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Abstract

The COVID-19 pandemic has exacerbated anxiety and depression disorders. We used network analysis to identify core
symptoms and comorbid pathways between the two disorders and reveal temporal changes in symptoms that traditional
assessment tools fail to capture. Data was collected from 533 clinically comorbid patients (Mean age =43.4; female=363)
who completed the Hamilton Anxiety Scale and Hamilton Depression Scale before and after treatment (T1— T2). Node
and bridge strengths were calculated, and analyses included a network comparison test (NCT) and cross-lagged network
analyses (CLPN) to examine the interconnectedness and changing features of anxiety and depression comorbidity. Results
indicate that (a) In contemporaneous networks before treatment, the most central nodes were fension, somatization, anxiety
(somatic), depressed mood, psychomotor retardation, somatic symptoms (GI), autonomic symptoms, and hopelessness.
Additionally, depressed mood, psychomotor retardation, somatic symptoms (GI), and hopelessness were also bridge nodes
associated with psychological and physical symptoms of anxiety. (b) Although the total score of the assessment tools
decreased during treatment and NCT confirmed overall network strength remained stable during treatment (p=0.38), spe-
cific symptoms changed significantly (p < 0.05), underscoring the importance of nuanced evaluations beyond total scores.
Specifically, nodes such as fear, insomnia, intellectual, suicide, psychomotor agitation, anxiety (psychic), loss of weight,
and helplessness exhibited a significant reduction (p <0.05). In contrast, nodes including genitourinary symptoms, insom-
nia (late), work and interests, and somatic symptoms (general) demonstrated a significant enhancement (p <0.05). (c)
Genital symptoms, hypochondriasis, and paranoid symptoms positively predicted other symptoms, while insight negatively
predicted tension in longitudinal networks. In summary, our results contribute additional perspectives on the mechanisms
underlying comorbid symptomatology and its dynamics throughout the treatment process, identifying meaningful targets
for intervention. Thus, recommending the integration of network analysis into current diagnostic, treatment, and follow-up
procedures promotes individualized interventions and improves patient recovery.
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Introduction

The COVID-19 pandemic has posed substantial threats to
personal health and life (Zhang et al., 2023), and research-
ers suggested that the subsequent disasters might endure for
some time and mental health disorders probably would peak
later than the actual pandemic (Xiao et al., 2023; Zhang et
al., 2023), such as psychological distress like anxiety disor-
ders and depressive disorders (anxiety and depression here-
after). Anxiety is an adaptive response involving physical
and cognitive symptomatology to react to a state of unease
Cognitive Development Laboratory, Department of and agitation from real or imagined danger; depression is
Psychology, Institute of Teacher Education, Ningxia broadly defined as an affective disorder associated with
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reduced vitality and engagement in activities that previously
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generated pleasure, along with extreme burnout, discourage-
ment, and loss of meaning in life (van Borkulo et al., 2015;
Wolk et al., 2016; Zhang et al., 2023). Both are assumed
to be reactions to stressful events producing biological and
psychological alterations in the organism (Bao et al., 2017).
They usually occur together at high rates, with symptoms
often superimposing. Possible explanations for the comor-
bidity were that anxiety might cause depression or vice versa
(Cummings et al., 2014), alternatively that some core symp-
tom dimensions of psychopathology including depression,
anxiety, and psychosis-like symptoms were transdiagnostic
with a combined presentation of both potentially structur-
ing a unique diagnosis (Angold et al., 1999). However, the
co-occurrence could lead to more severe chronic psycho-
pathology (Schoevers et al., 2005), poorer treatment out-
comes (Furukawa et al., 2018), and poorer prognoses (Ding
et al., 2023). In a recent study of 1,840 comorbidity patients
randomly selected for follow-up in a national psychiatric
hospital, up to 451 patients reported no improvement or
recurrence after treatment (Ding et al., 2023). Therefore,
the prevalence of comorbidity underscores a pervasive and
substantial concern, warranting expeditious inquiry into the
intricate mechanisms that underlie this complex condition.
Presently, the prevailing method employed for exploring
mental disorders centers on discerning common causes,
wherein a conjectural pathological entity dictates a spec-
trum of symptoms (McNally, 2021). Within this framework,
mental disorders are construed as a basis for symptom clus-
ters, and the association between two disorders is frequently
conceptualized as comorbidity (Angold et al., 1999; Cramer
et al., 2010; Kaiser et al., 2021).

Nevertheless, the conventional causal model might
obfuscate the genuine nature of comorbidity. Initially, inves-
tigations tend to concentrate on the diagnosis of disorders
(Cramer et al., 2010), potentially neglecting the intricate
interplay among symptoms. For instance, as per the ICD-10,
diminished interest and reduced activity are indicative of a
depressive episode. In the common cause model, the robust
positive correlation between these symptoms is exclusively
ascribed to the shared impact of depression. Yet, one may
question the existence of a direct causal link between symp-
toms, such as whether decreased interest precedes reduced
activity. Meanwhile, the scrutiny of psychopathological
data heavily leans on the latent variable model (Borsboom
& Cramer, 2013). In these models, observed variables (e.g.,
symptoms or scale items) are construed as measurements of
underlying variables (e.g., disorders). Symptoms are amal-
gamated into a total score to portray the disorder’s severity
(Borsboom, 2022). However, this unweighted total score
implies equal consideration for all symptoms (Cramer et al.,
2010), potentially obscuring authentic changes in the condi-
tion. For instance, two patients with identical total scores
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may manifest different symptoms; one may exhibit a higher
score for depressive mood but a lower score for somatic
symptoms, while the other’s situation could be the reverse.
Notwithstanding, it is evident that the former may have a
more severe condition. Despite diagnostic criteria (e.g.,
DSM-5) emphasizing the significance of core symptoms,
the common cause model in comorbidity research falls short
of addressing individual symptoms or symptom clusters
(Cramer et al., 2010). Consequently, to better understand
associations between anxiety and depression symptoms, it
is required to examine the symptoms as a holistic dynamic
system. Applying network analysis to observe these rela-
tionships contemporaneously and longitudinally, with a
more microscopic understanding of symptom interactions
from a “small world” perspective (Bringmann et al., 2022;
Epskamp et al., 2012), may provide novel insights into
addressing these psychological health problems (Beard et
al., 2016).

Network analysis has received increasing attention
(Bringmann et al., 2022; McNally, 2021), and the theory
assumes that mental disorders are derived from the overall
interconnectedness of their symptoms (Borsboom & Cramer,
2013; Epskamp et al., 2018). Specifically, the appearance
of one symptom is considered to increase the probability
of the emergence of interrelated symptoms, in turn, which
could lead to episodes of illness. It differed from the latent
variable model, which supposed unobservable latent vari-
ables resulting in observable symptoms (Borsboom et al.,
2021; Bringmann et al., 2022). In a network, nodes rep-
resent symptoms, edges signify the relationship between
symptoms (Jones et al., 2021), and centralities indicate
node importance, referring to the connectivity of a node and
its contribution to sustaining the disorder (McNally, 2021).
Namely, centralities serve to evaluate the degree of intercon-
nectedness relative to other nodes (Kalisch et al., 2019), and
centrally activated symptoms might cause other symptoms
to develop (Borsboom & Cramer, 2013). Thus, it would be
useful to use sophisticated interactive systems to examine
the dynamics between anxiety and depression in more depth
and to develop targeted interventions. For example, shared
symptoms, such as insomnia and fatigue, act as connecting
nodes in comorbidity (Cramer et al., 2010); core symptoms,
including depressed and anxious moods, play a pivotal
role in the initiation and perpetuation of mental disorders
(Beard et al., 2016). The interconnections between depres-
sion and anxiety serve as conduits for information transmis-
sion, contributing to their elevated comorbidity rate (Ding et
al., 2023). In another study, Jones et al. (Jones et al., 2021)
expanded upon bridge centrality indices to identify pivotal
symptoms that facilitate the propagation of comorbidity.
Meanwhile, networks could be compared across groups or
time intervals (van Borkulo et al., 2022), offering insight into
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the dynamics of symptom strength before and after treat-
ment. Furthermore, the dynamic interaction of symptoms
between two or more temporal structures can be detected by
cross-lagged panel network analysis (CLPN), that is, it can
indicate and distinguish symptoms that are more predictable
in networks depending on given time points, and understand
transdiagnostic processes by identifying symptoms that play
a predictive or influential role across-construct (Bringmann
et al., 2022; McNally, 2021; Wysocki et al., 2022).

Therefore, in the current study, we aimed to explore
the network features of depression and anxiety comorbid-
ity through before (T1) and after treatment (T2) networks,
identifying core symptoms and pathways, and exploring
symptom changes that would not be captured by existing
assessment tools. Specifically, (a) to construct network
structures for anxiety and depression at T1 and T2, and
explore the core symptoms of both structures and identify
the bridge nodes of different syndromes at T1. (b) Compare
T1 and T2 network structures and recognize strength varia-
tions in symptom centralities. (c) Utilize CLPN to confirm
dynamic interactions within symptoms and identify signifi-
cant predictive and outcome symptoms from the T1— T2
symptom network.

Methods
Participants and procedure

Participants (N=1533) seeking routine care outpatient psy-
chotherapy were referred to the outpatient clinic of a depart-
ment of psychiatry in western China. It is a specialist center
for early psychosis, anxiety, and depression disorders. The
diagnosis of the referred patient was confirmed by a joint

Table 1 Sample demographic

examination of two trained diagnosticians in a talk-and-see
format. It was primarily based on the Comprehensive Inter-
national Diagnostic Interview (M-CIDI) and allowed for the
estimation of mental disorders with a DSM-IV or DSM-IV-
TR diagnosis using operationalized criteria for the DSM-IV
diagnosis. Two diagnosticians, one scoring independently
and the other validating, jointly evaluated the severity of the
medical condition and the treatment effect.

Inclusion criteria were primarily (a) a diagnosis of anxi-
ety (F40 or F41) and depression (ICD codes F32 or F33)
according to the structured clinical interview and excluded
participants with other mental disorders, (b) the ability to
provide informed consent and fluency in Chinese, and (c)
hospitalized and discharged cured (i.e., not taking psychiat-
ric medications and scores of anxiety and depression below
clinical criteria) from January 1, 2021 to December 31,
2022. The final valid sample was 533 (female=363; Mean
age=43.4, SD age=17.9), with a mean interval between
hospitalization and discharge of 14 days (Mean=14.1,
SD=1.4, range day 12-16). To enhance the rigor of our
study design, we collected baseline data (T1) right before the
first session of treatment and follow-up data (T2) right after
the last session. All participants received conventional psy-
chotropic medications during hospitalization, with 10.1%
also undergoing psychotherapy. Considering potential dif-
ferences in the samples, we conducted t-tests to examine the
impact of psychological intervention on prognostic depres-
sion and anxiety. The results indicated no significant differ-
ences in depression (1=0.30, p=0.768, Cohen’s d=0.04)
and anxiety (1=0.27, p=0.787, Cohen’s d=0.04) based on
whether participants received psychological intervention or
not. Table 1 provides detailed demographics of the sample.

Characteristics N (%) Characteristics N (%)
Gender Male 170 (31.9) Profession Unemployed 137 (25.7)
Female 363 (68.1) Student 102 (19.1)
Relationship status Single 134 (25.1) Farmer 63 (11.8)
Married 356 (66.8) Worker 254.7)
Separated, Divorced 22 (4.1) Company Staff 49 (9.2)
Remarriage 2(0.4) Civil Servant 58 (10.9)
Widowed 15(2.8) Freelance 34(6.4)
Other 4(0.8) Retiree 28 (5.3)
Highest education No schooling 62 (11.6) Other 37(6.9)
level Primary School 53(9.9)  Treatment settings Medication 479 (89.9)
Junior High School 104 (19.5) Both medication and psychotherapy 54 (10.1)
High school or equivalent, GED 122 (22.9) Age Mean (SD)
College Graduate, Bachelor’s Degree 126 (23.6) 43.4(17.9)
Master’s Degree 5(0.9)
Doctoral Degree 2(0.4)
Other 59 (11.1)

Notes. N=533; parentheses show the proportion
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Measures

Hamilton Anxiety Scale (HAMA) and Hamilton Depres-
sion Scale (HAMD) have been broadly adopted to assess the
development of anxiety and depression. HAMA contains 14
items, and HAMD used in this study contains 24. Most items
have 5 measurements and a scale of 0 (never), 1 (mild), 2
(moderate), 3 (severe), or 4 (extremely severe), with a few
questions having 3 or 4 measurements (see Supplementary
Table A for details). Overall, according to precious studies
(Lu et al., 2020; Yang et al., 2019), a HAMA total score is
operationally categorized as no anxiety (score 0—6), mild
and moderate (score 7-13), and severe (score>14); the
total HAMD score can be graded as normal (score 0-7),
mild (score 8-19), moderate (score 20-34), and severe
depression (score >35). Previous studies demonstrated that
the epidemiology of anxiety and depression was strongly
affected by sociocultural and economic contexts, and both
scales have been validated in China and are widely used (Lu
et al., 2020; Yang et al., 2019).

Statistical analysis
Descriptive statistics and missing data handling

SPSS 25.0 was used for descriptive statistics. With a low
rate of missing data in our study (~ 5%, it is likely that these
missing values have little impact on the findings (Schlech-
ter et al., 2022). Yet CLPN modeling required a full-case
analysis (Wysocki et al., 2022), and the mice package was
used in predicted mean matching R to estimate the data
(van Borkulo et al., 2015). The package utilizes multivari-
ate imputation of chained equations, which offers unbiased
effect estimates and valid inferences after implementation
(Schlechter et al., 2022; van Borkulo et al., 2015). After
these steps, the final sample included 533 participants, and
their data were used in the subsequent network analysis.
Additionally, the data and R script have been uploaded to
OSF (https://osf.io/mt9gx/).

Contemporaneous networks

First, we constructed network structures for the sample
using the ggraph R package at T1 and T2, respectively
(Epskamp et al., 2018). Due to the massive estimated
parameters in the network (i.e., 38 nodes need to estimate
741 parameters: 38 threshold parameters and 38*37/2 =703
pairwise correlation parameters), it might lead to some false
positive edges. Therefore, all edges in the network were
reduced by the graphical lasso (glasso) algorithm (Epskamp
et al., 2018; Friedman et al., 2008), and the minor edges
were set precisely to zero, which maximized the fit and
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explained the covariances across nodes with the fewest pos-
sible edges. Further, the hyperparameter y, controlling the
weighing between false positive edges (i.e. specificity) and
removed true ones (i.e. sensitivity), was set to 0.5 (Beard et
al., 2016), along with the extended Bayesian Information
Criterion model selected to obtain a parsimoniously accu-
rate structure. Second, for graphical visualization, the edge
thickness marks the degree of association between nodes,
solid lines indicate positive associations and dashed lines
indicate negative ones. We used the averageLayout function
for network averaging, which presents a coherent layout
using the average position of different network structures
(Epskamp et al., 2012). That is, the same nodes in differ-
ent structures were fixed in the same position, and we also
added partial correlation coefficients to the network graph.
Third, in contemporaneous networks, centralities include
node strength, betweenness, and closeness (Epskamp et
al., 2018). Previous studies have considered betweenness
and closeness as unstable, and strength is primarily used in
research (Bringmann et al., 2022). Finally, we utilized the
networktools package to identify critical nodes for cluster
connectivity by computing the bridge strength based on
edge weights from a given node to other clusters (Heeren
et al., 2018; Jones et al., 2021). Nodes exhibiting a higher
bridge strength are deemed to play a more significant role in
activating nodes from the opposite clusters. To avoid confir-
mation bias in interpreting centrality statistics, we employed
a stringent approach that involved blind 80th percentile cut-
offs on both node bridge strength values when determining
the centrality and bridge nodes (Jones et al., 2021).

Network comparison

In comparing the global connectivity and local differences
between the networks, we employed the R package Network
Comparison Test (NCT; van Borkulo et al., 2022). This
analysis encompassed the examination of invariant global
strength and invariant edge weights through permutation
tests involving 1000 iterations. Participants were randomly
allocated to distinct groups (i.e., T1 and T2), with subse-
quent construction, estimation, and comparison of networks
using a bootstrap resampling method iterated 1000 times to
derive the null distribution of network differences under the
null hypothesis. A significance level of 0.05 was set. Global
strength, defined as the weighted sum of all edges, served as
the metric for assessing overall strength differences (Opsahl
et al., 2010). To address potential issues of multiple test-
ing, the NCT utilized the Holm-Bonferroni method for post
hoc corrections. Furthermore, local network properties were
assessed by examining strength invariance, reflecting varia-
tions in node strength (van Borkulo et al., 2022).
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CLPN network analysis

The network modeling approach in psychology revolves
around the concept that constructs are dynamic systems.
Cross-sectional data have limited utility in assessing net-
work dynamics because, while they can generate dynamic
hypotheses, they cannot to test them. We used the glmnet
package to calculate a directed CLPN from T1 to T2 (Tay et
al., 2023; Wysocki et al., 2022), CLPN can model a directed
network for two-time points, offering a novel opportunity
compared to established panel data methods, which neces-
sitate intensive longitudinal data, typically a minimum of
three-time points (Epskamp, 2020). The glmnet package used
for network estimation incorporates various link functions
suitable for non-normally distributed data, including binary,
multinomial, and Poisson. It comprises autoregressive
paths of nodes and examines cross-lagged effects between
nodes by regularizing regression estimates (Funkhouser
et al., 2021). Given the numerous potential causal paths
to estimate, regularization contributes to shrinking many
near-zero paths precisely to zero, which leads to the effec-
tive estimation of cross-time network relations, particularly
when dealing with limited longitudinal data. In the network
analysis, nodes denote symptoms and directed edges signify
autoregressive and cross-lagged effects. In the autoregres-
sive pathway, a baseline symptom predicted itself at follow-
up after adjustment for all others at the first time point. In
the cross-lagged pathway, baselines predicted differential
symptoms at follow-up after adjustment for all others at the
first time point. Specifically, as with the contemporaneous
network, a LASSO penalty was introduced on the estimated
regression coefficients to increase interpretability by reduc-
ing small regression paths to zero and expanding others
(Wysocki et al., 2022). Meanwhile, we computed central-
ity indices: the cross-construct “in” expected impact (iEI)
and “out” expected impact (oEI). iEI quantifies the extent to
which other symptoms predict each symptom (i.e., the sum
of the incoming edge weights), as compared to oEI, describ-
ing the extent to which other symptoms are predicted by
each symptom (i.e., the sum of the outgoing edge weights).
High oEl is particularly highlighted in clinical practice
because it predicts a wide range of other symptoms, namely,
its activation might subsequently trigger other symptoms
across the network (McNally, 2016; Wysocki et al., 2022).

Accuracy and stability test

We used the bootnet package bootstrapping method to
evaluate the estimation accuracy and robustness of contem-
poraneous networks at T1 and T2 (Epskamp et al., 2018).
First, 2000 nonparametric bootstraps were performed to
draw 95% confidence intervals (Cls) from each edge weight

to test the accuracy estimation. Higher Cls of overlapping
edge weights indicate lower accuracy of the graphical depic-
tion. Second, the correlation stability (CS) coefficients of
2000 case-dropping subsets bootstrap examined the central-
ity stability. Specifically, it shows how the centrality index
changes as the proportion of the sample subset decreases
(e.g., comparing the total sample with only 50% of them).
The more rapidly the centrality shifts with decreasing
sample proportions, the less stable it is. The CS coefficient
shows the maximum acceptable degree of sample reduction,
with strong stability above 0.50 and a minimum not less
than 0.25. Finally, for CLPN, we performed stability checks
on the accuracy of its edge weights, the difference, and the
stability of iEI and oEI.

Results
Descriptive statistics

Table 2 presents the mean and standard deviation of all items
assessed at T1 and T2, a higher score indicated a stronger
propensity for the trait (Schlechter et al., 2022). From T1
to T2, mean symptom levels decreased and total HAMA
scores significantly lower, ¢ (532) = -34.32, p<0.001;
Hedges’ g = -1.77 (95% CI [-1.908, -1.624]). Similarly,
HAMD decreased significantly in mean symptoms, ¢ (532)
= -34.73, p<0.001; Hedges’ g = -1.75 (95% CI [-1.890,
-1.607]).

Contemporaneous networks

Figure 1 shows the connectivity between the symptoms (i.e.,
nodes) of samples before T1 treatment and after T2 treat-
ment. To visualize which symptoms are more connected, we
set “minimum value=0.16, cut value=0.05,” meaning that
edges with values less than 0.16 are not displayed. Overall,
symptom connectivity changed before and after treatment,
whereas sleep-related entries HA4, HD4, HDS, and HD6
did not change markedly in their clustering. Within the net-
work at T1, the strongest edges were HA 11 (gastrointestinal
symptoms) and HD12 (somatic symptoms, GI); HA2 (ten-
sion) and HA3 (fear); HA4 (insomnia) and HD4 (insomnia,
early). Meanwhile, the most central nodes were HA2 (ten-
sion), HA7 (somatization), HA8 (anxiety, somatic), HD1
(depressed mood), HD8 (psychomotor retardation), HD12
(somatic symptoms, GI), HD13 (autonomic symptoms), and
HD23 (hopelessness), which indicated these items were the
more cored nodes. Based on the values of bridge strength
presented in Table 3; Fig. 1 illustrate the symptoms that func-
tion as bridge nodes. These nodes, which scored in the top
20% for bridge strength, included HD1 (depressed mood),
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Table 2 Descriptive analysis of items

Item-codes/ abbreviated wording T1 (N=533) T2 (N=533) DSM- IV Symptom
M  SD Skewness Kurtosis M  SD Skewness Kurtosis abbreviation/cluster
HA1/ Anxiety, psychic 247 089 -0.50 0.23 0.99 0.75 0.59 0.51 Psychic anxiety
HA2/ Tension 1.73 1.14 -0.19 -1.03 0.55 071 1.17 1.06 Psychic anxiety
HA3/ Fear 1.37 1.14 0.22 -1.06 037 0.64 1.84 3.78 Psychic anxiety
HA4/ Insomnia 249 1.15 -0.64 -0.27 0.64 081 130 1.50 Psychic anxiety
HAS/ Intellectual 1.66 099 -0.08 -0.45 0.78 0.79 0.85 0.43 Psychic anxiety
HAG6/ Depressed mood 222 1.01 -0.08 -0.44 0.79 0.76 0.85 0.87 Psychic anxiety
HA7/ Somatization 1.12  1.15 0.60 -0.80 0.35 0.67 2.13 4.92 Somatic anxiety
HAS8/ Anxiety, somatic 1.29 1.15 0.32 -1.07 045 0.69 1.57 2.71 Somatic anxiety
HA9/ Cardiovascular symptoms 0.97 097 0.49 -0.91 0.25 054 2.26 5.29 Somatic anxiety
HA10/ Respiratory symptoms 0.74 095 0.92 -0.38 022 051 2.62 7.80 Somatic anxiety
HA11/ Gastrointestinal symptoms .11 1.08 0.51 -0.77 0.35 0.63 1.87 3.66 Somatic anxiety
HA12/ Genitourinary symptoms 044 083 1.82 2.35 0.09 0.32 2.80 1.98 Somatic anxiety
HA13/ Autonomic symptoms 129 1.10 0.25 -1.12 0.52 0.73 147 2.35 Somatic anxiety
HA14/ Behavioral changes 1.63 1.09 -0.10 -0.88 049 062 1.15 1.94 Psychic anxiety
HD1/ Depressed mood 220 1.00 -0.04 -0.50 0.83 0.76 0.70 0.27 Retardation
HD2/ Feelings of guilt 094 1.01 0.70 -0.62 030 0.61 2.13 4.44 Cognitive disturbance
HD3/ Suicide 1.00 1.13 0.88 -0.29 0.23 0.58 2.90 2.18 Cognitive disturbance
HD4/ Insomnia, early 2.02 1.01 -0.37 -0.17 049 0.75 1.56 2.12 Sleep disturbance
HD5/ Insomnia, middle 1.79 1.05 -0.17 -0.55 0.56 0.78 1.30 1.18 Sleep disturbance
HD6/ Insomnia, late 1.57 1.14 0.01 -0.90 0.40 0.66 1.57 1.86 Sleep disturbance
HD7/ Work and interests 2.01 1.00 -0.22 -0.53 0.80 0.72 0.78 0.92 Retardation
HD8/ Psychomotor retardation 0.79 099 1.10 0.42 0.15 0.45 1.30 1.96 Retardation
HDY/ Psychomotor agitation 0.59 096 1.52 1.35 0.16 049 242 2.08 Cognitive disturbance
HD10/ Anxiety, psychic 2.13 090 -0.20 0.07 0.85 0.74 0.63 0.17 Anxiety/ somatization
HD11/ Anxiety, somatic 1.79 099 -0.14 -0.41 0.66 0.70 0.77 0.09 Anxiety/ somatization
HD12/ Somatic symptoms, GI 1.02 1.05 0.64 -0.62 032 0.61 212 5.18 Anxiety/ somatization
HD13/ Somatic symptoms, general .11 1.12 0.63 -0.65 042 0.67 1.60 2.14 Anxiety/ somatization
HD14/ Genital symptoms 0.24 0.64 3.08 1.00 0.07 033 5.51 3.99 Retardation
HD15/ Hypochondriasis 0.56 0.84 1.37 1.09 0.22 051 2.57 4.20 Anxiety/ somatization
HD16/ Loss of weight 038 0.75 2.03 3.64 0.06 030 1.43 4.81 Weight
HD17/ Insight 0.74 1.09 1.20 0.22 025 059 2.67 343 Anxiety/ somatization
HD18/ Diurnal variation 0.84 135 1.44 0.66 030 0.76 2.99 3.35 Diurnal variation
HD19/ Depersonalization, 0.18 057 3.85 1.75 0.04 028 1.23 3.49 Cognitive disturbance
derealization
HD20/ Paranoid symptoms 0.50 0.85 1.66 1.81 023 055 271 4.72 Cognitive disturbance
HD21/ Obsessive, compulsive 0.53 087 1.67 2.19 026 0.58 2.48 6.24 Cognitive disturbance
HD22/ Helplessness 1.70 1.08 0.01 -0.75 0.66 0.69 0.84 0.54 Hopelessness
HD23/ Hopelessness 121 1.19 0.71 -0.43 0.39 0.67 1.94 4.24 Hopelessness
HD24/ Worthlessness 1.26 1.16 0.61 -0.53 045 0.67 1.37 1.27 Hopelessness
Notes. See Supplementary Table A for details of item diagnosis
HD7 (work and interests), HD8 (psychomotor retardation), =~ Network comparisons

HD12 (somatic symptoms, GI), HD13 (somatic symptoms,
general), HD14 (genital symptoms), HD15 (hypochon-
driasis), and HD18 (diurnal variation). Edge investigation
showed that the connections between anxiety and depres-
sion symptoms primarily occurred via these bridge nodes.
Notably, most of these bridge nodes corresponded to the
retardation and anxiety/ somatization symptom domains of
the HAMD, and the only exception was diurnal variation.
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The global strength values of the T1 and T2 networks were
18.19 and 18.69, respectively. Comparing both networks,
no significant differences were found in terms of global
strength (p=0.38), yet the centrality test indicated signifi-
cant differences (p < 0.05). A more detailed examination of
local strength invariance unveiled notable variations. Spe-
cifically, nodes such as HA3 (fear), HA4 (insomnia), HAS
(intellectual), HD3 (suicide), HD9 (psychomotor agitation),
HDI10 (anxiety, psychic), HD16 (loss of weight), and HD22
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@ Retardation
HD1: Depressed mood
HD7: Work and interests
HDS8: Psychomotor retardation
HD14: Behavioral changes

Symptom abbreviation/cluster
(@ Anxiety/ somatization
HD10: Anxiety, psychic
HD11: Anxiety, somatic
HD12: Somatic symptoms, GI
HD13: Somatic symptoms, general
HD15: Hypochondriasis
HDI17: Insight © Sleep disturbance
HD4: Insomnia, early
HD5: Insomnia, middle
HD6: Insomnia, late

@Diurnal variation
HD18: Diurnal variation

@ Cognitive disturbance
HD?2: Feelings of guilt
HD3: Suicide
HD9: Psychomotor agitation
HD19: Depersonalization/ derealization HA4: Insomnia
HD?20: Paranoid symptoms
HD21: Obsessive/ Compulsive

@ Hopelessness
HD22: Helplessness
HD23: Hopelessness
HD24: Worthlessness

)

@Psychic anxiety
HA1: Anxiety (psychic)
HAZ2: Tension
HAZ3: Fear

& Somatic anxiety
HA7: Somatization
HAS: Anxiety (somatic)
HA9: Cardiovascular symptoms
HA10: Respiratory symptoms
HA11: Gastrointestinal symptoms
HA12: Genitourinary symptoms
HA13: Autonomic symptoms

HAS5: Intellectual
HAG6: Depressed mood
HA14: Behavioral changes

OWeight
HD16: Loss of weight

Fig.1 (a) Contemporaneous networks at T1; (b) Contemporaneous networks at T2. Minimum value =0.16, cut value=0.05; the coefficient on the

line is an undirected edge weight between nodes

(helplessness) exhibited a significant reduction (p <0.05).
In contrast, nodes including HA12 (genitourinary symp-
toms), HD6 (insomnia, late), HD7 (work and interests), and
HD13 (somatic symptoms, general) demonstrated a signifi-
cant enhancement (p < 0.05), as detailed in Table 3.

CLPN networks

Figure 2 indicates the complex cross-lagged effects. First,
many nodes revealed substantial autoregressive effects,
“HD21: obsessive, compulsive, f=0.15"; “HAG: depressed
mood, HAS: anxiety, somatic, HD17: insight; all $=0.14";
“HAS: intellectual, HD24: worthlessness; both f=0.13".
Second, one of the most predictive nodes in the CLPN was
“HD14: genital symptoms”, HD14— “HA7: somatization,
£=0.10", HD14— “HAIlLl: gastrointestinal symptoms,
£=0.05", HD14— “HDI11: anxiety, somatic, f=0.05",
HD14— “HDI8: diurnal variation, f=0.05". Following
is “HD15: hypochondriasis”, which predicted respectively
“HDI10: anxiety, psychic, f=0.07", “HA14: behavioral
changes, f=0.06", and “HA3: fear, f=0.05". Additionally,
“HD20: paranoid symptoms”— “HA2: tension, f=0.07",
“HD20: paranoid symptoms”™— “HAS: intellectual,
£=0.06", and “HD20: paranoid symptoms”— “HA2:

feelings of guilt, §=0.06". Finally, the strongest negative
edges were “HD17: insight”— “HA2: tension, § = -0.05”.

Accuracy of the networks

The relatively narrow 95% Cls of the bootstrap indicate
that the edges of the contemporaneous and CLPN network
would be judged accurately (see Supplementary Figures S1,
S2, and S9), and we performed bootstrap difference tests for
edge weights and centralities separately (see Supplementary
Figures S3 to S8). In the contemporaneous networks, the
CS coefficients for edges, strength, and bridge strength at
T1 (0.67/0.67/ 0.60) and T2 (0.60/ 0.44/ 0.52) were > 0.25,
which meet the cutoff score suggested by Epskamp et al.
(2018). Additionally, stability was low for iEI but strong for
oEI (CS coefficient of 0.13 and 0.75, respectively), which
indicated weak iEI interpretability (see Supplementary Fig-
ures S10 and S11 for details).
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Table 3 Node strength, bridge Item-codes  T1 T2 Strength Invariance
strength, a.nd the comparison of Strength Bridge strength Strength Bridge strength Difference p
strength differences
HAl 0.96 0.39 1.05 0.54 -0.08 0.51
HA2 1.09 0.36 1.06 0.42 0.03 0.78
HA3 0.87 0.33 1.00 0.60 -0.13 0.04
HA4 0.69 0.49 0.98 0.75 -0.29 0.00
HAS 0.80 0.63 1.00 0.54 -0.19 0.01
HA6 1.00 0.79 1.01 0.63 -0.01 0.99
HA7 1.01 0.65 1.10 0.37 -0.08 0.76
HA8 1.07 0.61 0.95 0.50 0.13 0.10
HA9 0.73 0.28 0.94 0.46 -0.21 0.94
HA10 0.96 0.28 0.86 0.38 0.10 0.98
HA1l 0.94 0.80 1.01 0.68 -0.07 0.39
HA12 1.00 0.64 0.55 0.26 0.46 0.00
HA13 0.97 0.43 0.98 0.44 -0.01 0.54
HA14 0.83 0.54 0.82 0.44 0.00 0.96
HD1 1.15 1.37 1.00 1.18 0.15 0.29
HD2 0.98 0.64 0.97 0.65 0.01 0.46
HD3 0.47 0.44 0.91 0.55 -0.44 0.00
HD4 0.88 0.52 0.96 0.53 -0.08 0.19
HD3 0.91 0.28 1.00 0.48 -0.09 0.29
HD6 0.94 0.59 0.82 0.42 0.12 0.03
HD7 1.00 0.90 0.69 0.65 0.31 0.00
HD8 1.01 0.89 0.88 0.82 0.13 0.56
HD9 0.71 0.43 0.95 0.61 -0.24 0.04
HD10 0.90 0.78 0.97 0.88 -0.07 0.00
HDI11 0.87 0.62 0.83 0.51 0.04 0.21
HDI12 1.15 1.07 1.11 0.74 0.04 0.65
HD13 1.16 0.94 0.97 0.51 0.19 0.01
HD14 0.80 0.80 0.83 0.74 -0.04 0.93
HD15 091 0.94 0.93 0.83 -0.01 0.96
HD16 0.60 0.60 0.92 1.04 -0.32 0.00
HD17 0.62 0.76 0.27 0.58 0.35 0.24
HD18 0.86 0.86 0.79 0.79 0.07 0.57
HD19 1.00 0.61 0.59 0.48 0.41 0.39
HD20 0.69 0.34 1.00 0.56 -0.31 0.19
HD21 0.69 0.39 0.90 0.52 -0.21 0.18
Nm}f- Strength I,nvar?nlcletffers HD22 0.94 0.56 117 0.95 022 0.00
to the examination of whether
there are differences in the HD23 119 0.76 115 0.73 0.04 0.62
HD24 0.93 0.51 0.84 0.53 0.08 0.09

strength between two nodes

Discussion

Our study is based on clinicians’ objective assessment with
a large clinical cure sample in the acute phase (Qaseem et
al., 2023). Additionally, we conducted network analysis to
identify core symptoms, bridge symptoms, and comorbid
pathways of anxiety and depression before and after treat-
ment, Furthermore, a longitudinal network analysis was
employed to concentrate on individual-specific symptoms
rather than aggregate scores or overall diagnoses, providing
specific and feasible insights for clinical intervention.

@ Springer

Central symptoms

After a thorough examination of the contemporary and lon-
gitudinal network distribution trends, we identified the top
20% of nodes based on their centrality scores for further dis-
cussion (Jones et al., 2021; Sun et al., 2023). The contempo-
raneous network at T1, HA2 (tension), HA7 (somatization),
HAS8 (anxiety, somatic), HD1 (depressed mood), HD8
(psychomotor retardation), HD12 (somatic symptoms, GI),
HDI13 (autonomic symptoms), and HD23 (hopelessness)
were the nodes with higher centrality. Meanwhile, depressed
mood, psychomotor retardation, somatic symptoms (GI),
and hopelessness were also bridge nodes associated with
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Fig. 2 (a) A cross-lagged panel network with auto-regressive paths,
green edges represent positive associations while red edges represent
negative associations with arrows indicating a directed association
between nodes (T1— T2). (b) Cross-construct in-expected influence

psychological and physical symptoms of anxiety. The con-
temporaneous network at T1 estimation revealed complex
interactions in the comorbidity of anxiety and depression,
illuminating multiple associations among symptoms related
to both domains. Activation of these nodes may increase the
likelihood of comorbidity (Jones et al., 2021). For instance,
somatic symptoms associated with depression, such as nau-
sea, diarrhea, and constipation, may trigger a cluster of
somatic symptoms related to anxiety. Similarly, psychologi-
cal symptoms linked to depression, such as depressed mood,
may elicit psychological symptoms associated with anxiety.
In this study, depressed mood emerged as the central symp-
tom in the network, aligning with prior research (Beard et
al., 2016; Tao & Hou et al., 2023) and clinical diagnostic
criteria that consider it as a prerequisite for major depres-
sive disorder (Tao et al., 2023). Given that data collection
occurred during the unprecedented COVID-19 pandemic,
previous studies suggest that unexpressed depressed mood
can accumulate into depression (Jeong et al., 2019). Fortu-
nately, Tao et al. (Tao et al., 2023) found through network
analysis that once lockdowns end or interventions like cog-
nitive therapy reduce the level of sadness, depression lev-
els significantly decrease. Therefore, interventions should

G [

ot

1ot

ot

ot

(b)

and out-expected influence. Higher z-scores indicate greater centrality.
Out-expected should not be interpreted due to the low stability. See
Table 2 for symptom descriptions and names

consider the interconnectedness between various dimen-
sions to disrupt pathways leading to comorbidity (Bring-
mann et al., 2022; Sun et al., 2023).

Bridge symptoms and comorbid pathways

We found the comorbid pathways primarily through depres-
sive dimensions of psychomotor retardation (i.e., depressed
mood, work and interests, psychomotor retardation, and
genital symptoms) and somatization (i.e., somatic symptoms,
GI; somatic symptoms, general; hypochondriasis) and diur-
nal variation, thus enriching previous research (e.g., Kaiser
et al., 2021). The interrelations between the two disorders
extend beyond emotional symptoms and might involve rela-
tionships between physical and psychological symptoms, a
circumstance in which comorbidity among patients is more
likely to occur once these nodes are activated. Additionally,
the results of CLPN showed that all iEI nodes were anxiety
items, namely, anxiety symptoms at T2 might be influenced
more by the comorbidity of T1, which probably indicated
that anxiety is superficially developed and might be easier to
cure from specific symptom levels (Salari et al., 2020; San-
tomauro et al., 2021), and previous research demonstrated
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that symptoms of anxiety commonly appear after depres-
sion symptoms (Long et al., 2018). Given the minor CS
coefficients of iEI, the absence of long-term and multipoint
data (three or more), and caution is required when interpret-
ing the linkage-directed aspects in the present study.

Assessment of treatment outcomes

Our NCT findings confirmed that there was no significant
change in overall network strength during treatment. How-
ever, a difference test of total scores indicated a marked
improvement in comorbid symptoms following treatment.
As Fried and Nesse (2015) highlighted, commonly used
total scores may mask the interactions between symptoms.
Node strength invariance supports this inference, with the
majority of nodes showing significant differences and even
a prognostic enhancement. For instance, the community
symptom cluster for sleep was a relatively isolated cluster
module and did not change significantly before and after
treatment, in which the strength of node HD6 (insomnia,
late) was markedly increased instead. It may be related to
the inpatient setting being group mixed accommodation (see
Supplementary Figure S12), or depressive sleep diagnostic
symptoms might have been similar to sleep disorder ones
that are transdiagnostic (First et al., 2022; McNally, 2021).
A previous meta-analysis by Deng et al. (2021) found that
the prevalence of anxiety, depression and sleep disturbances
in higher education students during the pandemic were
homogeneous among them. From a clinical perspective, a
short-term treatment focus for physicians should probably
be on other targets or changes in current therapies, and
patients would be better off being self-accepting of sleep
disorders; in the mid to long term perhaps a doctor-patient
partnership could be considered, and cognitive behavioral
therapy for insomnia would be a good choice (Deng et al.,
2021; Qaseem et al., 2016). Simultaneously, clinicians and
patients should be aware that side effects induced by anti-
depressants, such as selective serotonin reuptake inhibitors,
may encompass gastrointestinal dysfunction, insomnia,
headaches, and sexual dysfunction (Qaseem et al., 2023).
It is noteworthy that our research also revealed a significant
enhancement in genitourinary symptoms and somatic symp-
toms (general) at T2.

Furthermore, oEI nodes of genital symptoms, hypochon-
driasis, paranoid symptoms, and insight at T1 could pre-
dict certain symptoms at T2. For those higher oEI nodes
that become targets for focused clinical intervention, their
cure could be crucial for the rapid elimination of other
comorbidity symptoms at T2 (Bringmann et al., 2022;
McNally, 2021). Drawing insights from our findings, (a)
Genital symptoms exhibit a robust predictive influence on
other symptoms from T1 to T2. Considering the potential
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financial and time costs for hospitalized individuals, a prag-
matic approach involving a combination of pharmacologi-
cal and psychological interventions aligns with treatment
guidelines recommendations (First et al., 2022; Wrobel et
al., 2023). (b) Hypochondriasis and paranoid symptoms at
T1 could predict other symptoms at T2, a study has indi-
cated that mindfulness-based stress reduction can effectively
alleviate discomfort in interpersonal relations and paranoid
ideation symptoms (Hirshberg et al., 2022). (¢) Insight neg-
atively predicted tension, a node with high centrality in the
contemporaneous network, and heightened susceptibility.
Psychological interventions, such as cognitive-behavioral
therapy, aimed at helping patients recognize, acknowledge,
and transform negative or unhelpful thinking patterns may
be appropriate (Chavez-Baldini et al., 2022). Notably, both
genital symptoms and hypochondriasis also served as criti-
cal bridge nodes for anxiety disorders and depression at T1,
which suggests the need for swift and targeted intervention
at these identified nodes is essential for the expeditious miti-
gation of comorbidity symptoms at T2.

Limitations

Despite the identification of temporal changes in symptom
networks in this study, it is important to approach with cau-
tion when attempting to assert directional explanations for
causal relationships among symptoms. This is because, first,
the clinical sample mainly consisted of the pandemic and
required a careful extension to non-pandemic periods. Sec-
ond, the homogeneous country of the patients (from China)
also affected the universality of the findings. Finally, the
CLPN model confounds intra- and inter-participant effects
(Borsboom et al., 2021), which might bias outcomes if the
variables contain stable individual differences (McNally,
2021; Wysocki et al., 2022). This means that cross-lagged
effects might arise in correlated variables without causality
(Borsboom, 2022; Borsboom et al., 2021), and the approach
to separate these influences may require at least three waves
of data.

Conclusion

In conclusion, our study is grounded in clinicians’ objec-
tive assessments of a substantial clinical sample during the
acute phase and utilized network analysis to delineate core
symptoms, bridge symptoms, and comorbid pathways of
anxiety and depression before and after treatment. Find-
ings demonstrate multiple unique associations of nodes
within networks and further support the importance of
comorbidity interactions over time and between disorders,
which provide clinical recommendations for psychological
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interventions targeted to reduce the development of comor-
bidity symptoms.

First, our analysis of central symptoms highlighted the
significance of certain nodes, such as tension, somatization,
anxiety (somatic), depressed mood, psychomotor retarda-
tion, somatic symptoms (GI), autonomic symptoms, and
hopelessness, with higher centrality in the contemporane-
ous network at T1. Moreover, depressed mood emerged as
a central symptom, aligning with prior research and clinical
diagnostic criteria. Second, bridge symptoms and comorbid
pathways enriched our understanding. Swift and targeted
intervention at identified nodes, particularly higher oEI
nodes like genital symptoms, hypochondriasis, paranoid
symptoms, and insight at T1, is crucial for the rapid elimi-
nation of comorbidity symptoms at T2. Finally, Assessment
of treatment outcomes revealed that while overall network
strength remained stable during treatment, specific symp-
toms changed significantly, underscoring the importance of
nuanced evaluations beyond total scores. Existing assess-
ment tools face limitations in capturing real symptom
changes, and to prompt the integration of network analysis
in clinical practice, the reshape2 R can be considered for
data integration, extraction, and analysis with the existing
Hospital Information System to provide additional symp-
tomatic network features. Additionally, our findings sug-
gested that certain symptoms, such as those related to sleep
disturbances, may require a differentiated treatment focus
and a long-term doctor-patient partnership. Given the pre-
dominant use of pharmacological treatments in this study
(see Table 1), targeted interventions such as psychotherapy
may enhance treatment outcomes. Existential Group Ther-
apy, for instance, utilizes creative activities like construct-
ing a ‘Tree of Life’ and engaging in psychodrama sessions,
coupled with group dynamics, to explore existential sub-
themes. This approach aims to facilitate self-identification,
enhance the sense of meaning, and alleviate existential anxi-
ety, fear of death, and depression among group members
(Ding et al., 2023; Peteet, 2011).

Overall, integrating network analysis into diagnostic,
treatment, and follow-up processes offers valuable insights
at the symptom level. This integration can inform the devel-
opment of personalized treatment plans, expediting recov-
ery in comorbid populations.
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