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Abstract
Background The symptom burden in people with HIV (PWH) is considerable. Nonetheless, the identification of a 
central symptom, or bridge symptom, among the myriad symptoms experienced by PWH remains unclear. This study 
seeks to establish networks of symptom experiences within different clusters and investigate the relationships and 
interconnectedness between these symptoms in PWH.

Methods A multicenter, cross-sectional descriptive design was carried out in China over two periods: November 
2021 to January 2022 and April 2022 to May 2022. A total of 711 PWH completed online questionnaires, providing 
information on demographics and the 27-item Self-Report Symptom Scale. The symptom network was analyzed 
using Network/Graph theory, allowing for the exploration of connections between physical, cognitive, and 
psychological symptoms. This analysis was based on data from a subset of 493 individuals out of the total 711 PWH.

Results A total of 493 PWH who exhibited symptoms out of a total of 711 PWH were analyzed. The average number 
of symptoms reported was 5.367. The most prevalent symptom was sleep disturbance (37.98%). In the node centrality 
analysis, a cognitive symptom, ‘becoming confusing’, emerged as the most central symptom with significant values 
for node centrality (strength = 1.437, betweenness = 140.000, closeness = 0.003). Fever was identified as the bridge 
symptom with the highest bridge strength (0.547), bridge closeness (0.053), lower bridge betweenness (23.000), and 
bridge expectedinfluence (0.285). Overall, our network displayed good accuracy and stability.

Conclusion Early identification and assessment of the central or bridge symptoms should be emphasized in 
clinical practice. According to the findings from network analysis, healthcare providers should proactively explore 
intervention strategies or bundle care to alleviate the burden of symptoms and enable anticipatory care.
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Introduction
Since the widespread use of antiretroviral therapy (ART), 
people with HIV (PWH) have experienced a significant 
improvement in life expectancy, nearing that of the gen-
eral population [1]. However, PWH often encounter a 
wide range of complex and interconnected symptoms 
throughout their battle against HIV, stemming from the 
infection itself, the side effects of ART, and coexisting 
health conditions [2]. Research indicates that PWH typi-
cally experience five or more symptoms concurrently in 
various countries such as the US [3], Vietnam [4], and 
China [3]. These symptoms can manifest as physical 
issues like fatigue, pain, and gastrointestinal disturbances, 
as well as psychological challenges, including depression, 
anxiety, and cognitive impairments [4]. The cumulative 
burden of these complex symptoms negatively affects the 
clinical outcomes, quality of life, and treatment adher-
ence of PWH [5].

Modern medicine embraces the biopsychosocial 
model, which views biological, psychological, and social 
factors as interconnected aspects of an individual’s 
health [6]. This model acknowledges that physical symp-
toms can be influenced by psychological factors like 
stress, emotions, and cognition, while physical condi-
tions can also impact mental well-being. Various studies 
have highlighted the bidirectional relationship between 
physical and psychological symptoms, underscoring the 
significance of a comprehensive healthcare approach 
[7–9]. Traditional Chinese medicine and modern medi-
cine have explored the concept of integrated treatment 
of the body and mind [10, 11]. Prior research has indi-
cated that symptoms in persons with health conditions 
are often interconnected and interact with one another 
rather than existing in isolation [12]. For instance, fatigue 
may be linked to sleep disturbances, depression, and pain 
[13, 14], intensifying the overall symptom burden. Using 
a network analysis approach, this study provides valu-
able insights into managing symptoms in individuals with 
health conditions. The network approach conceptualizes 
the complex network structure formed by the intercon-
nection of all symptoms, where symptoms act as nodes 
and causal interactions between symptoms serve as con-
nections. This interpretation of the network approach by 
creating a network of symptoms and identifying those 
with high centrality, we can pinpoint the most impactful 
symptoms and determine how central symptoms affect 
others, suggesting that if an intervention alters the state 
of one symptom, it can affect the probability distribu-
tion of other symptoms [15]. In turn, bridge symptoms 
are broadly defined as symptoms linking various symp-
tom clusters or subgroups within a cluster [16]. They are 
considered important treatment targets because deacti-
vating these symptoms might prevent the development 
of comorbidity. Therefore, identifying central and bridge 

symptoms within this intricate network will enhance the 
efficiency and effectiveness of interventions.

Traditional approaches to studying symptoms often 
focus on individual symptoms in isolation, potentially 
overlooking their interconnected nature and the cas-
cading effects they may have on overall health. Network 
analysis offers a new framework for examining symp-
tom experiences by analyzing the relationships between 
symptoms and revealing how they influence and interact. 
Symptom networks have been applied to various clinical 
issues, including depression [17, 18], autism, schizophre-
nia [19, 20], anxiety disorders [21], eating disorders [22, 
23], pediatric cough [24], substance use [25], and more. 
These interconnected symptom networks undoubtedly 
impact clinical outcomes,well-being, treatment adher-
ence, and quality of life. Zhu Z and his team in China 
have pioneered this technique to explore the network 
of symptom severity among PHW. Their research has 
highlighted the importance of critical symptoms, often 
referred to as bridge symptoms [26, 27].

Symptoms not only involve issues such as frequency 
and severity but also encompass the situational signifi-
cance of symptom distress, which is integrated into what 
is known as the symptom experience [28]. This concept 
reflects the multidimensional nature of symptoms and 
provides a more precise and comprehensive description 
than mere severity alone. Therefore, this study aimed 
to establish a symptom network for PWH based on the 
symptom experience. The second aim was to identify 
central or bridging symptoms within the network.

Materials and methods
Setting and study sample
This is a large-scale, multi-center, cross-sectional survey 
conducted in China, and we have previously reported 
on some of the research data. The content of this man-
uscript is a secondary analysis of the overall research 
data [29–31]. This investigation was conducted in nine 
HIV-designated medical institutions in China, includ-
ing three high-incidence areas involving Xinjiang Prov-
ince, Guangxi, and Sichuan Province, three areas with 
slightly high incidence involving Beijing, Hunan, and 
Guangdong Province, two moderate-incidence areas 
involving Qinghai Province and Henan Province as well 
as Shenyang City located in northeast China’s Liaoning 
Province that is low incidence area. In the period of 4 
months, from November 2021 to January 2022 and April 
2022 to May 2022, 711 PWH who were diagnosed with 
HIV-infected and at least 18 years old were enrolled to 
participate in this study from the above medical institu-
tions by convenient and quota sampling according to sex, 
age, and residential areas. Excluded participants were 
those diagnosed with severe conditions who were unable 
to complete the survey. On this basis, participants in the 
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network analysis were also required to fulfill the criteria 
of having at least one and more symptoms. We recruited 
the target population by putting up posters, and field 
investigators were responsible for providing explana-
tions. All participants signed written informed consent. 
The ethics review board approved this study, and the ref-
erence number is DTEC-KY2021-015-01.

Measurements
The 27-item Self-Report Symptom Scale Chinese ver-
sion [32] used in this study was employed to quantify 
the symptom experience(including symptom frequency, 
symptom severity, and symptom distress, namely symp-
tom multidimensionality) of PWH, which was developed 
based on the Self-report Symptom Checklist (SRSC) 
from the School of Nursing at Fudan University [4]. In 
our study, it was combined with the horizontal content 
of the Chinese version of the Memorial Symptom Assess-
ment Scale (MSAS) based on suggestions from Vincenzi 
[33], with a content validity index of 0.918 and a Cron-
bach’s α coefficient of 0.916. This scale may be used to 
screen for physical, cognitive, and psychological symp-
toms and rate their frequency, severity, and distress in the 
past two weeks. The frequency and severity of these 27 
symptoms were evaluated with a four-point Likert scale, 
and the distress of symptoms was rated by a five-point 
Likert scale with higher values indicating more burden 
symptoms. Each symptom’s experience score is the sum 
of the three dimension scores.

Demographic information for the PWH included age, 
sex, ethnicity, education, marital status, employment sta-
tus, economic income, residential districts, and personal 
monthly income in the previous 12 months. Clinical 
information such as years since HIV diagnosis, years of 
ART, the latest CD4 + T cell count, disease staging, and 
comorbidities was obtained from the hospital’s electronic 
medical record system.

Data collection
All participants were investigated using questionnaires 
administered by field investigators through an online sur-
vey platform (https://www.wjx.cn/). Each question was 
set as a required answer. We assigned nine field investiga-
tors to oversee on-site data collection in the above HIV-
designated medical institutions. They were responsible 
for explaining and guiding but not inducing activity. The 
self-report took approximately 10–15  min to complete. 
At the end of the survey, those who completed the study 
received 50 yuan RMB.

Statistical analysis
The study analyzed the sociodemographic characteristics 
of all participants through descriptive statistics, such as 
frequencies, percentages, means, and standard deviations 

(SDs). A sociodemographic and clinical characteristics 
were compared using the chi-squared test or t-test. Sta-
tistical significance was determined by P-values < 0.05. 
The sample size in the study was calculated following 
Constantin’s suggestion [34]: a minimum sample size 
of greater than 20 times the number of nodes or more 
than 250–350 cases, or using the formula n = N*(N-1)/2 
(where N represents the number of nodes and n repre-
sents the sample size).

To explore the connected structure of symptom net-
works, we used the symptom network analysis (SNA) 
approach [15] to demonstrate the aims of our study by 
graphical summary. In SNA, symptoms are represented 
by independent nodes, and an edge between nodes 
reflects the conditional dependence relation between 
them; the thicker the edges are, the stronger the asso-
ciation between the two nodes [27]. A centrality analy-
sis was conducted to examine each item’s critical role 
within the symptom networks. Three centrality mea-
sures were calculated in this study: strength (i.e., the sum 
of the edge weights connected to a node), betweenness 
(i.e., the number of times that node lies on the shortest 
path between two other nodes), and closeness (i.e., indi-
cated by the average distance between one symptom and 
all other nodes. The shorter the route is, the greater the 
closeness value) [35]. A higher strength centrality indi-
cates a greater likelihood of the symptom co-occurring 
with other symptoms [35]. On the other hand, closeness 
centrality highlights the central position of the symp-
tom in the network [36]. Additionally, nodes with higher 
betweenness centrality have a more significant impact on 
the network [35]. Regarding centrality indices, strength 
centrality is considered the most vital and dependable 
[37], while closeness centrality and betweenness central-
ity are less practical. Age and sex, being confounders, 
were adjusted in network analysis.

Difference tests of edge weights tested network robust-
ness and accuracy from the observed data network 
and those estimated under non-parametric bootstrap-
ping [38]. The 95% bootstrap confidence intervals (CIs) 
derived from nonparametric bootstrapping with 1000 
iterations were employed for the edge weights [39]. The 
centrality stability coefficient (considering strength and 
betweenness) was used to determine the maximum pro-
portion of cases that can be dropped to retain the same 
centrality values. We calculated the stability coefficient 
concerning the expected impact of nodes using a case-
dropping subset bootstrap approach [40]. This coefficient 
should not be below 0.25 [40].

Testing whether the centrality of different nodes or 
the edge weights of different edges are significant is still 
done using the bootstrap difference test. This calculates 
the difference in the nodes’ centrality or edge weights 
and constructs confidence intervals obtained from their 

https://www.wjx.cn/
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repeated sampling. According to the null hypothesis test, 
if the zero lies within the confidence interval, the differ-
ence in node centrality or edge weights is insignificant 
[41].

Our study conducted data analysis in the software 
packages R (version 3.6.3, available at https://www.r-
project.org), packages qgraph [42], botnet, and Free Sta-
tistics software versions 1.7 were also used to perform all 
statistical analyses. All data analysis was the responsibil-
ity of statisticians who were not directly involved in the 
research.

Results
Baseline characteristics of the study population
We recruited a total of 711 HIV-infected individuals to 
complete an online survey. Among them, 493 individuals 
(69.34%) reported at least one symptom in the past two 
weeks and were included in the symptom network analy-
sis. Table  1 shows no statistically significant differences 
in demographic characteristics between symptomatic 
and asymptomatic groups (P > 0.05). The average age was 
39.22 years (SD = 11.60), and the male-to-female ratio was 
2.59:1. Among the participants, 623 individuals (87.62%) 
were regularly using ART, and 218 individuals (30.66%) 
were in the asymptomatic stage(see Table 1).

Symptom description
Of all participants, 69.34% reported having at least one 
symptom in the last two weeks, 8.86% reported hav-
ing only one symptom, 13.08% had 2–3 symptoms, 
11.39% had 4–5 symptoms, and others reported more 
than six. The mean number of symptoms was 5.367. 
The most common symptoms were sleep disturbance 
(37.98%), fatigue (35.16%), memory loss (33.90%), hair 
loss (26.58%), and slow reactions (25.04%) (Table 2). The 
results showed that ranking the symptoms’ multidimen-
sionality scores (frequency, severity, distress) remained 
largely consistent with the ordering of the prevalence.

Symptom network
Figure 1 displays the unadjusted and adjusted by age and 
sex network plot for twenty-seven symptoms. The unad-
justed plot highlights the strong relationship between 
muscle/joint ache and hand/foot pain among eighteen 
physical symptoms, as well as difficulty reasoning and 
confusion among five cognitive symptoms. The four 
psychological symptoms showed a positive influence on 
each other. Additionally, there was a significant associa-
tion between confusion and uncontrollable worrying in 
different symptom clusters. After adjusting the network 
analysis by age and sex, similar partial relationships were 
found. However, we can see that there was still some 
variation in the degree of correlation among the partial 
symptoms in this visualization graph.

The gray area in Fig.  2 represents the 95% CI area of 
the edge weight obtained using the bootstrap method. 
The 95% CIs (gray intervals) were small, indicating good 
network accuracy. For the subset bootstrap in Fig. 3, the 
stability of closeness and betweenness dropped steeply 
while the stability of node strength was better, and the 
correlation stability coefficient was solid and trustwor-
thy, which suggested that the network remained sta-
ble. The value of correlation stability (CS) coefficients 
is as follows: betweenness = 0.361, closeness = 0.438, 
strength = 0.671, expected Influence = 0.671. According 
to the null hypothesis test, if zero falls within the confi-
dence interval, it indicates that the difference in node 
centrality is not statistically significant. In Fig.  4, the 
black boxes signified the presence of a difference, while 
the gray area suggested no statistical distinction. The val-
ues on the diagonal represented the expectedinfluence or 
strengh values obtained through multiple samplings of a 
node. Our finding showed that the symptom “becoming 
confusing” emerged as both the strongest and most influ-
ential within the network and falls under the category of 
cognitive symptoms.

Figure  5(A) shows the centrality of bridge symptoms. 
PHYS4 (Fever) had the highest bridge strength (0.547), 
bridge closeness (0.053), lower bridge betweenness 
(23.000), and bridge expected influence (0.285). Fig-
ure  5(B) presents three centrality indices of all nodes. 
Among physical symptoms, PHYS10 (Muscle/joint 
ache) had the most significant values for node cen-
trality (strength = 1.112, betweenness = 12.000, close-
ness = 0.002). Among cognitive symptoms, COGS5 
(Becoming confusing) had the most significant values for 
node centrality (strength = 1.437, betweenness = 140.000, 
closeness = 0.003) and identified as the central symptom 
in the entire network. Among psychological symptoms, 
PSYS4 (Feeling down) had the most significant values for 
node centrality (strength = 1.077, betweenness = 16.000, 
closeness = 0.002). The node predictability values ranged 
from 11.8 to 68.8%. Our results showed that the psycho-
logical symptom cluster had the highest predictability, 
showing that their neighbors can explain 58.6%~68.8% of 
their variance.

Discussion
This multi-center study conducted across China ensured 
a representative population sample and investigated the 
relationships and interconnectedness of various symp-
toms experienced by PWH using network analysis. By 
analyzing data from 493 PWH, the research identifies 
‘becoming confusing’ as the most central symptom and 
‘fever’ as the bridge symptom that connects other symp-
toms. The pivotal roles of these symptoms within the 
network underscore their significance in symptom man-
agement, suggesting that targeted interventions could 

https://www.r-project.org
https://www.r-project.org
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alleviate the overall symptom burden and enhance the 
quality of life for patients. This approach emphasizes a 
shift towards a more comprehensive and precise care 
model focusing on central and bridging symptoms rather 
than managing isolated symptoms. Additionally, our 
study revealed that the average number of symptoms 
reported by Chinese PWH was 5.367, in contrast to the 
9 symptoms documented in a previous study involving 

Chinese PWH [4]. Conversely, a study conducted by the 
National AIDS Treatment Center of Vietnam in 2021 
reported an average of 7.660 symptoms [43]. The dis-
crepancies in reported symptom numbers across differ-
ent regions and countries may arise from variations in 
population selection, the application of diverse measure-
ment tools, or ongoing advancements in AIDS treatment 
programs.

Table 1 Baseline characteristics of participants(N = 711)
Variables Asymptomatic Group

(n = 218)
Symptomatic Group
(n = 493)

Statistical P-value

Age, Mean ± SD 39.33 ± 12.47 39.17 ± 11.20 0.03 0.860
Gender, n (%) 0.36 0.550
Male 154 (70.64) 359 (72.82)
Female 64 (29.36) 134 (27.18)
Race, n (%) 2.40 0.121
Han 192 (88.07) 412 (83.57)
Minority 26 (11.93) 81 (16.43)
Education, n (%) 1.72 0.632
Middle school or below 79 (36.24) 163 (33.06)
High school or equivalent 58 (26.61) 121 (24.54)
Junior college or Undergraduate and above 81 (37.15) 209 (42.39)
Marital status, n (%) 0.874 0.646
Single 103 (47.25) 244 (49.49)
Married or cohabiting 73 (33.49) 168 (34.08)
Others 42 (19.26) 81 (16.43)
Employment, n (%) 9.13 0.058
Student 18 (8.26) 18 (3.65)
Employed 89 (40.83) 182 (36.92)
Unemployed 24 (11.01) 66 (13.39)
Retired or Freelancer 87 (39.91) 227 (46.05)
Family income, n (%) 7.15 0.067
<3000 RMB 71 (32.57) 172 (34.89)
3000 ~ 6000 RMB 103 (47.25) 186 (37.73)
>6000 RMB 44 (20.18) 135 (27.38)
Region, n (%) 2.24 0.135
Urban 131 (60.09) 325 (65.92)
Rural 87 (39.91) 168 (34.08)
Duration of HIV-infected, n (%) 24.22 < 0.001
<1 years 69 (31.65) 102 (20.69)
1 ~ 5 years 101 (46.33) 192 (38.95)
6 ~ 10 years 29 (13.3) 123 (24.95)
>10 years 19 (8.72) 76 (15.42)
ART use, n (%) 3.92 0.048
Yes 183 (83.94) 440 (89.25)
No 35 (16.06) 53 (10.75)
Stage of disease, n (%) 13.45 0.001
Acute stage 5 (2.29) 13 (2.64)
Asymptomatic stag 182 (83.49) 349 (70.79)
AIDS stage 31 (14.22) 131 (26.57)
CD4 + T cell count, n (%) 1.16 0.559
<200 46 (21.1) 112 (22.72)
200–499 71 (32.57) 174 (35.29)
≥ 500 101 (46.33) 207 (41.99)
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Analysis conducted on two groups of PWH, one group 
with symptoms and the other without, showed no sta-
tistically significant differences in sociodemographic 
characteristics such as sex, education, marital status, 
employment, family income, and residential area. How-
ever, there were significant differences in clinical features 
such as duration of HIV infection, disease stages, and 
ART use. The symptomatic group had a higher propor-
tion of individuals who had been living with HIV for 
more than 6 years, consistent with previous research by 
Araya [44]. Additionally, a larger proportion of individu-
als in the symptomatic group were in the AIDS stage 
compared to the asymptomatic group. These findings are 
in line with the known disease characteristics and pro-
gression observed in clinical practice.

Our findings identified the top five common symptoms 
in PWH as sleep disturbance, fatigue, memory loss, hair 
loss, and slowed reaction time. The prevalence of physi-
cal and cognitive symptoms was particularly notable, 
aligning with existing research and underscoring the 
significant impact of fatigue and sleep disturbances on 
individuals with HIV. Previous studies [45–48] on fatigue 
in PWH have shed light on the burden and underlying 
mechanisms of fatigue, including its association with 

sleep disorders, mental health issues, and other symp-
toms. A separate survey conducted among PWH in vari-
ous regions of China [4] yielded similar results to our 
study, offering valuable insights for clinical interventions 
and care strategies.

The distribution of symptom incidence in our study did 
not align with the central or bridge symptoms identified 
in the complex network. Understanding how symptoms 
are interconnected provides a more thorough under-
standing of the complex dynamics of symptomatology 
within this population. Malgaroli and colleagues discov-
ered that central symptoms could trigger other symp-
toms, potentially influencing the onset and persistence 
of additional symptoms [12]. This suggests that targeting 
specific symptoms within interconnected networks could 
have a broader impact on overall symptom burden. Such 
insights can guide targeted interventions and enhance 
the quality of care for PWH, promoting a more holistic 
approach to symptom management. In contrast to simi-
lar studies that primarily focus on symptom severity, our 
study was rooted in a comprehensive and holistic under-
standing of the symptom experience. It incorporated 
the patient’s perspective and considered the real-world 
implications of symptoms.

Table 2  Prevalence,frequencyy,severityy anddistresss ofsymptomss(N = 711)
Symptom Number of Participants

(n)
Prevalence
(%)

Frequency
(Mean ± SD)

Severity
(Mean ± SD)

Distress
(Mean ± SD)

Sleep disturbance 270 37.98 0.85 ± 1.20 0.61 ± 0.91 0.95 ± 1.37
Fatigue 250 35.16 0.76 ± 1.15 0.51 ± 0.80 0.88 ± 1.34
Memory loss 241 33.90 0.68 ± 1.06 0.52 ± 0.84 0.81 ± 1.27
Hair loss 189 26.58 0.55 ± 1.03 0.41 ± 0.79 0.64 ± 1.20
Slow react 178 25.04 0.50 ± 0.96 0.39 ± 0.76 0.60 ± 1.15
Low sex drive 164 23.07 0.51 ± 1.03 0.40 ± 0.83 0.56 ± 1.15
Little interest in doing things 163 22.93 0.46 ± 0.93 0.40 ± 0.82 0.59 ± 1.19
Feeling down 155 21.80 0.46 ± 0.95 0.39 ± 0.84 0.58 ± 1.19
Feeling nervous 151 21.24 0.42 ± 0.89 0.35 ± 0.78 0.54 ± 1.15
Dizziness 148 20.82 0.42 ± 0.90 0.31 ± 0.69 0.53 ± 1.13
Bloating/abdominal pain /diarrhea 148 20.82 0.43 ± 0.93 0.33 ± 0.73 0.51 ± 1.09
Having difficulty in concentrating 142 19.97 0.41 ± 0.90 0.34 ± 0.76 0.50 ± 1.10
Lipodystrophy 141 19.83 0.39 ± 0.90 0.27 ± 0.63 0.42 ± 0.96
Vision blur 137 19.27 0.40 ± 0.90 0.30 ± 0.69 0.48 ± 1.08
Rash 133 18.71 0.36 ± 0.83 0.26 ± 0.60 0.44 ± 1.02
Uncontrollable worrying 133 18.71 0.39 ± 0.90 0.33 ± 0.78 0.50 ± 1.14
Muscle/joint ache 119 16.74 0.34 ± 0.82 0.26 ± 0.66 0.42 ± 1.04
Headache 118 16.60 0.30 ± 0.73 0.25 ± 0.65 0.41 ± 1.01
Hand/foot pain 111 15.61 0.28 ± 0.72 0.23 ± 0.62 0.36 ± 0.94
Fever 109 15.33 0.29 ± 0.76 0.23 ± 0.61 0.37 ± 0.96
Having difficulty in reasoning 100 14.07 0.25 ± 0.68 0.23 ± 0.62 0.32 ± 0.86
Weight loss 98 13.78 0.25 ± 0.71 0.22 ± 0.61 0.30 ± 0.86
Cough 94 13.22 0.24 ± 0.68 0.19 ± 0.56 0.31 ± 0.88
Appetite loss 92 12.94 0.26 ± 0.74 0.22 ± 0.65 0.32 ± 0.95
Becoming confusing 89 12.52 0.24 ± 0.70 0.21 ± 0.64 0.31 ± 0.90
Mouth ulcer 81 11.39 0.21 ± 0.63 0.16 ± 0.49 0.26 ± 0.79
Nausea/vomit 62 8.72 0.15 ± 0.55 0.13 ± 0.48 0.21 ± 0.74
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Fig. 2 The accuracy of the symptom network: is demonstrated through bootstrapped edge weight estimates with 95% confidence intervals plotted 
for the adjusted network. In the plot, the red line indicates the sample values, the black line represents bootstrap means, and the gray area signifies the 
bootstrapped confidence intervals. To prevent visual clutter, the names of the node pairs (Y axis labels and ticks) have been removed

 

Fig. 1 Symptom network plot. A Unadjusted estimated network plot for 27 symptoms in 493 PWH; B Adjusted (by age and sex) estimated network plot 
for 27 symptoms in 493 PWH.
 An edge represents a connection between two nodes and is interpreted as a connection between two nodes that applies to all other nodes. Each edge 
of the network represents a positively regulated matching link (blue edge) or a negatively regulated matching link (red edge). The thickness of an edge 
reflect its weight (the strength of the connection between two nodes)
 PHYS1: Fatigue; PHYS2: Dizziness; PHYS3: Headache; PHYS4: Fever; PHYS5:Cough; PHYS6: Sleep disturbance; PHYS7:Vision blur; PHYS8: Rash; PHYS9: 
Mouth ulcer; PHYS10: Muscle/joint ache; PHYS11: Hand/foot pain; PHYS12: Appetite loss; PHYS13: Bloating/abdominal pain /diarrhea; PHYS14: Nausea/
vomit; PHYS15: Lipodystrophy; PHYS16: Weight loss; PHYS17: Low sex drive; PHYS18: Hair loss; COGS1: Having difficulty in concentrating; COGS2: Slow 
react; COGS3: Memory loss; COGS4: Having difficulty in reasoning; COGS5: Becoming confusing; PSYS1: Uncontrollable worrying; PSYS2: Feeling nervous; 
PSYS3: Little interest in doing things; PSYS4: Feeling down
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Our analysis of the symptom network revealed the cen-
tral symptoms and clusters. Within the physical symp-
toms, we found that muscle/joint ache and hand/foot 
pain, rash and mouth ulcer, appetite loss and nausea/
vomit exhibited stronger correlations. This suggested 
that these symptoms can be classified into three sub-cat-
egories: pain-related, cutaneous/mucosal, and digestive 
system symptoms. From the visualized network, it can 
be observed that four nodes belonging to the psycho-
logical symptom cluster are closely interconnected. The 
close connections among symptoms within each clus-
ter validate the categorization accuracy in this symptom 
scale [13]. However, muscle/joint ache and feeling down 
were separately ranked as the most prominent physical or 
psychological symptoms from the node centrality analy-
sis. The mechanisms underlying pain are complex and 
involve various physiological and neuropathological pro-
cesses. Pain is associated with inflammatory responses, 
nerve dysfunction, tissue damage, viremia, and expo-
sure to many different ART [49, 50]. Being a significant 
presenting symptom or cause of patients seeking medi-
cal care, pain profoundly affects their physical and men-
tal well-being and social behavior [14]. Previous studies 
revealed that PWH with pain had increased depression 
symptom severity [51] and incidence of Dementia [52]. 
Therefore, health providers should pay more attention 
to the assessment and management of pain and explore 

scientific palliative care models that can effectively 
reduce the overall burden of physical symptoms.

In the network graph, becoming confused was a central 
symptom, and fever was identified as the most impor-
tant bridge symptom in the entire network system. These 
two symptoms exerted a cascading effect on physical 
and psychological symptoms by influencing other symp-
toms among PWH. This means that cognitive symptoms, 
becoming confused, are most likely accompanied by the 
appearance of any symptoms. Fever as a bridge symptom 
often suggests that other symptom clusters will be trig-
gered or that the patient is comorbid with other diseases. 
These above viewpoints bring an important value for our 
clinical precision intervention in the future. Considering 
its significant impact on PWH’s quality of life and medi-
cation adherence, the researchers believe that managing 
cognitive symptoms should be a core concern in health-
care practice. Meanwhile, previous studies have shown 
that cognitive symptoms related to psychological status, 
especially depression and anxiety, also intertwine with 
physical symptoms such as pain, palpitations, dizziness, 
and nausea. There is a clear correlation between cogni-
tive-psychological vulnerability and the experience of 
HIV symptoms [53], suggesting that cognitive symptoms 
may serve as essential factors in predicting overall HIV 
symptom severity. An important report from The Lan-
cet highlighted that cognitive symptoms or impairment 
often arise from the interplay between long-term HIV 

Fig. 3 Stability coefficient for centrality indices of 27 symptoms network among PWH.
 The correlation between the centrality index of a network measured in terms of headcount and the network constructed from the entire input dataset 
was calculated across multiple time points. The mean values are represented by lines, while the range from the 2.5th quantile to the 97.5th quantile is 
shown by shaded areas

 



Page 9 of 12Xie et al. BMC Public Health         (2024) 24:2331 

infection, persistent inflammatory response, potential 
treatment toxicity, aging, and neurodegenerative changes 
caused by HIV infection [54]. Cognitive impairment has 
become a major concern in AIDS treatment [55]. The 
findings of this study also support this viewpoint, empha-
sizing the need to strengthen the assessment, interven-
tion, and care for cognitive impairment in PWH in the 
future. Fever, as the primary physical symptom, serves as 
a bridging symptom connecting two different symptom 
clusters. Fever in HIV patients often indicates the pres-
ence of opportunistic infections, tuberculosis, or cen-
tral nervous system (CNS) diseases [56]. CNS diseases, 
including progressive multifocal leukoencephalopathy 
(PML) and HIV-associated dementia (HAD) [57], are 
also linked to fever and can involve complex neurological 
symptoms and cognitive decline. The presence of fever 
in PWH necessitates thorough diagnostic evaluation to 
identify and treat these underlying conditions effectively.

Strength and limitation
This study demonstrates a significant strength in utiliz-
ing network analysis to uncover intricate relationships 
among physical, cognitive, and psychological symptoms. 

Additionally, the incorporation of multiple dimensions 
of symptoms, including frequency, severity, and distress, 
enhances the depth of data analysis. However, there are 
several limitations. The cross-sectional design restricts 
the ability to observe changes in symptom networks over 
time. Moreover, causal relationships between symptoms 
and other variables could not be established. The use of 
a convenience sample introduces bias, particularly as the 
majority of participants were PWH from healthcare set-
tings in China, potentially limiting the generalizability of 
the findings. Lastly, reliance on self-reported data collec-
tion methods may introduce further bias. Future research 
should aim to validate findings in more diverse samples 
across different settings and investigate the dynamic 
nature of symptom networks.

Conclusion
PWH often experience a combination of physical, cogni-
tive, and psychological symptoms that have a significant 
impact on their clinical outcomes and well-being. Uti-
lizing network analysis can help identify key symptoms 
that are interconnected and play a central role or bridge 
in symptom management for these individuals. Our 

Fig. 4 Bootstrapped different test of expectedInfluence and strength for nodes. The larger the coefficient, the greater the magnitude or intensity of its 
influence, and its position is located in the upper right corner of the entire graph.The bootstrap difference test is utilized to determine if the centrality 
of various nodes varies significantly. This method assesses the disparity in centrality of nodes and generates a confidence interval based on repeated 
sampling. In the figure, black boxes denote the presence of a significant difference, while the gray area indicates no statistical variance. The values on the 
diagonal reflect the expectedinfluence or strength values acquired through multiple repeated samplings of a node
 PHYS1: Fatigue; PHYS2: Dizziness; PHYS3: Headache; PHYS4: Fever; PHYS5:Cough; PHYS6: Sleep disturbance; PHYS7:Vision blur; PHYS8: Rash; PHYS9: 
Mouth ulcer; PHYS10: Muscle/joint ache; PHYS11: Hand/foot pain; PHYS12: Appetite loss; PHYS13: Bloating/abdominal pain /diarrhea; PHYS14: Nausea/
vomit; PHYS15: Lipodystrophy; PHYS16: Weight loss; PHYS17: Low sex drive; PHYS18: Hair loss; COGS1: Having difficulty in concentrating; COGS2: Slow 
react; COGS3: Memory loss; COGS4: Having difficulty in reasoning; COGS5: Becoming confusing; PSYS1: Uncontrollable worrying; PSYS2: Feeling nervous; 
PSYS3: Little interest in doing things; PSYS4: Feeling down
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study highlights the importance of addressing ‘fever’ as a 
bridge symptom, suggesting healthcare providers should 
focus on intervention strategies to alleviate symptom 
burden and prevent the development of other associated 

symptoms or comorbidities. These insights can inform 
targeted interventions and support strategies to enhance 
the quality of life for PWH, while also enabling anticipa-
tory care.

Fig. 5 Centrality measures of all symptoms across study groups: strength, betweenness, closeness, and expextedInfluence of 27 symptoms. A Bridge 
node centrality; B Node centrality
 PHYS1: Fatigue; PHYS2: Dizziness; PHYS3: Headache; PHYS4: Fever; PHYS5:Cough; PHYS6: Sleep disturbance; PHYS7:Vision blur; PHYS8: Rash; PHYS9: 
Mouth ulcer; PHYS10: Muscle/joint ache; PHYS11: Hand/foot pain; PHYS12: Appetite loss; PHYS13: Bloating/abdominal pain /diarrhea; PHYS14: Nausea/
vomit; PHYS15: Lipodystrophy; PHYS16: Weight loss; PHYS17: Low sex drive; PHYS18: Hair loss; COGS1: Having difficulty in concentrating; COGS2: Slow 
react; COGS3: Memory loss; COGS4: Having difficulty in reasoning; COGS5: Becoming confusing; PSYS1: Uncontrollable worrying; PSYS2: Feeling nervous; 
PSYS3: Little interest in doing things; PSYS4: Feeling down
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