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Abstract

Network analysis was widely used to identify core symptoms, with the aim
of providing targets for intervention. Whether targeted treatment based on
core symptoms identified by network analysis is superior to the non-targeted
treatment remains unknown. We utilize simulation to contrast their effects
on the symptom network of mental health. In the simulation, intentional and
random attacks represent targeted and non-targeted treatments, respectively.
The simulation test was conducted by attacking the symptom network using
both random attacks and intentional attacks targeting central nodes, as
defined by centrality measures. The results showed that the natural
connectivity of the network degraded faster in intentional attacks than in
random ones. Additionally, abnormal individuals have higher natural
connectivity values than normal individuals. The findings indicated that
compare to non-targeted treatment methods, centrality based targeted
treatment focusing on core symptoms disrupted the connections between
symptoms more quickly, generating better treatment effects.

Keywords: invulnerability simulation, mental health, network analysis,
symptom network, targeted treatment.

* Correspondence concerning this article should be addressed to Dr. Weixia Zhang, Department of
Physical Education, Northwestern Polytechnical University, 127 W. Youyi Road, Xi’an, 710072,
China.

Tel: 0086-29-88493539; Fax: 0086-29-88493539
Email: zhangweixia@nwpu.edu.cn

Comparison Between Different Treatments 29



Articles Section

Adolescence, a pivotal phase in human development, encompasses profound
and rapid cognitive and emotional growth. Adolescent mental health is in a state of
crisis, with a high prevalence of mental disorders such as depression (Noyes et al.,
2022), anxiety (Lofthouse et al., 2023), and bipolar disorder (Ortiz-Orendain et al.,
2023). The diverse mental disorders frequently co-occur. Among individuals
diagnosed with depression, 67% currently also had an anxiety disorder, and 75% had
a lifetime history of comorbid anxiety disorder. Among those with a current anxiety
disorder, 63% also had a current depressive disorder, and 81% had experienced a
depressive disorder at some point in their lives (Lamers et al., 2011). These disorders
not only interact with each other (Mustata, 2021) but are also influenced by various
factors, forming a complex psychological system. The intricate nature of this system,
with its multifaceted dimensions, poses significant challenges to the conventional
reductionist approaches traditionally employed in the study of psychological well-
being (Blanchard & Heeren, 2020).

Network analysis has emerged as a promising method for investigating
complex psychological systems and has been widely utilized in the field of
psychiatry. In network analysis, symptoms are conceptualized as nodes, and the
connections between these nodes serve as edges. By calculating the topographical
characteristics of these intricately connected networks, researchers have gained
profound insights into the structural composition and pathological mechanisms of
mental disorders (Bringmann et al., 2013; Van Borkulo et al., 2015). Specifically,
psychological states can be evaluated through network connectivity. Connectivity
indicates the degree of association among different psychological symptoms, higher
connectivity implies a stronger correlation between symptoms. One study revealed
higher connectivity within the psychological networks of patients suffering from
persistent major depression at baseline compared to those in remission (Van Borkulo
et al., 2015). Changes in network connectivity have a stable relationship with
individual states. Symptom networks with higher connectivity exhibit a sharper
transition from a normal state to a depressive one (Cramer et al., 2016; Fried et al.,
2017). Additionally, increased connectivity among emotions indicates a transition
from a normal state to major depression (Van De Leemput et al., 2014).

In addition to connectivity, network centrality is also extensively utilized,
particularly in identifying core symptoms. By calculating network centrality, self-
hatred and loneliness have been identified as core symptoms of adolescent
depression (Mullarkey et al., 2019). Centrality is a prevalently used parameter in
psychiatric studies, valued for its utility in targeted treatment in clinical settings.
Centrality helps researchers and clinicians focus on the most important nodes within
network, thereby enhancing the effectiveness of intervention strategies (Bringmann
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et al., 2019; Sobanski et al., 2023). Despite its extensive use in psychological
networks, the validity of centrality has been challenged. Researchers question the
applicability of central nodes, as the effectiveness of utilizing network core
symptoms to guide treatment remains inconclusive (Contreras et al., 2019).
Conflicting conclusions regarding network centrality have emerged from similar
datasets (Bringmann et al., 2016), and there are variations in the identification of
core nodes (Borsboom et al., 2017; Forbes et al., 2017). Therefore, there is an urgent
need for evidence comparing the effectiveness of network-based targeted treatment
with non-targeted treatment.

The most direct evidence may be obtained by comparing the effects of
different interventions. Considering the time and other resources invested in
interventions, simulation offers an alternative approach. Simulation, which involves
using models—whether physical or mathematical—to replicate experiments and
research instead of using actual systems, is a well-established practice in fields such
as energy (Chen et al., 2023) and medicine (Rudolph et al., 2021). In the domain of
psychological network research, this method has been employed to explore
transitions between depressive states (Cramer et al., 2016). Simulation-based
research offers effective methodologies for exploring psychological networks and
facilitates a thorough analysis of the interactions between network structure and
psychological well-being.

To determine the relative efficacy of network-based targeted treatment
versus non-targeted treatment, this study constructed symptom-based networks and
compared their connectivity under different treatment conditions using simulations.
Treatment of psychological networks can be likened to attacks on a simulated
system. In the network analysis, attack refers to a perturbation to the system,
achieved by removing nodes or edges from the network. The impact of an attack on
a network can be either positive or negative. For instance, in urban networks, the
removal of transportation hubs may cause the urban system to fail, whereas in a large
criminal organization network, the entire network can collapse by arresting key
individuals (Holme et al., 2002). In this study, consistent with the aforementioned
explanation, an attack on psychological networks involved removing a node, which
represents the elimination of all connections among a symptom and other symptoms
through treatment. Consequently, the connectivity of the psychological network
would decrease, which is beneficial for treating mental disorders. Given that
psychological networks are susceptible to external influences or attacks (Hallquist et
al., 2021; Hayes et al., 2015), we utilized two types of attacks to represent the
different treatments. Intentional attacks, which involved the removal of the most
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important nodes we chose, represented targeted treatment. Correspondingly, random
attacks represented non-targeted treatment. The treatment effect was evaluated by
calculating network connectivity following node attacks. The network
invulnerability test, originally developed in computer science and network analysis,
has proven useful in examining the vulnerability and resilience of structures such as
the internet and social networks (Albert et al., 2000). This study utilized the network
invulnerability test to measure the network’s connectivity under various attacks.

Method

Participants and Measurement

The data were obtained from the National Population Health Sciences Data
Center with permission. A total of 9,072 participants were included in this study, all
of whom underwent the Symptom Checklist 90 (SCL-90) assessment. All data was
collected voluntarily, anonymously and confidentially. The data collection has been
approved by the Ethics Committee of Shandong University (20180517) as stated
(Dong et al., 2020). The SCL-90 is a widely utilized psychological assessment tool
designed to measure a broad range of psychological symptoms. The SCL-90 consists
of 90 items that assess ten primary symptom dimensions, including somatization,
obsessive-compulsive behavior, interpersonal sensitivity, depression, anxiety,
hostility, phobic anxiety, paranoid ideation, psychoticism, among others.

Based on the SCL-90 scores, participants were divided into three groups in
our study. The first group consisted of normal participants (N = 5,438, Mage = 16.08,
SD = 1.29), with total scores of SCL-90 below 160. The second group consisted of
suspected patients (N = 2,513, Mage = 16.23, SD = 1.16), with total scores between
160 and 200. The third group consisted of psychological abnormalities (N = 1,121,
Mage = 16.21, SD = 1.16) characterized by total scores exceeding 200 or scores higher
than 3 in any dimension.

Data Analysis

The network for each group was constructed following methodologies
outlined in previous studies (Mullarkey et al., 2019), with items in the SCL-90
serving as nodes and partial correlations as edges (Epskamp et al., 2012). To
eliminate artificial connections, the least absolute shrinkage and selection operator
(LASSO) was employed. The construction and subsequent calculation of centrality
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were conducted using the R packages qgraph (Epskamp et al., 2012) and bootnet
(Epskamp et al., 2018). Network Comparison Test (NCT) was used to assess group
centrality (El) (Van Borkulo et al., 2023).

To identify targets in the simulation of targeted treatment, we quantified the
significance of each node in the network using the expected influence (EI). This
measure is more suitable for networks that contain both positive and negative edges
compared to the traditional centrality index (McNally, 2016; Robinaugh et al., 2016).
Nodes with higher EI were deemed more important in the network. The network
invulnerability test evaluates a network's ability to maintain connectivity when nodes
are compromised. The process involves exposing network nodes to predetermined
attack strategies and conducting simulation experiments to observe changes in
connectivity following each attack. To quantify the stability and connectivity of the
inferred networks, we employed a reliable and sensitive measure—natural
connectivity (Jun et al., 2010).

This study performs network attacks focusing on the abnormal group to
simulate treatment. In random attacks, each node or edge in the network was targeted
with equal probability. The outcome was the network’s average natural connectivity
after surviving 6,000 random attacks. For intentional attacks, two distinct strategies
were employed, a similar to previous study (Holme et al., 2002). The first strategy
involved selecting nodes in the initial network based on their EI values in descending
order. It gradually removed nodes, starting with the one with the highest EI. This
attack strategy utilized the initial El distribution and is therefore referred to as the
IEI (initial expected influence) attack in this study. The second strategy, employed a
recalculated EI distribution at each step of node removal, is referred to as the REI
(recalculated expected influence) attack.

Results

Network Structure

In the symptom network of the abnormal group, 936 out of the 4005 possible
edges (23.4%) were non-zero, indicating intense interconnectedness between
symptoms. The network exhibited an average degree of 20.8 and a clustering
coefficient of 0.36, indicating the likelihood that a node’s neighbors are also
interconnected. The structure of the network for the abnormal group was illustrated
in Figure 1.
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Figure 1. Network structure for the abnormal group. Darker colour indicates higher degree
of nodes, green edges represent positive associations and red edges represent negative relations.

Descriptive results for the means and SDs for the three groups on the nodes
with the highest El, and the statistically significant differences between each of the
group were presented in Table 1-3. In Tables 1, 2, and 3, the fourth and fifth columns
represented the significance of the differences in node EI values between the current
group and the other two groups. A p-value less than 0.05 indicated a significant
difference in node EI values. Significant differences between groups were marked in
the table as follows: “" denoted a significant difference between the normal and
suspected groups, “* indicated a significant difference between the normal and
abnormal groups, and “*” signified a significant difference between the suspected
and abnormal groups.
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Table 1. Top 10 nodes based on EI for abnormal group and group differences

P-value compared with

Node Mean SD Description Dimension
Normal Suspected

SCL-79* 120  0.05 <0.01 0.16 Feclings of Depression
worthlessness

SCL-23*  1.19  0.05 <0.01 0.09 Suddenly scared Anxiety
for no reason

SCL-72*  1.19  0.05 <0.01 0.37 Spells of terror or Anxiety

panic
Feeling so restless
SCL-78" 1.18 0.05 <0.01 0.16 you couldn’t sit Anxiety
still
SCL-81" 116  0.06  <0.01 0.63 Shouting or o er-hostilit
’ ' ’ ’ throwing things & Y

Numbness or

SCL-52" 1.16 0.06 <0.01 0.49 tingling in parts of ~ Somatization

your body
SCL-71* 1.5 006  <0.01 0.37 Feeling everything 1y o ion
is an effort
SCL-58" 114 006  <0.01 037 Heavy feelingsin g - ization
your arms or legs
SCL-33 1.14 0.06 0.07 0.37 Feeling fearful Anxiety
SCL-30 1.12 0.06 0.78 0.97 Feeling blue Depression

Table 2. Top 10 nodes based on EI for suspected group and group differences

P-value
Node Mean  SD compared with Description Dimension
Normal Abnormal
SCL-78" 129 004  <0.01 0.16 Feeling so restless you Anxiety
couldn’t sit still
SCL-72* 1.27  0.05 <0.01 0.37 Spells of terror or panic Anxiety
SCL-33* 1.22  0.05 <0.01 0.37 Feeling fearful Anxiety
SCL-58* 120 005  <0.01 037 Heavy feclings inyour g - ization
arms or legs
SCL-89*" 118  0.04  <0.01 0.01 Feelings of guilt Additional
[tems
SCL-30 1.14  0.05 0.53 0.97 Feeling blue Depression
SCL-22* 112 005  <0.01 0.58 Feeling of being Depression
trapped or caught
SCL-81* 112 0.05  <0.01 0.63 Shouting or throwing -\ o ostility
things
SCL-79* 110 0.05  <0.01 0.16 Feclings of Depression
worthlessness
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P-value

Node Mean  SD compared with Description Dimension
Normal  Abnormal

Feeling weak in parts

_ +
SCL-56 1.09  0.05 0.04 0.16 of your body

Somatization

Table 3. Top 10 nodes based on EI for normal group and group differences

P-value
Node EI SD compared with Description Dimension
Suspected Abnormal
Feeling uneasy when Interpersonal
SCL-61"" 1.31 0.04 <0.01 <0.01 people are watching or TPerso
. Sensibility
talking about you
SCL-46"  1.25 0.04 <0.01 <0.01 Difficulty making Obsessive-
decisions compulsive
SCL-29"" 1.23  0.04 <0.01 <0.01 Feeling lonely Depression
SCL-11" 122 003  <0.01 <001  Feelingcasilyannoyed  Anger-
or irritated hostility
SCL-9** 122 003 <0.01 <0.01 Trouble re_membermg Obsesswe—
things compulsive
SCL-57"" 1.19 0.04 <0.01 <0.01 Feeling tense or keyed up Anxiety
SCL-55"  1.19  0.04 <0.01 <0.01 Trouble concentrating O 0°e351ve-
compulsive
SCL-28" 113 004  <0.01 <0.01 Feeling blocked in - Obsessive-
getting things done compulsive
SCL-41+* 113 0.04 <001 <0.01 Feeling inferior to Interpgrggnal
others Sensibility
Unwanted thoughts, Obsessive-
SCL-3** 1.13  0.04 <0.01 <0.01 words, or ideas that .
compulsive

won’t leave your mind

As can be seen from Table 1, in the group of psychological anomalies, SCL-
79 exhibited the highest expected influence value, followed by SCL-23, SCL-72, and
SCL-78, indicating that these symptoms were the most influential within the
network. In contrast, symptoms such as SCL-60 and SCL-21 demonstrated a
marginal impact within the network. Most of the top ten nodes were associated with
the anxiety, depression, and somatization dimensions, indicating that these three
dimensions were the most influential within the overall symptom network model.
Interestingly, six of the top ten nodes in the abnormal group were the same as those
in the suspected group, whereas none overlapped with the normal group was found.

Results from NCT revealed that the difference in El values between network
nodes in the abnormal group and the normal group is the most pronounced, with
significant differences observed in nearly all of the top 10 nodes. In contrast, the
difference between the suspected group and the abnormal group was smaller, with
almost no significant differences among the top 10 nodes.
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Invulnerability

To evaluate the effects of various attack strategies, the invulnerability test
was performed. The results revealed distinct pattern from the three types of attacks
within the abnormal group (Figure 2). The initial values of the three curves denote
the network connectivity of the abnormal group. Figure 2 clearly indicated that
abnormal group had higher values than the suspected group, which in turn had higher
values than the normal group. As the number of removed nodes increased from 0 to
64, natural connectivity decreased across all simulated treatments, indicating that the
network’s connectivity was sensitive to disturbance. During the IEI attack, the
network's natural connectivity deteriorated more rapidly than during the random
attack. Meanwhile, the values of natural connectivity in the REI attack deteriorated
more rapidly than in the IEI attack.

During the REI attack, natural connectivity declined over time, approaching
zero, significantly lower than in the other two attacks. This indicates a substantial
disruption in the network connectivity and a significant loss of interconnections
between nodes. Consequently, the network no longer met the essential criteria for
optimal operation and could not sustain its original functionality.

It is important to note that the objective was not to completely dismantle the
network. Given that a total breakdown of the network represented a state of
psychological abnormality, the aim of the treatment was not to fully dismantle the
network structure, i.e., to achieve near-zero natural connectivity. The treatment
aimed to reduce network connectivity to levels comparable to those of the normal
population, as illustrated in Figure 2.

Normal

tural Connectity

.......

Figure 2. The natural connectivity of symptom networks under different attacks.
The upper and lower orange lines parallel to the x-axis depict the natural connectivity
of the suspected and normal, respectively.
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To validate our findings, the same analysis was performed using the network
constructed from the ten dimensions of the SCL-90. Consistent with the previous
results, the intentional attack exhibited a more pronounced decreasing trend in
natural connectivity compared to the random attack, as shown in Figure 3.

Network ® [E| Atiack ® Random Altack = RE] Atiack

onnectivity

The Number of Nodes Removed

Figure 3. The natural connectivity of dimension networks under different attacks

Discussion

To the best of our knowledge, this is the first study to directly compare the
outcomes of targeted and non-targeted treatments using simulations based on
network analysis. In the invulnerability test, the random attack represented non-
targeted treatment, whereas the IEI and REI attacks represented targeted treatment.
The results revealed distinct patterns of invulnerability evolution in the abnormal
group under the three attack conditions. The intentional attacks resulted in a faster
decline in network connectivity overall, suggesting a more effective method for
disrupting connections between symptoms and improving treatment outcomes. The
connectivity value of the network after the REI attack was lower than that after the
IEI attack. Our findings clearly demonstrate the superiority of treatment approaches
that target network centrality over non-targeted treatments. Network centrality is a
viable strategy for identifying potential targets in effective treatments.

The primary finding of this study was that intentional attacks targeting
central nodes induced a more rapid decrease in network connectivity compared to
random attacks. Larger connectivity indicated worse psychological states (Cramer et
al., 2016; Fried et al., 2017; Van Borkulo et al., 2016), the intentional and random
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attacks represented targeted and non-targeted treatments, respectively. These results
suggested that targeted treatment based on central nodes was more effective than
non-targeted treatment in addressing mental disorders. Despite ongoing controversy
regarding the potential of centrality in determining intervention targets (Bringmann
etal., 2016, 2019; Borshoom et al., 2017; Forbes et al., 2017), our results indirectly
support the notion that high-centrality symptoms are suitable targets for clinical
intervention.

In accordance with the findings of this study, the top eight symptoms listed
in Table 1 warrant substantial attention in clinical treatment, as they exhibit higher
values of El for the abnormal group and differ significantly from the normal group.
Among these, “Feelings of worthlessness” should be prioritized due to its highest El
value. Research has shown that addressing “feelings of worthlessness” in clinical
settings can significantly enhance mental health outcomes. For example, in
reminiscence therapy, strengthening self-worth and self-acceptance in young adults
with moderate depressive symptoms could generate positive experiences and
alleviate depression (Hallford et al., 2018).

Another significant finding arises from the comparison between the REI and
IEI attack. IEI was considered a targeted treatment based on the initial assessment of
each symptom's importance, treating according to initial evaluations. In contrast,
REI was considered a targeted treatment that reassessed the importance of the
patient's symptoms before each treatment session, thereby treating according to
ongoing assessments. As connectivity decreased more rapidly in the REI attack than
in the IEI attack, consistent with the findings of Holme’s study (2002), it can be
concluded that reassessment-based treatment is more effective than treatment based
solely on initial results. Furthermore, our results indicate that psychological
assessment plays a crucial role in clinical decision-making. Regular assessment of
the patient at consistent intervals during the treatment episode can provide invaluable
feedback (Lambert, 2010). Assessments of the patient's mental health prior to each
session and tailoring the treatment plan accordingly are strongly recommended.

Overall, the results demonstrated a hierarchical trend in connectivity
evolution: individuals with psychological abnormalities > individuals with suspected
psychological abnormalities > normal individuals. This pattern suggests a nuanced
link between mental health and network connectivity, consistent with findings from
previous network research (Cramer et al., 2016; Fried et al., 2017; Van Borkulo et
al., 2016). Unlike previous studies that compared only two groups (Van Borkolu et
al., 2016; Van De Leemput et al., 2014), our study further validated the relationship
between network connectivity values and mental health by including a suspected
group and utilizing a larger sample. Moreover, results from NCT of differences in
El suggested that the network structure of the suspected group has undergone
significant changes compared to the normal group and closely resembles that of the
abnormal group, reflecting shifts in the mental health status of the suspected group.
Therefore, consistent with a previous study (Yang et al., 2024), we also suggested
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that the suspected group should be treated differently from the normal and abnormal
groups.

This study has several limitations. First, the simulation process assumed a
maximum destruction probability of 100% for symptom nodes. Given that certain
symptoms are persistent and pose significant challenges for complete eradication,
achieving a 100% destruction probability for these nodes may be unrealistic. Second,
the simulation process overlooks the dynamic nature of the network. Although this
study assumed a static network, it is crucial to recognize that clinical treatment is an
ongoing process. The network may evolve as treatment progresses. Future research
should delve deeper into exploring these two aspects.

In conclusion, lower values of network connectivity were consistently
observed under intentional attacks compared to random attacks. This study validated
the viability of network centrality in identifying treatment targets. Regularly
updating assessments is recommended to accurately calculate the most
representative centrality. This study not only provides theoretical support for
targeted treatment of psychological abnormalities but also offers valuable insights
for future research and clinical practice.

Authors’ Notes

Study conception and design: Weixia Zhang, Kechuang Zhang, Shubin Si,
Min Xi.

Data analysis and interpretation of results: Kechuang Zhang, Shubin Si,
Mengbi Yang; draft manuscript preparation: Kechuang Zhang, Weixia Zhang, Min Xi.

Funding information: Shaanxi Provincial Natural Science Foundation
[Grant N0.2023JCQNO0258]; Regular Research Projects of Shaanxi Provincial Sports
Bureau [Grant N0.20240293]. Psychological Health Research Fund Project of the
Shaanxi Provincial Committee for the Care of the Next Generation / Northwestern
Polytechnical University [Grant No. GXJM202412].

All authors reviewed the results and approved the final version of the
manuscript.

Conflict of interest: We have no conflict of interest to disclose.

References

Albert, R., Jeong, H., & Barabési, A.-L. (2000). Error and attack tolerance of
complex networks. Nature, 406(6794), 378-382. https://doi.org/10.1038/
35019019

Blanchard, M. A., & Heeren, A. (2020). Why we should move from reductionism
and embrace a network approach to parental burnout. New Directions for Child

40 Comparison Between Different Treatments


https://doi.org/10.1038/​35019019
https://doi.org/10.1038/​35019019

Articles Section

and Adolescent Development, 2020(174), 159-168. https://doi.org/10.1002/
cad.20377

Borsboom, D., Fried, E. I., Epskamp, S., Waldorp, L. J., van Borkulo, C. D., van der
Maas, H. L. J., & Cramer, A. O. J. (2017). False alarm? A comprehensive
reanalysis of “Evidence that psychopathology symptom networks have limited
replicability” by Forbes, Wright, Markon, and Krueger (2017). Journal of
Abnormal Psychology, 126(7), 989-999. https://doi.org/10.1037/abn0000306

Bringmann, L. F., Elmer, T., Epskamp, S., Krause, R. W., Schoch, D., Wichers, M.,
Wigman, J. T. W., & Snippe, E. (2019). What do centrality measures measure
in psychological networks? Journal of Abnormal Psychology, 128(8), 892—
903. https://doi.org/10.1037/abn0000446

Bringmann, L. F., Pe, M. L., Vissers, N., Ceulemans, E., Borshoom, D., Vanpaemel,
W., Tuerlinckx, F., & Kuppens, P. (2016). Assessing temporal emotion
dynamics using networks. Assessment, 23(4), 425-435. https://doi.org/10.
1177/1073191116645909

Bringmann, L. F., Vissers, N., Wichers, M., Geschwind, N., Kuppens, P., Peeters,
F., Borsboom, D., & Tuerlinckx, F. (2013). A network approach to
psychopathology: New insights into clinical longitudinal data. PLoS ONE,
8(4), e60188. https://doi.org/10.1371/journal.pone.0060188

Chen, H., Zhang, T., Hua, Y., Gao, Q., Han, Z., Xu, Y., Yang, K., Xu, X., Liu, X.,
& Wang, S. (2023). Simulation and comparative study of the effect of the
electrical connection between the battery electrodes on the battery thermal
behavior. Journal of Energy Storage, 72, 108409. https://doi.org/10.
1016/j.est.2023.108409

Contreras, A., Nieto, 1., Valiente, C., Espinosa, R., & Vazquez, C. (2019). The study
of psychopathology from the network analysis perspective: A systematic
review. Psychotherapy and Psychosomatics, 88(2), 71-83. https://doi.org/
10.1159/000497425

Cramer, A. O. J., Van Borkulo, C. D, Giltay, E. J., Van Der Maas, H. L. J., Kendler,
K. S., Scheffer, M., & Borshoom, D. (2016). Major depression as a complex
dynamic system. PLOS ONE, 11(12), e0167490. https://doi.org/10.1371/
journal.pone.0167490

Dong, X., Ding, M., Chen, W., Liu, Z., & Yi, X. (2020). Relationship between
smoking, physical activity, screen time, and quality of life among adolescents.
International Journal of Environmental Research and Public Health, 17(21),
8043. https://doi.org/10.3390/ijerph17218043

Epskamp, S., Borsboom, D., & Fried, E. I. (2018). Estimating psychological
networks and their accuracy: A tutorial paper. Behavior Research Methods,
50(1), 195-212. https://doi.org/10.3758/s13428-017-0862-1

Epskamp, S., Cramer, A. O. J., Waldorp, L. J., Schmittmann, V. D., & Borsboom,
D. (2012). qgraph: Network visualizations of relationships in psychometric

Comparison Between Different Treatments 41


https://doi.org/10.​1002/​cad.20377
https://doi.org/10.​1002/​cad.20377
https://doi.org/10.1037/abn0000306
https://doi.org/10.1037/abn0000446
https://doi.org/10.​1177/1073191116645909
https://doi.org/10.​1177/1073191116645909
https://doi.org/10.1371/journal.pone.0060188
https://doi.org/10.​1016/j.est.2023.108409
https://doi.org/10.​1016/j.est.2023.108409
https://doi.org/​10.1159/000497425
https://doi.org/​10.1159/000497425
https://doi.org/10.1371/​journal.​pone.0167490
https://doi.org/10.1371/​journal.​pone.0167490
https://doi.org/10.3758/s13428-017-0862-1

Articles Section

data. Journal of Statistical Software, 48, 1-18. https://doi.org/10.18637/jss.
v048.i04

Forbes, M. K., Wright, A. G. C., Markon, K. E., & Krueger, R. F. (2017). Evidence
that psychopathology symptom networks have limited replicability. Journal of
Abnormal Psychology, 126(7), 969-988. https://doi.org/10.1037/abn0000276

Fried, E. I., Van Borkulo, C. D., Cramer, A. O. J., Boschloo, L., Schoevers, R. A.,
& Borsboom, D. (2017). Mental disorders as networks of problems: A review
of recent insights. Social Psychiatry and Psychiatric Epidemiology, 52(1), 1-
10. https://doi.org/10.1007/s00127-016-1319-z

Hallford, D. J., Mellor, D., & Burgat, M. E. (2019). A Qualitative Study of Young
Adults Experience With a Reminiscence-Based Therapy for Depressive
Symptoms. Emerging Adulthood, 7(4), 279-290. https://doi.org/10.1177/
2167696818769175

Hallquist, M. N., Wright, A. G. C., & Molenaar, P. C. M. (2021). Problems with
centrality measures in psychopathology symptom networks: Why network
psychometrics cannot escape psychometric theory. Multivariate Behavioral
Research, 56(2), 199-223. https://doi.org/10.1080/00273171.2019.1640103

Hayes, A. M., Yasinski, C., Ben Barnes, J., & Bockting, C. L. H. (2015). Network
destabilization and transition in depression: New methods for studying the
dynamics of therapeutic change. Clinical Psychology Review, 41, 27-39.
https://doi.org/10.1016/j.cpr.2015.06.007

Holme, P., Kim, B. J,, Yoon, C. N., & Han, S. K. (2002). Attack vulnerability of
complex networks. Physical Review E, 65(5), 056109. https://doi.org/10.1103/
PhysRevE.65.056109

Jun, W., Barahona, M., Yue-Jin, T., & Hong-Zhong, D. (2010). Natural connectivity
of complex networks. Chinese Physics Letters, 27(7), 078902.
https://doi.org/10.1088/0256-307X/27/7/078902

Lambert, M. J. (2010). Prevention of treatment failure: The use of measuring,
monitoring, and feedback in clinical practice. American Psychological
Association. https://doi.org/10.1037/12141-000

Lamers, F., van Oppen, P., Comijs, H. C., Smit, J. H., Spinhoven, P., van Balkom,
A.J. L. M., Nolen, W. A,, Zitman, F. G., Beekman, A. T. F., & Penninx, B. W.
J. H. (2011). Comorbidity patterns of anxiety and depressive disorders in a
large cohort study: The Netherlands Study of Depression and Anxiety
(NESDA). The Journal of Clinical Psychiatry, 72(3), 341-348. https://doi.org/
10.4088/JCP.10m06176blu

Lofthouse, M. K., Waite, P., & Cernis, E. (2023). Developing an understanding of
the relationship between anxiety and dissociation in adolescence. Psychiatry
Research, 324, 115219. https://doi.org/10.1016/j.psychres.2023.115219

McNally, R. J. (2016). Can network analysis transform psychopathology? Behaviour
Research and Therapy, 86, 95-104. https://doi.org/10.1016/j.brat.2016.06.006

42 Comparison Between Different Treatments


https://doi.org/10.18637/​jss.​v048.i04
https://doi.org/10.18637/​jss.​v048.i04
https://doi.org/10.1037/abn0000276
https://doi.org/10.1007/s00127-016-1319-z
https://doi.org/10.1177/​21676968​18769175
https://doi.org/10.1177/​21676968​18769175
https://doi.org/10.1080/00273171.2019.1640103
https://doi.org/10.1016/j.cpr.2015.06.007
https://doi.org/10.1103/​PhysRevE.65.056109
https://doi.org/10.1103/​PhysRevE.65.056109
https://doi.org/10.1088/0256-307X/27/7/078902
https://doi.org/10.1037/12141-000
https://doi.org/​10.4088/JCP.10m06176blu
https://doi.org/​10.4088/JCP.10m06176blu
https://doi.org/10.1016/j.psychres.2023.115219
https://doi.org/10.1016/j.brat.2016.06.006

Articles Section

Miljkovic, E., Ridjic, D., & Salkic, S. (2024). Stress coping skills and strategies as
antidote to mental health for adult male migrants — open space for CBT
interventions. Journal of Evidence-Based Psychotherapies, 24(1), 3-20.
https://doi.org/10.24193/jebp.2024.1.1

Mullarkey, M. C., Marchetti, I., & Beevers, C. G. (2019). Using network analysis to
identify central symptoms of adolescent depression. Journal of Clinical Child
& Adolescent Psychology, 48(4), 656-668. https://doi.org/10.1080/15374416.
2018.1437735

Mustata, A. E. (2021). The relationships between coping mechanisms, depression,
anxiety and sleep disorders in cardiovascular patients. Journal of Evidence-Based
Psychotherapies, 21(1), 37-56. https://doi.org/10.24193/jebp.2021.1.3

Noyes, B. K., Munoz, D. P., Khalid-Khan, S., Brietzke, E., & Booij, L. (2022). Is
subthreshold depression in adolescence clinically relevant? Journal of Affective
Disorders, 309, 123-130. https://doi.org/10.1016/j.jad.2022.04.067

Ortiz-Orendain, J., Gardea-Resendez, M., Castiello-de Obeso, S., Golebiowski, R.,
Coombes, B., Gruhlke, P. M., Michel, I., Bostwick, J. M., Morgan, R. J.,
Ozerdem, A., Frye, M. A., & McKean, A. J. (2023). Antecedents to first
episode psychosis and mania: Comparing the initial prodromes of
schizophrenia and bipolar disorder in a retrospective population cohort.
Journal of Affective Disorders, 340, 25-32. https://doi.org/10.1016/j.jad.
2023.07.106

Robinaugh, D. J., Millner, A. J., & McNally, R. J. (2016). Identifying highly
influential nodes in the complicated grief network. Journal of abnormal
psychology, 125(6), 747-757. https://doi.org/10.1037/abn0000181

Rudolph, J. E., Fox, M. P., & Naimi, A. I. (2021). Simulation as a tool for teaching
and learning epidemiologic methods. American Journal of Epidemiology,
190(5), 900-907. https://doi.org/10.1093/aje/kwaa232

Sobanski, J. A., Klasa, K., Dembinska, E., Mielimgka, M., Citkowska-Kisielewska,
A., Jeda, P., & Rutkowski, K. (2023). Central psychological symptoms from a
network analysis of patients with anxiety, somatoform or personality disorders
before psychotherapy. Journal of Affective Disorders, 339, 1-21.
https://doi.org/10.1016/j.jad.2023.06.040

Van Borkulo, C. D., van Bork, R., Boschloo, L., Kossakowski, J. J., Tio, P.,
Schoevers, R. A., Borshoom, D., & Waldorp, L. J. (2023). Comparing network
structures on three aspects: A permutation test. Psychological Methods, 28(6),
1273-1285. https://doi.org/10.1037/met0000476

Van Borkulo, C., Boschloo, L., Borsbhoom, D., Penninx, B. W. J. H., Waldorp, L. J.,
& Schoevers, R. A. (2015). Association of symptom network structure with the
course of depression. JAMA Psychiatry, 72(12), 1219. https://doi.org/10.1001/
jamapsychiatry.2015.2079

Van De Leemput, I. A., Wichers, M., Cramer, A. O. J., Borsboom, D., Tuerlinckx,
F., Kuppens, P., Van Nes, E. H., Viechtbauer, W., Giltay, E. J., Aggen, S. H.,

Comparison Between Different Treatments 43


https://doi.org/10.1080/15374416.​2018.1437735
https://doi.org/10.1080/15374416.​2018.1437735
https://doi.org/10.24193/​jebp.2021.1.3
https://doi.org/10.1016/j.jad.2022.04.067
https://doi.org/10.1016/​j.jad.​2023.07.106
https://doi.org/10.1016/​j.jad.​2023.07.106
https://doi.org/10.1037/abn0000181
https://doi.org/10.1093/aje/kwaa232
https://doi.org/10.1016/j.jad.2023.06.040
https://doi.org/10.1037/met0000476
https://doi.org/10.1001/​jamapsychiatry.2015.2079
https://doi.org/10.1001/​jamapsychiatry.2015.2079

Articles Section

Derom, C., Jacobs, N., Kendler, K. S., Van Der Maas, H. L. J., Neale, M. C.,
Peeters, F., Thiery, E., Zachar, P., & Scheffer, M. (2014). Critical slowing
down as early warning for the onset and termination of depression. Proceedings
of the National Academy of Sciences, 111(1), 87-92. https://doi.org/10.1073/
pnas.1312114110

Yang, M., Si, S., Zhang, K., Xi, M., & Zhang, W. (2024). Bridging the relationship
between physical exercise and mental health in adolescents based on network
analysis. PsyCh Journal. https://doi.org/10.1002/pchj.756

44 Comparison Between Different Treatments


https://doi.org/10.​1073/​pnas.​1312114110
https://doi.org/10.​1073/​pnas.​1312114110
https://doi.org/10.1002/pchj.756



