 56 
included studies were reviewed regarding their methodological and analytic strategies. 
About half of the studies based on data from randomized trials conducted a network inter
vention analysis, while the other half compared networks between treatment groups. The 
majority of studies estimated cross-sectional networks, even when repeated measures were 
available. All but five studies investigated networks on the group level. This review high
lights that current methodological practices limit the information that can be gained 
through network analyses in intervention research. We discuss the strength and limitations 
of certain methodological and analytic strategies and propose that further work is needed 
to use the full potential of the network approach in intervention research.
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The network approach to psychopathology has been 
gaining considerable popularity in the past years 
(Borsboom & Cramer, 2013; Robinaugh et al., 2020). 
This approach suggests that mental health problems 
develop and are sustained by symptoms mutually 
causing each other and describes mental disorders as 
networks of interacting symptoms (Borsboom, 2017). 
In addition to describing the symptomatology of a 
specific patient group with symptom networks, it was 
suggested to apply the network approach to plan and 
evaluate treatments for mental disorders (Blanchard & 
Heeren, 2022; McNally, 2016). In this framework, 
treatment effects are discussed in regards to the treat
ment’s impact on symptom networks. More specific
ally, interventions may change the severity of specific 
symptoms, the interactions between symptoms, or 
impact symptom-triggering variables in the external 
field (Borsboom, 2017).

So far, interventions for mental disorders have 
mostly been evaluated by analyzing the presence/ 
absence of a diagnosis or a composite score indicating 
the aggregated severity of several symptoms. 
Additional information could be gained with symp
tom networks, since these allow the analysis of the 
treatment effect on specific symptoms and symptom 
associations. Studying treatment effects on the symp
tom level seems promising due to several reasons. 
First, the effects of treatments for mental disorders 
might be symptom-specific, i.e., some symptoms are 
influenced while others are not (Bekhuis et al., 2018), 
and solely focusing on composite-scores or the pres
ence of a diagnosis cannot reveal such symptom-spe
cific effects (Kaiser et al., 2021). Second, large 
variations in symptom expressions have been observed 
for individuals with the same diagnosis, therefore, a 
diagnosis might not be a good description of the 
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experienced problems of the target population (Fried 
& Nesse, 2015). Similarly, it was shown that individu
als with similar symptom severity showed markedly 
different symptom associations (Ebrahimi et al., 2023). 
Fourth, when investigating symptom networks longi
tudinally throughout treatment, changes in symptom 
associations might offer some insights into the work
ing mechanisms of the treatment (Hofmann et al., 
2020). Thus, using symptom networks to evaluate 
mental health interventions could potentially broaden 
the knowledge on treatment effects by focusing on 
individual symptoms and their relations.

Statistical methods were developed to estimate 
symptom networks from empirical data (Bringmann 
et al., 2013; Epskamp & Fried, 2018). Such networks 
consist of nodes indicating observed symptoms and 
edges which show statistical relationships between the 
symptoms (Epskamp, Borsboom, et al., 2018). In the 
last years, network analysis has been frequently 
applied to investigate the symptomatology of specific 
patient groups (Robinaugh et al., 2020). Here, network 
analysis often assesses (a) the strength of edges, i.e., 
how strongly a symptom relates to another symptom, 
(b) the centrality of nodes, i.e., how strongly a symp
tom is associated with all other symptoms, and (c) 
overall connectivity, i.e., how strongly all symptoms 
are, at average, associated with each other. 
Additionally, researchers have started to use network 
analysis to evaluate treatments for mental disorders.

There are various conceptual, methodological and 
statistical options available for applying the network 
approach in intervention research. Therefore, several 
decisions need to be taken by applied researchers 
when evaluating treatment with network analyses. 
First, the study design impacts the extent to which a 
causal treatment effect can be evaluated. With data 
from (randomized) controlled study designs, the 
causal effect of a specific treatment on (1) specific 
symptoms or on (2) symptom associations can be 
evaluated. To investigate the direct and indirect symp
tom-specific effects of a given treatment, it was sug
gested to add a treatment node in network models, 
which indicates the allocation to a treatment group, a 
control group, or an alternative treatment (Blanken 
et al., 2019). Alternatively, when the research question 
concerns the treatment effect on symptom associa
tions, networks can be compared between treatment 
groups.

Second, the quality and quantity of information 
that can be gained highly depend on what (kind of) 
variables are included as nodes in the network 
(Bringmann et al., 2022). Researchers need to decide 

which symptoms to consider and whether variables 
that are not symptoms (such as potential treatment 
effect modifiers) should be included. Possible inter
pretations are also highly impacted by whether 
nodes constitute an absolute or a change score for a 
symptom and if the included variables are measured 
in a reliable and valid way. Using change scores, 
e.g. the change between treatment initiations and 
termination, allows to investigate if treatment 
impacts change in specific symptoms and/or if 
change in one symptom is related to change in 
another symptom. Third, depending on the data at 
hand, cross-sectional or longitudinal networks with 
different underlying statistical models can be con
structed. When only one or a few repeated observa
tions per person are available for a large number of 
persons, cross-sectional networks can be estimated. 
It is often discussed that cross-sectional networks 
mostly display between-person associations, i.e. dif
ferences between individuals, which do not directly 
relate to intra-individual processes (Borsboom et al., 
2021). This is, symptoms can vary between persons 
(between-person associations) and within a person 
(within-person associations), and these are not 
necessarily related to each other (Schuurman, 2023). 
Cross-sectional analyses cannot distinguish within- 
and between-person associations which needs to be 
considered when analyzing cross-sectional data 
(Schuurman, 2023). Cross-sectional networks can be 
estimated using Graphical Gaussian Models (GGMs) 
for continuous variables, Ising models for categor
ical variables, or Mixed Graphical Models (MGMs) 
for mixed variables (Epskamp & Fried, 2018; 
Finnemann et al., 2021; Haslbeck & Waldorp, 2020). 
When several repeated measures are available for 
each person, longitudinal networks can be con
structed. Longitudinal networks indicate temporal 
associations between the included variables, mostly 
if a symptom at one time point is associated with 
itself and/or another symptom at the next time 
point. When repeated measures for several persons 
are available between-person and within-person 
associations can be separated (Epskamp, Waldorp, 
et al., 2018; Schuurman, 2023). This means it can be 
shown how symptoms relate within a person and 
between persons. Longitudinal networks can be esti
mated with a graphical vector autoregressive 
(GVAR) model with repeated observations of one 
individual, with multilevel GVAR models 
(mlGVAR) with repeated observations from many 
persons (Bringmann et al., 2013; Epskamp, 
Waldorp, et al., 2018) and with panelGVAR models 
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with panel data (Epskamp, 2020a). Adaptions of 
these models or completely different models are 
also possible. Finally, there are various ways to 
describe the estimated networks. Different network 
parameters can be calculated describing node cen
trality or the network topology, different compari
sons can be made (e.g., between treatment groups, 
at different time points or between treatment res
ponders and non-responders), and different statis
tical analyses can be conducted.

The potential of network analysis in intervention 
research is likely to depend strongly on such meth
odological and analytic choices. We realize that differ
ent analytic procedures are probably valuable for 
different research questions and contexts. Still, to our 
knowledge, there is no consensus on which methods 
are most suitable for the evaluation of treatment 
effects and there is very little guidance for applied 
researchers for choosing analytic strategies. An over
view of which analytic choices have been previously 
made is also unavailable so far. Therefore, we system
atically reviewed intervention studies that used net
work analysis to evaluate treatments for mental 
disorders. Through this review, we aimed to gain an 
overview of the methodological and analytic decisions 
that previous studies took and discuss the benefits 
and drawbacks of these. This can inform future stud
ies using the network approach and, hopefully, 
increase the value of the network approach in inter
vention research.

Methods

Study search

We searched three bibliographic databases (PsycINFO, 
MEDLINE, and Web of Science) for intervention 
studies that utilized symptom network analyses. The 
title, abstract, keywords, and subject headings were 
searched by combining terms from three categories: 
(1) network analysis as the method of data analysis, 
(2) intervention study as the study design, and (3) 
individuals with mental health problems as the target 
population. The specific search terms can be found in 
the supplemental materials1, Text S1. Additionally, we 
performed forward and backward reference search for 
the included studies and searched Google Scholar with 
the term “network intervention analysis”. Finally, we 
checked the references of reviews on using the net
work approach in the field of mental health and 
psychopathology.

Inclusion criteria

The following inclusion criteria were applied: (1) the 
study conducted a network analysis which investigated 
the relation among psychological symptoms (and pos
sibly other variables), (2) the study analyzed data 
which were collected before, after or during a 
treatment which was directed at psychological prob
lems or mental disorders, (3) the analysis provides 
some information about the effect of the treatment, 
and (4) the study was published in a peer-reviewed 
journal. Network meta-analyses and network analyses 
in which nodes represented people or neural connec
tions were excluded.

Study selection and data extraction

Titles and abstracts were screened with the above out
lined inclusion criteria using the software Rayyan 
(Ouzzani et al., 2016); 20% of the titles and abstracts 
were double-screened by two independent raters. The 
full-texts of all studies that were found eligible in the 
first step were examined by two independent raters 
regarding the final decision to include the study in the 
review. Interrater agreement was quantified by calculat
ing Cohen’s j. Disagreement between raters was 
resolved by discussion. Information on the sample 
characteristics, the intervention(s), the research design, 
the estimated networks, the statistical analysis, and the 
use of open science practices was extracted for all 
included studies. All variables are displayed in the sup
plemental materials, Table S1. Two independent raters 
extracted information on the main variables describing 
the network estimation and further statistical analyses. 
Disagreement was resolved by discussion.

This review was preregistered on the open science 
framework (https://osf.io/8txcy). The preregistered inclu
sion criteria were slightly adjusted, our rationale for this 
can be found in the supplemental materials, Table S2. 
Study materials and data (exact search terms, inclusion 
criteria, list of excluded studies, extracted data) are pub
licly available in the online supplemental material 
(https://osf.io/n4xp5/). This study is reported according 
to the extension of the Preferred Reporting Items for 
Systematic reviews and Meta-Analyses for scoping 
reviews (PRISMA-ScR, Tricco et al., 2018).

Results

Search results

The bibliographic database search in December 2021 
yielded 4519 records, of which 4298 remained after 1All supplemental materials can be found here: https://osf.io/n4xp5
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deduplication. After title and abstract screening, the 
full-texts of 39 studies were screened, and 34 studies 
met all inclusion criteria. Interrater-reliability was 
j¼ 0.89 and j¼ 0.86 for the abstract screening and the 
full-text screening, respectively. The additional search 
(forward/backward reference search, Google scholar 
search, and search in network reviews) in April 2022 
yielded the inclusion of additional 22 studies, leading to 
a total of 56 included studies. Of note, we considered 
such a high turn-out of the additional search due to the 
diverse network terminology and the substantial 
amount of ongoing studies. A detailed overview of the 
study selection procedure is displayed in Figure 1. A list 
of all included studies and an overview of all excluded 
studies can be found in the supplemental materials Text 
S2, and Table S3, respectively.

Study characteristics

Most studies were conducted in Europe (n¼ 24, 
42.9%) or Northern America (n¼ 16, 28.6%) between 
2015 and 2022, with the majority of studies being 
published between 2020 and 2022 (n¼ 33, 58.9%). 
Across all studies, the average age of the participants 
had a median of 41.4 years and the proportion of 
females had a median of 65.7%. The most often inves
tigated patient group were persons with depressive 
symptoms or a diagnosis of a depressive disorder 
(n¼ 29, 51.8%). About a third of the included studies 
evaluated some form of cognitive behavioral therapy, 
and 21.4% evaluated antidepressants. The interven
tions had a mean length of 13.1 wk, ranging between 
2 and 52 wk. About half of the studies classified as 
randomized controlled trials (RCTs, n¼ 29, 51.8%) 
and one study conducted an individual patient-data 
meta-analysis of RCTs. The other half of the studies 
was observational (n¼ 26, 46.4%)2. More than three- 
quarters of all included studies (n¼ 44) reported a 
secondary analysis of previously collected data. Study 
characteristics of all studies are displayed in Table S1 
in the supplemental material.

Methodological and analytical decision points

Using network analysis to evaluate treatments for men
tal disorders entails various methodological and analytic 
decisions. In the following section, the identified studies 
are reviewed with regard to these decision points. The 
reviewed decision points roughly follow the general 

workflow used in network approaches to multivariate 
psychological data (Borsboom et al., 2021). As a vast 
majority of included studies reported a secondary data 
analysis of existing data, data collection is not separately 
reviewed. Instead the network structure estimation is 
reviewed for different types of underlying data. Of note, 
this overview provides an uncommented summary of 
the methodological and analytical decisions of previous 
studies. Recommendations regarding each of the deci
sions can be found in the discussion section.

Research question: the investigation of causal treat
ment effects
To investigate the causal effect of specific treatments, 
a (preferably randomized) controlled study design is 
necessary. In the current review, 30 studies (30/56) 
used data from a randomized controlled trial. Of these 
30 studies, twelve included a treatment node in the 
network, often termed network intervention analysis 
(NIA) and allowing the investigation of symptom- 
specific treatment effects. Several studies estimated 
cross-sectional networks including a treatment node at 
different time points during the treatment (n¼ 7/12). 
Alternatively, NIA was conducted with changes scores 
that indicate change from the initiation to the termin
ation of treatment (n¼ 5/12). Such networks can 
show if the treatment was associated with changes in 
the severity of specific symptoms. Most of the remain
ing analyses of RCTs that did not include a treatment 
node compared symptom networks between treatment 
groups (n¼ 11/18). The remaining seven of these 18 
studies combined data from both treatment groups. 
More specifically, four studies investigated cross-sec
tional networks at different time points before, during, 
and after the treatment or cross-sectional networks of 
different response groups. One study estimated a lon
gitudinal network to assess temporal symptom associ
ations during treatment with combined data from 
both groups. Finally, two of the seven studies with 
combined data estimated symptom networks at base
line and evaluated if the network topology related to 
treatment outcomes.

Network structure estimation
Node selection and measurement. Across all studies, 
the median number of analyzed nodes was twelve, 
ranging between five and 47 nodes. While most of the 
studies (n¼ 46/56) included only symptoms in the 
networks, few studies also included additional varia
bles such as schema beliefs, self-efficacy, or quality of 
life. More than two thirds of the studies (n¼ 43/56) 
did not report how they selected the nodes in the 

2Data from five of these observational studies were originally from an 
RCT. However, data from just one treatment group was used in the 
reported analyses. Thus, we classified these studies as observational.
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networks. The remaining studies based their node 
selection on previous analyses (n¼ 6/56), on symp
toms specified in diagnostic systems (n¼ 3/56), data 
availability (n¼ 2/56) and theoretical considerations 
(n¼ 2/56). The included variables were assessed by sin
gle items, mostly taken from symptom severity scales, 
in the majority of studies (n¼ 40/56), six studies (6/56) 
used composite scores, and ten studies (10/56) both. 
Nine out of the 56 studies calculated change scores, 

mostly between before and after treatment, and entered 
these as nodes in the network.

Data structure and the selection of statistical net
work models. The number of repeated measures per 
person that were used for the network analysis ranged 
from 1 to 120. Nearly half of the studies (n¼ 25/56) 
used one or two measurement points per person for 
their network analyses. Six studies estimated cross- 

Figure 1. Flow chart for study selection.
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sectional networks based on one data point before 
treatment and compared the networks of responders 
and non-responders or investigated if central symp
toms at baseline could predict treatment outcome. All 
19 studies that analyzed two measurement points esti
mated cross-sectional networks. Seven of these 19 
studies calculated a change score between before and 
after treatment and entered these as nodes in the net
work analyses. Such networks allow investigating how 
changes in the severity of one symptom relate to 
changes in another symptom. The remaining twelve 
of the 19 studies compared networks before and after 
treatment and between responders and non-respond
ers. The sample size for each of these cross-sectional 
network analyses ranged between 45 and 5614 with a 
median of 316.

Thirty studies (30/56) used data from more than 
two measurement points per person3. Half of these 
studies estimated cross-sectional networks (n¼ 15/30) 
at different time points and compared symptom net
works across time before, during, and after treatment. 
The sample sizes for these cross-sectional networks 
ranged between 74 and 2862 with a median of 198 
and they investigated between 3 and 14 different time 
points.

Longitudinal networks which indicate temporal asso
ciations between symptoms were modeled by 16 stud
ies4. Different longitudinal network models were used 
when more than two measurement points per person 
were available. Most of the studies (n¼ 12/16) investi
gated longitudinal symptom networks with an 
mlGVAR model, which allows the estimation of time- 
lagged symptom associations. To handle a possible 
increase or decrease in the mean level of symptom 
severity in the investigated timeframe, i.e. a trend, five 
of these 12 studies detrended the data before analysis, 
four studies (4/12) included time as a predictor in the 
model, and one study (1/12) tested for a trend in the 
data. One study (1/12) added an interaction between 
time and the lagged symptoms to investigate if symp
tom associations change over time. Three quarters of 
the studies using mlGVAR models (n¼ 9/12), person- 
mean centered the data before estimating the models to 
disentangle within-person and between-person associa
tions. A mlGVAR model allows the construction of 
three networks which show (1) temporal associations, 
(2) contemporaneous associations and (3) between-per
son associations (Borsboom et al., 2021; Epskamp, 

Waldorp, et al., 2018). Seven out of the twelve studies 
only reported the temporal network, four studies 
reported all three networks and one study reported the 
temporal and the contemporaneous network. While 
only half of these studies reported whether random 
intercepts and/or random slopes were included in the 
model (n¼ 6/12), all but one study investigated only 
the group-level fixed effects of these multilevel models. 
This means that average within-person symptom asso
ciations were evaluated. The studies using mlGVAR 
models analyzed data from a median of 20 repeated 
measures, ranging between four to 120 repeated obser
vations. With sample sizes ranging between 5 and 1210 
with a median of 44, the networks were based on a 
median number of data points of 438.5. One study used 
a panelGVAR model based on 3 repeated observations 
of 100 patients.

Five studies estimated person-specific longitudinal 
networks, i.e., modeled the network structure individu
ally for each included patient. More specifically, two 
studies used dynamic time warp distance matrices to 
estimate person-specific longitudinal symptom net
works based on 6 and 7 data points of 255 and 133 per
sons. One study estimated a VAR model for one patient 
based on 26 repeated observations. A unified structural 
equation model was estimated using 56 repeated obser
vations for each participant in one study with a sample 
size of 1210 persons. Finally, one study estimated an 
mlGVAR model including only random effects to esti
mate patient level network parameters based on 13 
repeated measures from 621 patients.

Network description
Forty-eight studies (48/56) calculated parameters to 
describe the role of each node, i.e. centrality indices, 
or the networks topology more globally. The three 
most common centrality indices were node strength/ 
degree (n¼ 34/48), node closeness (n¼ 21/48), and 
node betweenness (n¼ 19/48). The overall connected
ness was evaluated by 22 of the 48 studies and five 
studies investigated clusters in the network. A list of 
all network parameters can be found in the supple
mental material, Table S4. Of all 36 studies comparing 
cross-sectional networks, 13 studies used the Network 
Comparison Test (van Borkulo et al., 2022). Three 
studies used permutation tests to statistically assess 
differences between longitudinal networks. Four stud
ies used the Kolmogorow–Smirnov test, repeated 
measure ANOVA, t-test, or Wilcoson signed rank test 
to compare network parameters. Finally, five studies 
used the network parameters to predict some form of 
treatment outcome.

3One study did not report how many repeated measurement points were 
used.
4One study estimated a cross-sectional network and a longitudinal 
network.
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Network stability analyses
Of all 40 cross-sectional network analyses, 23 reported 
conducting nonparametric bootstrap to estimate the 
stability of the edge weights. Of the 16 longitudinal 
network analyses, only one study reported that they 
compared their dataset to a previous simulation study 
to gauge the robustness of their analyses. Of the stud
ies reporting network parameters, 17/48 performed a 
case-dropping bootstrap to evaluate the stability of 
these parameters. Twenty studies (20/56) indicated 
that there was no missing data or excluded partici
pants with missing data. In four studies (4/56), imput
ation methods were used to handle missing data.

Software
Studies on cross-sectional networks reported to use 
the packages qgraph (Epskamp et al., 2012) 21 times, 
mgm (Haslbeck & Waldorp, 2020) eleven times, and 
psychonetrics (Epskamp, 2020b) twice in R (R Core 
Team, 2013) as well as the NetworkX package 
(Hagberg et al., 2008) in Python (Van Rossum & 
Drake, 2009) two times. For the analysis of longitu
dinal networks, the packages mlVAR (Epskamp et al., 
2023) was reported five times, qgraph (Epskamp et al., 
2012) seven times, dtw (Giorgino, 2009), pheatmap 
(Kolde, 2019), parallelDist (Eckert, 2022), nmle 
(Pinheiro et al., 2022), and pompom (Yang et al., 
2021) in R each one time, as well as the command 
mixed in Stata (StataCorp., 2023) twice.

Reporting and open science practices

Information about several important analysis charac
teristics was not reported for a considerable number 
of studies (see supplemental material Table S5). 41 
out of the 56 studies (73.2%) did not report how 
nodes were selected, 28 studies (50%) did not report 
handling of missing data, 10 studies (17.9%) did not 
specify which software package was used, and seven 
studies (12.5%) did not report the model that was 
estimated. Software code to reproduce the analysis 
was available for 11 studies (19.6%). Only one study 
shared their data, and three studies (5.4%) published 
correlation matrices to enable the reproduction of the 
networks. None of the network analyses were prereg
istered. The original trial that the data were taken 
from was registered in nine cases (16%).

Discussion

We conducted this systematic review to gain an over
view on how network analysis has been applied to 

evaluate treatments for mental disorders and to assess 
which methodological and analytic decisions were 
taken in previous studies. The application of network 
analysis in intervention research has spurred in the 
last years, with the majority of studies being published 
since 2020. Most studies included patients with 
depressive symptoms and investigated the effect of 
CBT or antidepressants. In the following, we are 
reflecting on the previously reviewed methodological 
and analytical decision points, discuss important 
issues for each specific point, and give initial recom
mendations for these decisions.

Research question: the investigation of causal treat
ment effects
To investigate the causal effect of a specific treatment, 
a (randomized) controlled study design is needed. 
When this is given, researchers need to decide if treat
ment effects on specific symptoms, on symptom asso
ciations or on both should be evaluated. About half of 
all included studies used data from an RCT. Of these 
studies, 40% investigated symptom-specific treatment 
effects and 36.6% compared networks between treat
ment groups. To assess treatment effects on specific 
symptoms, NIA, in which a treatment node is added 
to the network (Blanken et al., 2019) seems to be a 
promising tool. NIA allows the investigation of direct 
and indirect symptom-specific effects of the treatment. 
Especially when only data at baseline and after treat
ment are available, additional information can be 
gained when NIA is conducted with change scores. 
These change score networks incorporate the informa
tion from two time points and indicate if the treat
ment is related to change in specific symptoms. Still, 
NIA for specific time points or with change scores 
does not disentangle within- from between-person 
associations. While this separation is possible with 
longitudinal analyses, NIA can often not be conducted 
using longitudinal models as the treatment does not 
vary over time for each person in most investigated 
RCTs. In the future, time-series designs with a large 
number of repeated measurements of multiple persons 
and within-person randomization to different treat
ments could allow NIA with longitudinal models and 
shed some light on within-person treatment effects on 
specific symptoms.

Second, if researchers are interested in the treat
ment effect on symptom interactions, symptom net
works should be compared between treatment groups. 
In the set of studies included in this review, this was 
mostly done by estimating symptom networks separ
ately for each treatment group. Here, networks should 
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be compared statistically and not only visually, for 
example with the network comparison test (van 
Borkulo et al., 2022). A few reviewed studies com
bined data from both treatment groups for the net
work analyses. When it is assumed that different 
treatments change symptoms and their associations 
differently, network estimation with data combined 
from both treatment groups seems questionable. The 
treatment effect on symptom associations could also 
be modeled directly as done by Schumacher et al. 
(2023). With adequate parametrization, this allows a 
direct estimation of the size of the treatment effect.

Network structure estimation
Node selection and measurement. Most reviewed 
networks included only symptoms as nodes, which 
were often assessed by single items. Further, we found 
that just a small number of studies described how the 
variables that were included in the networks were 
selected. However, as most networks display condi
tional dependencies and the resulting network struc
ture depends on which variables are included, node 
selection should be carefully considered (Bringmann 
et al., 2022). Not including influential (possibly con
founding) variables could lead to spurious symptom 
associations and misleading interpretation. This 
emphasizes the need to develop general standards for 
symptoms inclusion in the field. Theoretical specifica
tions need to be made regarding treatment effects on 
symptom and their associations, as these could also 
guide node selection. Until then, individual research
ers should thoroughly consider which variables to 
include in the network and try to find clear criteria 
for the inclusion of variables for their specific study. 
This could, for example, be guided by symptoms 
included in the current classification systems like 
DSM 5 and ICD 11. At the same time, it should be 
noted that DSM criterion symptoms do not seem to 
be more central than other symptoms in depression 
(Fried et al., 2016).

In addition to symptoms, it might be beneficial to 
also include hypothesized treatment processes as vari
ables in the network in order to improve understand
ing of the treatments’ working mechanisms (Hofmann 
et al., 2020). Johnson and Hoffart (2018) investigated, 
for example, the associations between symptoms and 
(meta-)cognitions for patients receiving metacognitive 
therapy or cognitive behavioral therapy. Including 
potentially relevant variables in the network next to 
symptoms takes advantage of the fact that networks 
can display associations between multiple potentially 
influential variables and therefore, might enrich the 

knowledge that can be gained about treatment effects 
from network analysis. However, broadening the 
scope of the modeled phenomenon beyond symptoms 
will also inevitably put more stress on the need for 
theoretical justification, highlighting an urgent need 
for the further development of the theory behind the 
network approach to psychopathology. Further, the 
integration of latent variables in network models 
(Epskamp, 2020a) might help to also consider broader 
constructs, which are difficult to measure with indi
vidual items.

This review also showed that symptoms were most 
commonly measured with a single item, which con
trasts to established measurement practices (Allen 
et al., 2022). A reliable measurement of included vari
ables is a pre-requisite to a reliable network analysis 
(Bringmann et al., 2022), therefore, future studies 
need to assess the validity of this approach (Allen 
et al., 2022). Fortunately, this topic seems to gain con
tinuously increasing attention (Dejonckheere et al., 
2022).

Data structure and the selection of statistical net
work models. About half of all reviewed studies ana
lyzed one or two measurement points per person and 
estimated cross-sectional networks, often before, and 
after treatment or in responder and non-responder 
groups. Cross-sectional networks at different time 
points during treatment were also estimated in 15 
studies with more than two observation points per 
persons. Such networks can show how symptom asso
ciations change throughout the course of treatment or 
may vary after two different kinds of treatments. 
However, as cross-sectional analyses do not disentan
gle within-person from between-person effects 
(Schuurman, 2023), it seems questionable how cross- 
sectional network analyses relate to within-person 
treatment effects (Bos et al., 2017). When only a lim
ited number of data points are available for each per
son, it seems beneficial to estimate networks with 
change scores, as these incorporate within-person 
change at least to some extent. It has been argued that 
for relating treatment effects to the individual person, 
within-person instead of between-person treatment 
effects need to be assessed (Epskamp et al., 2018; 
Molenaar, 2004; Schuurman, 2023). Therefore, it 
needs to be considered to what extend results from 
between-person networks can generalize to treatment 
effects for the individual patient. This should be care
fully reflected when interpreting cross-sectional symp
tom networks.
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Nearly a third of all reviewed studies investigated 
longitudinal networks, which mostly show temporal 
associations between symptoms. Here, an mlGVAR 
model was most often used with a median of 20 
repeated measurements. Using longitudinal networks 
to evaluate treatment effects has the benefit that 
between- and within-person processes can be investi
gated (Epskamp et al., 2018). While several studies 
only reported the temporal networks showing within- 
person associations, more information could be gained 
if between-person, contemporaneous and temporal 
networks would be reported. One major obstacle for 
longitudinal network models is that the popular VAR 
model, including panelGVAR and mlGVAR, assumes 
that symptom relations stay the same over time, i.e., 
are stationary (Bringmann et al., 2013; Epskamp, 
2020a). When analyzing data which were collected 
during treatment, this assumption is likely to be vio
lated. As seen in this review and a previous review of 
longitudinal networks (Blanchard et al., 2023), most 
studies handle the violation of stationarity by detrend
ing the data or by including a trend in the model. 
However, as symptoms are hypothesized to change 
through treatments, their relations are also likely to 
change. Similarly, network theory proposes that treat
ment changes the symptom associations (Borsboom, 
2017). Thus, by ignoring the change in symptom asso
ciations over time, we run the risk of missing a sub
stantial part of the treatment effect. New methods to 
estimate time-varying VAR-models (Haslbeck et al., 
2021; Schumacher et al., 2023) or dynamic time warp 
analysis (Booij et al., 2021; Hebbrecht et al., 2020) do 
not assume stationarity in symptom relations and, 
thus, have a large potential for using longitudinal net
works in intervention research. Similarly, estimating 
longitudinal networks for a time period before and a 
time period after treatment as done by Kreiter et al. 
(2021) and Snippe et al. (2017) seems promising, as 
here the assumption of stationary symptom associa
tions is more likely to be true. When using multilevel 
data, i.e., repeated measures from more than one per
son, person-mean centering the data before the ana
lysis can be used to disentangle within-person 
associations from between-person associations. This is, 
for example, automatically done when using the 
mlVAR software (Epskamp et al., 2023). All but five 
studies assessed symptom associations on the group 
level, i.e., showed either between-person or averaged 
within-person symptom associations or a mix of both. 
This means that current network analyses in interven
tion research provided very little information on indi
vidual differences.

To assess changes in symptom associations, a 
time-variant longitudinal network model taking 
individual differences into account could be esti
mated for each treatment group from data provided 
by frequently repeated measurements in a random
ized controlled trial (Schumacher et al., 2023). 
Then, within-person symptom associations and 
their change in response to treatment could be 
investigated and compared between treatment 
groups. Similarly, longitudinal symptom networks 
including a treatment node based on data from 
individuals receiving different treatment sequen
tially, e.g. in a cross-over trial, could show within- 
person symptom-specific treatment effects.

One frequently asked question relates to sample 
sizes needed to estimate longitudinal symptom net
works. For a panelGVAR model that allows the 
investigation of averaged but not individual within- 
person symptom associations, estimations can be 
conducted with at least three repeated measures 
(Epskamp, 2020a). This model already allows sepa
rating within- from between-person associations. 
Using mlGVAR models, variations of each individ
ual from the group-averaged within-person effects 
can also be estimated. However, here, more repeated 
measurements are needed. Our review showed that 
mlGVAR models were estimated by a median of 20 
repeated observations per person in previous studies. 
However, the reviewed studies mostly focussed on 
the fixed effect, i.e., the group-averaged symptom 
associations. Therefore, it still seems unclear how 
many repeated measures need to be collected to reli
ably estimate person-specific variation of the group- 
level symptom associations. Here, recommendations 
from for general multilevel models (Bolin et al., 
2019; Maas & Hox, 2005) might be applicable. To 
reliably estimate person-specific symptom networks 
based on data from one person, several hundred 
repeated measures are needed (Mansueto et al., 
2022). Here, using prior knowledge and Bayesian 
estimation could be a promising path forward 
(Burger, Ralph-Nearman, et al., 2022). In general, 
Bayesian estimation might provide a more robust 
way to estimate networks with small sample sizes 
often encountered in intervention research, as 
uncertainty can be quantified (Huth et al., 2022; 
Schumacher et al., 2023). Additionally, advance
ments in the theoretical foundations of network 
analyses in intervention research might allow a focus 
on the most important variables. This would limit 
the number of analyzed nodes and therefore, enable 
estimations also with smaller sample sizes.
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Network description
There are many possible parameters to describe the 
networks and the reviewed studies varied widely in 
how they described the network structure. When 
applying network parameters like centrality or density, 
researchers should be aware that the validity and clin
ical meaning of these parameters are still unclear and, 
therefore, need to be used with caution. Further, the 
evaluation of treatment effects often included compar
isons between networks. Here, it is important that 
networks are compared not only visually but also stat
istically, for example using the network comparison 
test or permutation analyses (van Borkulo et al., 
2022). This is also important for comparing symptom 
networks between individuals, as differences can be 
easily over interpreted (Hoekstra et al., 2023).

Network stability analysis
Network stability was only assessed in half of the reviewed 
studies and power was mostly discussed post-hoc as a pos
sible limitation. The power and robustness of psychopath
ology networks is a debated topic and (initial) 
recommendations depend on the model type, number of 
nodes, and expected effect sizes (Bringmann et al., 2022; 
Lafit et al., 2021). For cross-sectional networks, the stabil
ity of edges and network parameter should be assessed 
with bootstrapping methods to gauge the robustness of 
the network (Epskamp, Borsboom, et al., 2018). For longi
tudinal networks, robustness has been only evaluated with 
cross-validation (Bringmann et al., 2022). It is highly 
important that individual studies conduct robustness anal
yses of the estimated networks. Here, Bayesian approaches 
to network analysis could be promising as these can quan
tify the certainty of specific network structures and pro
vide credibility intervals for all network parameters (Huth 
et al., 2022; Schumacher et al., 2023).

Reporting and open science practices

As network analysis (in intervention research) is rather 
new, no reporting standards have been established yet. 
When it is unclear what to report, the use of open sci
ence practices becomes also more difficult. In this 
review, information on the investigated interventions 
and the analysis was missing for a considerable number 
of studies. Burger, Isvoranu, et al. (2022) recently pro
posed reporting standards, which hopefully will lead to 
more consistent reporting of network analyses. Further, 
no study preregistered their analysis and only a few 
shared their code and data, making it more difficult to 
reproduce the analyses. While many studies were 
exploratory, it still seems recommendable to preregister 

a priori analytic decisions to limit the impact of (post- 
hoc) analytic decisions. We realize that within clinical 
contexts, data is often more sensitive and difficult to 
share while protecting patients’ anonymity. Still, espe
cially when the code is openly available, the analyses 
are more easily reproducible and researchers can learn 
from each other. Precise reporting and good reproduci
bility are especially important under light of the very 
large researcher degrees of freedom of network analysis 
in intervention research.

Limitations of the current review

Not all studies that were included in the review aimed to 
evaluate a treatment with the network approach, possibly 
inflating the variability of the methods found. These stud
ies were still included because they analyzed data that 
were collected within the realm of treatment and con
ducted some analyses that allowed some inference in 
regards to the treatment effect. Additionally, this review 
included all kinds of interventions that were directed at 
mental health problems. Different network methods 
might be more suitable for different kind of interventions, 
and this could not be assessed in this study. We took this 
broad approach because we wanted to provide a compre
hensive overview of network analyses that were used in 
mental health intervention research.

Overall evaluation of the current methodological 
state and outlook

This review showed that the previously used methodo
logical and statistical practices have several limitations. 
In the identified studies, the importance of variable 
selection, variable measurement, and the assessment 
of the robustness of the analyses have not been com
prehensively addressed so far. Given that the median 
sample size across all cross-sectional analyses was 
rather low, the number of repeated measures for lon
gitudinal analyses also largely varied and the stability 
of the estimations were not regularly investigated, the 
degree of replicability of current symptom networks 
in intervention research is largely unknown. In gen
eral, the reliability and replicability of symptom net
works are strongly debated topics (Neal et al., 2022). 
Thus, it is not yet clear if the findings of the individ
ual studies can be expected to replicate. Similarly, the 
clinical validity of the network theory has hardly been 
explicitly tested. So far, there is limited evidence for 
the clinical importance of central symptoms 
(Rodebaugh et al., 2018; Spiller et al., 2020) and evi
dence for the claims of the network theory in regards 

672 L. SCHUMACHER ET AL.



to treatment effects is only emerging (Schumacher 
et al., 2023). Since these aspects are indispensable to 
gain valuable knowledge from network analysis, the 
field needs to move forward addressing these issues.

Even more importantly, it became apparent that cur
rently available and used statistical network models can 
only indirectly and to a limited extend provide the 
information that was hoped to be gained through the 
network approach. This is, it was suggested that net
work analyses can inform on symptom-specific treat
ment effects (Blanken et al., 2019), provide information 
on how (causal) symptom associations change through 
treatment and, thereby offer insights into the working 
mechanisms of investigated treatments (Hofmann 
et al., 2020). As cross-sectional networks, which were 
most often used, display (partial) correlations, no causal 
interactions between symptoms can be inferred. 
Therefore, inference about possible working mecha
nisms seems difficult from these analyses. Longitudinal 
network models, in contrast to cross-sectional network 
models, can separate within from between-person asso
ciations and can indicate temporal associations. 
Therefore, inference about within-person effects and 
possible causal mechanisms might be more appropriate 
here but is still far from being unproblematic 
(Epskamp, van Borkulo, et al., 2018). Furthermore, as 
most longitudinal models assume stationarity, i.e., no 
change in symptom associations, no change due to 
treatment could be directly investigated. It should be 
noted that network theory suggests that individuals dif
fer in their symptom networks (Borsboom and Cramer, 
2013; Borsboom, 2017). As the majority of studies 
investigated group-level symptom networks, individual 
differences for treatment effects on symptom networks 
are also largely unknown. In sum, current methodo
logical and statistical practices provide limited informa
tion on the causal, dynamic (i.e., changing) and 
possibly person-specific interactions among symptoms 
and how these are influenced by treatment.

Additionally, as a reviewer of the present manu
script pointed out, a considerable discrepancy or even 
a paradox exists between the current state of theory 
and the existing methods of network science for men
tal health. On the one hand, effects and working 
mechanisms of existing psychological (and to some 
extent also pharmacological and somatic) treatments 
are difficult to differentiate and threaten to merge 
into rather unspecific conceptual conjectures, a phe
nomenon frequently termed as “Dodo effect” or 
“Dodo Bird Verdict” (Cuijpers et al., 2019; Wampold 
et al., 1997). On the other hand, the network science 
methods model detailed relationships of a large 

number of psychological variables, being very specific 
with regard to their content. As a result of this con
flict, some call for more strongly formalized (i.e., spe
cific) theories (Haslbeck et al., 2019) while empirical 
researchers try to adjust their findings on the rather 
vague theory by focusing on global rather than spe
cific network parameters (e.g., node-wise centrality or 
network connectivity instead of individual symptom 
associations). Although some research on the effects 
of mental health treatments on symptom networks 
exists that brings theory and observations explicitly 
together (Schumacher et al., 2023), considerable theor
etical, methodological, and empirical efforts will be 
needed to close this gap.

We think that in such a new, emerging field, it can 
be expected that the originally used methodological 
practices need to be continuously developed. There 
are ongoing methodological developments, e.g., 
Bayesian approaches (Burger, Ralph-Nearman, et al., 
2022; Huth et al., 2022), time-varying approaches 
(Haslbeck et al., 2021; Schumacher et al., 2023), and 
new estimation approaches like Group Iterative 
Multiple Model Estimation (Sanford et al., 2022), 
which are likely to advance the field further. Similarly, 
further development of the network theory of psycho
pathology could improve this line of research, as more 
clearly specified network-theoretical claims can be 
more easily tested. In our opinion, further methodo
logical and statistical developments would be highly 
valuable, as the network approach to psychopathology 
offers a new perspective on the treatment of mental 
disorders and has the potential provide new insights 
about treatments and their effects. Network analyses 
allow the exploration of associations among various 
specific symptoms, the display of a complex picture of 
a multitude of variables, and an assessment of symp
tom-specific treatment effects. These kind of analyses 
are likely to provide more detailed information than 
analyses focussing on the composite score of various 
different symptoms or the presence of a diagnosis. 
With methodological advances, network analysis can 
be a tool for the investigation of treatment processes 
and personalization of treatments (Burger, Ralph- 
Nearman, et al., 2022), both increasingly important 
topics in intervention research.

We are aware that much progress is being made 
currently, and several newer approaches already 
address some of the mentioned weaknesses. We hope 
that the current review can offer initial guidance for 
applied researchers with regard to available methods 
and issues that deserve particular attention. Future 
studies need to address the scope of applicability of 
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different methodological and analytic options. With a 
better understanding of which options are suitable for 
which questions, network analyses in intervention 
research can hopefully help us learn more about treat
ment effects on symptom networks and with this 
improve our understanding of treatments for mental 
health problems.
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