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Abstract

Background This study sought to investigate the prevalence, correlates, and network structure of the manifested
symptoms in gambling disorder (GD) among methamphetamine (MA) use disorder (MUD) patients in China.

Methods We interviewed 1069 patients using the Semi-Structured Assessment for Drug Dependence and Alcohol-
ism (SSADDA), Chinese version. Besides MA and other substance use disorders, GD was also ascertained by SSADDA.
Other psychiatric diagnoses were ascertained, including major depressive episodes (MDEs), antisocial personality
disorder, suicide and self-harm, and environmental factors, including childhood experiences.

Results Of 1069 participants, 711 met the DSM-5 diagnostic criteria for MUD. Among the 711 participants with MUD,
52.3% met DSM-5 diagnostic criteria for GD. We found that alcohol use together with MA, childhood violent experi-
ences, MDEs, severe MUD, and gambling duration significantly differed between MUD participants with and without
GD. In the GD-MUD network, the central symptoms were gambling preoccupation (GD1), giving up important activi-
ties (MUD®6), financial trouble (GD9), and MA tolerance (MUD5). MA tolerance (MUD?5) also served as a bridge symp-
tom across the network, exhibiting substantial associations with gambling preoccupation (GD1).

Conclusion GD is prevalent among individuals in treatment for MUD in China. Network analysis suggests that gam-

bling preoccupation and MA tolerance represent central features, and that MA tolerance serves as a bridge across GD
and MUD.

Keywords Addictive behaviors, Gambling disorder, Methamphetamine use disorder, Major depressive episode,
Antisocial personality disorder, Network analysis
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Introduction

Gambling disorder (GD) frequently co-occurs with sub-
stance use disorders (SUDs) [1]. These addictive behav-
iors share similarities in etiology, clinical features, and
neurobiological substrates [2, 3]. A recent meta-analysis
suggests that substance-related problems increase the
likelihood of experiencing problem gambling nearly five-
fold [4]. Epidemiological findings indicate that approxi-
mately 60% of people with gambling problems experience
SUDs [1].

While many studies have documented associations
between SUDs and GD, few have investigated relation-
ships at the level of individual symptoms (or DSM cri-
teria). Some previous studies have applied diagnostic
criterion counts to represent the overall severity of
SUDs or GD, e.g., counting the number of diagnostic
criteria satisfied for SUDs and interpreting it as a sever-
ity index. However, a severity index may not consider
potential differences and relationships among individual
symptoms [5, 6]. Understanding the granular relation-
ships between GD and SUDs may not only help identify
common underlying factors but also promote integrated
treatment approaches. For example, GD may serve as a
coping mechanism, and specific SUDs (like those involv-
ing alcohol or methamphetamine (MA)) may relate to
GD in specific ways. Insight into these relationships may
promote the development of more effective interventions
and prevention strategies.

Network analysis is a promising tool for dissecting psy-
chopathology at the symptom level [7]. It conceptualizes
mental health problems as emerging from dynamic cor-
relations between individual symptoms. Unlike tradi-
tional approaches that rely on latent variables, network
analysis examines how symptoms reinforce or inhibit
one another, offering a more direct exploration of their
interrelationships. By applying network analysis, we can
investigate the relative contribution of symptoms within
a network, identifying those that are highly influential
and central [7-9]. This approach facilitates modeling
symptoms from multiple constructs within a single net-
work, enhancing understanding of their interrelation-
ships, which can provide insights into specific features
linking disorders. By definition, bridge symptoms con-
nect distinct clusters of symptoms corresponding to dif-
ferent mental disorders or subgroups of symptoms within
the same mental disorder [10]. Bridge symptoms may
increase the likelihood of one disorder activating another
[11]. Central and bridge symptoms may play vital roles in
maintaining disorders and should thus receive higher pri-
ority for treatment.

Network analysis has been implemented to study the
symptoms’ network structures for commonly co-occur-
ring disorders such as depression and anxiety [12, 13],
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and posttraumatic stress disorder and depression [14,
15]. Central and bridge symptoms may play key roles in
triggering and maintaining comorbidity and are promis-
ing targets for potential clinical interventions. Several
studies have evaluated the network structure of substance
use disorders, including alcohol use disorder, cannabis
use disorder, and cocaine use disorder [16—18], as well
as addictive behaviors such as internet gaming disorder
[19]. Additionally, research has explored the co-occur-
rences of these disorders with features of other disorders,
such as GD and schizophrenia [20-22]. However, to our
knowledge, no prior studies have investigated the co-
occurrence of GD and SUDs through network analysis.

MA is the most prevalent illegal drug in China [23], and
MA use disorder (MUD) may precipitate the next global
substance use crisis [24]. A recent study suggests that the
severity of GD is positively associated with MA-induced
psychosis in MUD patients [25], highlighting the need to
screen for and intervene in GD in treating MUD patients,
particularly those with MA-induced psychosis. Currently
there are very few studies exploring the co-occurrence of
GD and MUD, especially at granular levels. We identified
three studies that have assessed the prevalence of GD in
MUD patients [25-27]. Research indicated that reducing
the severity of GD may lead to a decrease in the severity
of other addictive behaviors [28]. Therefore, screening for
potential risk factors linking GD and MUD is particularly
important, as it may aid in identifying high-risk individu-
als and informing integrated treatment strategies. Evalu-
ating the prevalence, risk factors, and network structure
of GD in MUD patients is important to help inform cli-
nicians, researchers, and policymakers concerned with
MUD and GD. In this study, we assessed GD among a
cohort of MUD patients in drug rehabilitation centers in
China. We had two main objectives: first, to explore the
prevalence of and identify possible risk factors for GD
among MUD patients; and second, to build a symptom
network of GD and MUD and identify central and bridge
symptoms within this network.

Methods
This study followed reporting standards for psychological
network analyses in cross-sectional data [29].

Study setting and participants

We conducted this multicenter cross-sectional study
by recruiting from five compulsory drug rehabilitation
centers in China located in Changsha, Wuhan, Ningbo,
Xinxiang, and Chengdu. Individuals found to have used
any kinds of amphetamine, morphine, ketamine, and
marijuana in the last six months through a hair drug test
were sent to the rehabilitation facilities for detoxification
management. Recruitment started in December 2017
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and ended in December 2019. Individuals who were diag-
nosed with MUD according to the Diagnostic and Statis-
tical Manual of Mental Disorders, 5th edition (DSM-5)
were eligible for the study [30, 31]. We excluded partici-
pants diagnosed with schizophrenia.

All participants voluntarily chose to participate in the
study, free from coercion. Before participation, all indi-
viduals were thoroughly informed about the study’s aims,
procedures, and potential benefits and risks involved.
They were also explicitly told that they could withdraw
from the study at any time without any consequences.
Informed consent was obtained from each participant
before the study commenced. The study was reviewed
and approved by the Second Xiangya Hospital of Central
South University (No.2017064).

Participant assessment

All participants were interviewed face-to-face by a
trained interviewer and assessed using the Semi-Struc-
tured Assessment for Drug Dependence and Alcoholism
(SSADDA) Chinese version, a validated instrument with
excellent psychometric measures for substance use and
psychiatric disorders [32, 33]. The SSADDA is a compre-
hensive instrument that collects demographic charac-
teristics such as age, sex, education level, marital status,
and employment status and other information described
below. Details concerning the development of the Chi-
nese SSADDA and information about the interviewers
are available in the supplementary materials.

Characteristics of methamphetamine use

We documented the age at initial MA use, duration of
MA use, MA-related periods of abstinence, polysub-
stance use, and treatment history.

Other substance use and gambling

The SSADDA assessed lifetime use of other substances,
including alcohol, tobacco/nicotine, ketamine, opioid,
cannabis, stimulants, and sedatives. Lifetime substance
use was defined as use on more than ten occasions, based
on the SSADDA threshold to distinguish habitual use
from occasional or experimental use. Diagnoses of GD,
alcohol use disorder, ketamine use disorder, and opioid
use disorder were established based on DSM-5 criteria,
while nicotine dependence was diagnosed according to
DSM-1V diagnostic criteria because the SSADDA did not
elicit the craving information needed for DSM-5 diagno-
sis. Gambling duration was assessed.

Other psychiatric disorders or concerns

The SSADDA assessed MA-related psychosis, including
delusions, hallucinations, suspiciousness, difficulty con-
centrating, nervousness, social withdrawal, panic, mania,
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fear, and irritability. Detailed descriptions of these psy-
chological variables are provided in the supplementary
materials. The SSADDA also assessed for major depres-
sive episodes (MDEs) and antisocial personality disorder
(ASPD) based on DSM-5 diagnostic criteria.

Suicidality and self-harm
Information was collected regarding suicidal ideation,
plans, attempts, and non-suicidal self-harm.

Childhood experiences

The SSADDA also collected information regarding child-
hood attention deficit hyperactivity disorder (ADHD)
symptoms and childhood experiences, including witness-
ing or experiencing violence, death of parents, family his-
tory of substance use, and number of residential moves.

Analytical approaches

Descriptive analyses

All descriptive analyses were conducted using R (version
4.1.1) [34]. For continuous variables, we report median
and interquartile range (IQR; 25-75%), and for categori-
cal variables, frequencies and percentages.

Univariate and multivariate analyses

Chi-square and Wilcoxon rank-sum tests compared GD
and non-GD groups in the cohort of individuals with
MUD. Bonferroni corrections were employed to adjust
for multiple testing (corrected p=0.05/49=0.001). The
multivariate logistic regression model, using the enter
method (including all independent variables in the model
simultaneously), included variables that were statistically
significant in the univariate analyses, along with age and
sex. All tests were two-tailed, with p<0.05 designating
statistical significance.

Network analysis

Symptoms of GD and MUD were recorded as 0 (absent)
and 1 (present) according to diagnostic criteria. Table 1
presents the symptom items of GD and MUD. We used
the function described in the R package psych to evaluate
the mean and standard deviation (SD) of each diagnostic
criterion of GD and MUD. The R function goldbricker in
the networktool package was used to identify redundant
symptoms (with similar underlying content) [35].

We visualized and estimated the networks using the
R packages ggraph and bootnet [7, 36]. When network
items were binary, we used the Ising model implemented
in the R package IsingFit to estimate the network [29]. In
network models, each symptom was considered a node.
To determine and screen network edges between two
symptoms, we used the logistic regression coefficients
after controlling for covariates in the network. Following
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Table 1 Characteristics of MUD and GD symptoms
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Items Labels Criteria Presence (%) EI

MUD1  Time spent using A great deal of time is spent in activities necessary to obtain, use, or recover 46 045
from the effects of methamphetamine

MUD2  Health Continued use despite knowledge of having a persistent or recurrent physical or psy- 54 048
chological problem that is likely to have been caused or exacerbated by metham-
phetamine

MUD3  Quit There is a persistent desire or unsuccessful attempts to cut down or control metham- 76 -1.15
phetamine use

MUD4  Intention to use MA Methamphetamine is taken in larger amounts or over a longer period than intended 34 034

MUD5  MA tolerance 1. A need for markedly increased amounts of methamphetamine to achieve intoxica- 29 0.62
tion or desired effect
2. Markedly diminished effect with continued use of the same amount of metham-
phetamine

MUD6  Giving up important activities Important social, occupational, or recreational activities are given up or reduced 53 0.64
because of methamphetamine use

MUD7  Withdrawal 1. Characteristic withdrawal syndrome for methamphetamine 76 -053
2. Methamphetamine (or a closely related substance) is taken to relieve or avoid
withdrawal symptoms

MUD8  Craving Craving, or a strong desire or urge to use the stimulant 50 -027

MUD9  Neglected Recurrent methamphetamine use results in a failure to fulfill major role obligations 52 —-1.07
at work, school, or home

MUD10  Social Continued methamphetamine use despite having persistent or recurrent social 86 - 143
or interpersonal problems caused or exacerbated by the effects of the drug

MUD11  Hazard Recurrent methamphetamine use in situations in which it is physically hazardous 44 —-1.69
(e.g., driving under the influence)

GD1 Preoccupation Frequent thoughts about gambling (e.g, reliving past gambling experiences, plan- 63 2.74
ning the next venture, or thinking of ways to obtain money to gamble)

GD2 Increasing money Requires more money to achieve the desired level of excitement, indicating toler- 35 0.20
ance

GD3 Unsuccessful quit Repeated attempts to reduce or quit gambling have been unsuccessful 27 —-0.05

GD4 Withdrawal Experiences withdrawal symptoms when trying to reduce or stop gambling 19 -0.54

GD5 Relief Uses gambling as a way to cope with feelings of helplessness, guilt, anxiety, 21 -092
or depression

GD6 Chasing losses Chasing losses: After losing money, returns on another day to get even ("chasing” 54 0.60
one’s losses)

GD7 Lie Deceives family members, therapists, or others about the degree of involvement 37 0.35
in gambling

GD8 Lost opportunities Because of gambling behavior, there is a significant loss or risk of losing these impor- 36 061
tant aspects of life

GD9 Financial trouble Requires financial help from family, friends, or others to relieve desperate financial 52 0.63

situations caused by gambling

MA: methamphetamine; MUD: methamphetamine use disorder; GD: gambling disorder; El: expected influence

established guidelines [37], an edge between two nodes
was defined by a logistic regression coefficient of>0.25,
as implemented in the R package, IsingFit. This cutoff
minimizes the risk of false positives while preserving the
most significant associations. A red edge represented a
negative association, while a blue edge showed a posi-
tive association. The thickness of the edges indicated the
strength of association between symptoms, with thicker
edges indicating stronger associations [38].

The centrality index expected influence (EI) was used
in the R package ggraph to demonstrate the importance
of a symptom in the network [11]. It was calculated by

summing the weights of the edges connecting a node to
other nodes directly, with positive edges allowed to offset
negative edges. A node with the highest EI is considered
a hub, or central symptom, which substantially impacts
other nodes. Bridge expected influence (BEI) was used
to identify the bridge symptoms linking GD and MUD.
BEI was defined similarly to EI by summing a node’s edge
weights that connect nodes from GD to those from MUD
[39] (i.e., edges linking symptoms within GD or MUD do
not count in BEI). Based on prior research, an empiri-
cal cutoff at the 80th percentile of the BEI threshold was
used to identify bridge symptoms [40, 41].
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We employed a nonparametric bootstrapping proce-
dure via the R package bootnet to test the accuracy of the
predicted edge using 1000 bootstrap samples. We also
used a case-dropping bootstrap approach to assess the
stability of the center’s expected influence [38]. The cor-
relation stability coefficient represents the stability of the
network. A correlation stability coefficient higher than
0.25 was considered acceptable.

Results

Sample characteristics and univariate analysis

We interviewed 1069 patients, of whom 711 met the
inclusion criteria (Table 2). More than half of MUD
patients (371, 52.3%) also met DSM-5 diagnostic crite-
ria for GD. Most participants were male (635, 89%). The
median age was 32 [28, 37] years, and the median dura-
tion of daily MA use was 2 [12] months. Based on the
DSM-5 MUD severity definition, 191 (27%) individuals
had mild MUD, 111 (16%) had moderate MUD, and 409
(58%) had severe MUD.

After Bonferroni correction, we observed no differ-
ence in the demographic information (age, sex, employ-
ment status, and married status) between participants
with and without GD (p>0.001). Participants with GD
met more DSM-5 criteria for MUD and had a higher like-
lihood of DSM-5 severe MUD (73% vs. 41%, p <0.001).
MA patients with polysubstance use, such as alcohol or
other drug use, were more prone to GD (p<0.001). How-
ever, the two groups had no difference in other MA-use-
related variables (adjusted p>0.05). As for the psychotic
symptoms, MUD participants with GD versus those
without GD were more likely to have experienced MA-
induced loss of concentration (29% vs. 19%, p<0.001),
MA-induced social withdrawal (77% vs. 57%, p<0.001),
self-harm (8.4% vs. 2.6%, p<0.001). There was a higher
prevalence of lifetime MDE (16% vs. 5.9%, p <0.001) and
ASPD (40% vs. 21%, p<0.001) among MUD participants
with GD vs. those without GD. There was no difference
between MUD with GD vs. MUD without GD in the
likelihoods of MA-induced hallucinations and delusions,
suspiciousness, and nervousness. Moreover, irritability,
compulsive thoughts, fear, anxiety symptoms, suicidal
thoughts, and suicide attempts did not differ among
MUD participants with GD vs. those without GD.

MUD participants with GD vs. those without GD
were more likely to have lifetime ketamine use (16% vs.
7.1%, p<0.001) and ketamine use disorder (14% vs. 5.9%,
p<0.001). A similar pattern was observed for cannabis
use (3.5% vs. 1.2%, p=0.005), although the difference was
not significant after Bonferroni correction. No between-
group differences were observed for other SUDs and sub-
stance lifetime experience.
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Regarding traumatic childhood experiences, MUD par-
ticipants with GD vs. those without GD were more likely
to have experienced violence before age 13 years (9.7% vs.
2.6%, p<0.001). No relationship between GD and child-
hood ADHD symptoms, death of parents before age 6,
and substance use among family members was observed.

Multivariate analyses

The following variables were incorporated into the multi-
variate analysis: sex, age, age of first MA use, concurrent
substance use, severe MUD, MA-loss of concentration,
MA-social withdrawal, self-harm, suicide attempt, MDE,
ASPD, ketamine lifetime use, ketamine use disorder,
childhood exposure to violence, and gambling duration.
In the final model (Table 3), the following factors were
independently associated with GD among MUD partici-
pants: female sex (odds ratio (OR)=0.52; 95% confidence
interval (CI) 0.27-0.99; p=0.046), concurrent alcohol
use with MA (OR=1.97; 95% CI 1.28-3.03; p=0.002),
childhood violence experiences (OR=2.83; 95% CI 1.17—
6.87; p=0.021), MDEs (OR=2.31; 95% CI 1.27-4.23;
p=0.006), severe MUD (OR=2.53; 95% CI 1.68-3.80;
p<0.001), and gambling duration (OR=1.15; 95% CI
1.11-1.18; p<0.001).

Network analysis
No items in the MUD and GD criteria were excluded for
low informativeness or redundancy. Figure 1 illustrates
the network of GD and MUD symptoms. Table 1 displays
the details of each MUD and GD symptoms. The network
density (i.e., the portion of actual connections among all
the possible connections in a network) was 0.363 (69/190
edges). The strongest edges within the network were
between ‘intention to use MA’ (MUD4) and ‘MA toler-
ance’ (MUDS5), followed by ‘chasing losses’ (GD6) and
‘financial trouble’ (GD9). According to the bootstrap-
ping procedure, ‘gambling preoccupation’ (GD1) was
identified as the most central symptom, which exhibited
a statistically higher centrality index EI than other nodes
within the network (Figure S1). Other central symptoms
included ‘giving up important activities’ (MUD®), ‘finan-
cial trouble’ (GD9), and ‘M A tolerance’ (MUD5) (Fig. 2a).
These features may play important roles in triggering
and maintaining the GD-MUD network. MA toler-
ance (MUDS5) and hazard (MUD11) were bridge symp-
toms; they linked the GD and MUD networks and may
drive co-occurrence (Fig. 2b). ‘MA tolerance’ (MUDS5)
was positively associated with ‘gambling preoccupation’
(GD1), while ‘hazard’ (MUDL11) was positively associated
with gambling with ‘increasing amounts of money’ (GD2)
and ‘withdrawal’ (GD4).

The network had good stability, with a correlation sta-
bility coefficient of node expected influence at 0.672. This
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Table 2 Basic information and clinical characteristics of MUD patients

Variables Overall, N=711 Without GD, N=340 With GD, N=371 x2/Z p-value

Basic information

Sex 8.02 0.005
Male 635 (89%) 292 (86%) 343 (92%)
Female ( 1%) ( 49%) 8 (7.5%)
Age, years* 2(28,37) 3(29,39) 1(28,36) —261 0.009
Employment status (Yes) 320 (45%) (43%) 175 (47%) 147 0.2
Marital Status 1.05 0.3
Married 263 (37%) 119 (35%) 144 (39%)
Single or divorced 447 (63%) 220 (65%) 227 (61%)
MA-related information
MA first use age, years* 25(20,31) 25(21,32) 24 (20, 29) —3.21 0.001
Substance used to avoid or relieve withdrawal 6.21 0.026
None 549 (77%) 276 (81%) 273 (74%)
Alcohol 152 (21%) 62 (18%) 90 (24%)
Other drugs 10 (1.4%) 2 (0.6%) 8 (2.2%)
Concurrent substance use 16.43 <0.001
None 488 (69%) 259 (76%) 229 (62%)
Alcohol (23%) 58 (17%) 106 (29%)
Other drugs 9 (8.3%) 23 (6.8%) 6 (9.7%)
Withdrawal symptoms 512 (72%) 234 (70%) 278 (76%) 3.09 0.089
Abstinent for at least 3 months 509 (72%) 245 (72%) 264 (71%) 0.07 0.8
Consult with doctors 3 (4.6%) 7 (5.0%) 6 (4.3%) 0.19 0.7
Receive Treatment ( 8%) 22 (6.5%) 9 (5.1%) 0.59 04
Severe MUD 409 (58%) 40 (41%) 269 (73%) 71.27 <0.001
Psychological symptoms
MA-delusion 212 (30%) 93 (27%) 119 (32%) 1.89 0.2
MA-loss of concentration 172 (24%) 63 (19%) 109 (29%) 11.39 <0.001
MA-suspiciousness 160 (23%) 66 (19%) 94 (25%) 357 0.059
MA- hallucination 97 (14%) 47 (14%) 50 (13%) 0.02 0.9
MA- nervousness 178 (25%) 79 (23%) 99 (27%) 1.12 0.3
MA-social withdrawal 478 (67%) 193 (57%) 285 (77%) 32.39 <0.001
Self-harm 40 (5.6%) 9 (2.6%) 31 (8.4%) 10.89 <0.001
Suicidal thoughts 66 (9.3%) 26 (7.6%) 40 (11%) 207 0.2
Suicidal plan 28 (3.9%) 1(3.2%) 17 (4.6%) 0.85 04
Suicidal attempt 21 (3.0%) 5(1.5%) 16 (4.3%) 5.00 0.025
Auditory hallucinations 85 (12%) 35 (10%) 50 (13%) 1.71 0.2
Anxiety 8(2.5%) 1(3.2%) 7 (1.9%) 1.31 03
Compulsive thoughts ( 7%) 8 (2.4%) 4(1.1%) 1.74 0.2
Feeling afraid 0 (4.2%) 1(3.2%) 19 (5.1%) 1.56 0.2
Panic ( 19%) 2(3.5%) 3(0.8%) 6.36 0.012
Manic Episode 08 (15%) (W 2%) 68 (18%) 593 0.015
Irritability 81 (11%) 6 (11%) 45 (12%) 042 05
MDE 80 (11%) 20 (5 9%) 60 (16%) 18.81 <0.001
ASPD 210 (30%) 87 (21%) 123 (40%) 25.07 <0.001
Other substance use experience
Cannabis lifetime use 17 (2.4%) 4(1.2%) 13 (3.5%) 412 0.042
Simulant lifetime use 13 (1.8%) 7 (2.1%) 6 (1.6%) 0.19 0.7
Sedative lifetime use 3(0.4%) 1(0.3%) 2 (0.5%) 0.25 >09
Ketamine lifetime use 85 (12%) 24 (7.1%) 61 (16%) 14.84 <0.001
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Table 2 (continued)

Variables Overall, N=711 Without GD, N=340 With GD, N=371 XZIZ p-value
Opioid lifetime use 25 (3.5%) 14 (4.1%) 1 (3.0%) 0.69 04
Tobacco lifetime use 685 (96%) 325 (96%) 360 (97%) 1.05 03
Alcohol lifetime use 617 (87%) 295 (87%) 322 (87%) 0 >0.9

Other substance use disorder
Ketamine use disorder 72 (10%) 20 (5.9%) 52 (14%) 12.90 <0.001
Alcohol use disorder 94 (27%) 91 (27%) 103 (28%) 0.09 0.8
Opioid use disorder 22 (3.1%) 1(3.2%) 11 (3.0%) 0.04 0.8
Nicotine dependence 71 (24%) 74 (22%) 97 (26%) 1.86 0.2

Childhood experience
Death of parents before age 6 40 (5.6%) 14 (4.1%) (7 0%) 2.79 0.095
Experienced violence before age 13 45 (6.3%) 9 (2.6%) 6 (9.7%) 14.90 <0.001
Experienced sexual abuse before age 13 1(0.1%) 1(0.3%) (O%) 1.09 0.5
Family member substance use 290 (41%) 132 (39%) 158 (43%) 1.04 03
Ever in daycare before kindergarten 55 (7.7%) 32 (9.4%) 23 (6.2%) 257 0.11
ADHD symptoms 58 (8.2%) 23 (6.8%) 35 (9.4%) 1.69 0.2

Gambling duration (years)* 2(0,12) 00,1 6(3,12) 18.70 <0.001

Bold suggested statistical significance

GD, Gambling disorder; MA, methamphetamine; MUD, methamphetamine use disorder; MDE, major depressive episodes; ASPD, antisocial personality disorder; ADHD,

attention deficit hyperactivity disorder

* Data descriptive with median (interquartile range)

Table 3 Factors associated with GD in patients with MUD: the univariate and multivariate logistic regression analysis

Variables P COR (95%Cl) P AOR (95%Cl)
Sex 0.005 0.046

Male 1.00 (Reference) 1.00 (Reference)

Female 0.50 (0.30~0.81) 0.52(0.27 ~0.99)
Age 0.008 0.97 (0.95~0.99) 0439 0.99(0.96~1.02)
Gambling duration <0.001 117 (1.13~1.20) <0.001 1.15(1.11~1.18)
Concurrent substance use <0.001 0.002
None 1.00 (Reference) 1.00 (Reference)
Alcohol 2.07 (1.43~2.98) 1.97 (1.28 ~3.03)
Other drugs 0.043 1.77 (1.02~3.08) 0.366 1.37(069~2.72)
Ketamine lifetime usage <0.001 2.59 (1.58~4.26) 0.154 2.03(0.77~5.36)
Childhood violence experience <0.001 3. 95( 87~833) 0.021 283(1.17~6.87)
MA-loss of concentration <.001 83 (1.28~2.60) 0379 1.22 (0.78~1.90)
MA-social withdrawal <0.001 252 (1.83~3.49) 0.198 1.32(0.86~2.03)
Self-harm 0.002 335(1.57~7.15) 0.096 2.16(0.87~5.36)
APSD <0.001 234 (1.67~3.27) 0387 1(0.79~1.85)
Ketamine use disorder <0.001 261(1.52~447) 0.826 0.89(0.31~2.56)
MDE <0.001 3.09 (1.82~5.24) 0.006 2.31(1.27~4.23)
Severe MUD <0.001 377 (275~5.16) <0.001 2.53(1.68~3.80)

Bold suggested statistical significance

COR, crude odds ratio; AOR, adjusted odds ratio; GD, Gambling disorder; MA, methamphetamine; MUD, methamphetamine use disorder; MDE, major depressive

episodes; APSD, antisocial personality disorder

indicates that 67.2% of the raw data could be omitted,
while the network maintained a correlation of 0.7 for the
original data with 95% certainty (Figure S2). Results of

the nonparametric bootstrapping suggested that the 95%
ClIs were rather broad (Figure S3). The order of edge esti-

mates should, therefore, be interpreted with caution.
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GD2: Increasing money
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GD5: Relief
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MUD4: Intention to use MA
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MUD10: Social
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Fig. 1 The symptom network of MUD-GD. Orange nodes represent GD features, and blue nodes represent MUD features. The blue edges indicate
positive associations and red edges indicate negative associations between two symptoms. The thickness of the edges represents the strength
of the association between two nodes, with greater thickness indicating stronger relationship

Discussion
To the best of our knowledge, this is the first study to
document concurrently the prevalence, correlates, and
network structure of GD among individuals with MUD.
We found that 52% of MUD participants also met DSM-5
criteria for GD. Independent potential risk factors for GD
include being male, combined alcohol use with MA use,
childhood violent experiences, MDEs, severe MUD, and
gambling duration. In the GD-MUD network, the most
central symptoms were ‘gambling preoccupation’ (GD1)
and ‘giving up important activities’ (MUD®6), followed by
‘financial trouble’ (GD 10) and ‘MA tolerance’ (MUD5).
‘MA tolerance’ (MUDD5) also served as a bridge symptom
between GD and MUD symptoms among MUD patients.
Our work identifies a potential target for symptomatolog-
ical screening and intervention for GD in MUD patients.
To date, few studies have focused on GD in MUD. In
our study, more than half of the MUD patients met diag-
nostic criteria for GD. The prevalence of GD in MUD

patients was higher than in previous studies among the
general Chinese population (~1.8-1.9%) [42, 43], sug-
gesting that MUD might increase the risk of GD or vice
versa. Studies in different cultural groups have shown
similar results. For example, a longitudinal study of alco-
hol, substance use, and gambling behaviors recruited
college students (N=4,640) at multiple academic cam-
puses in California, Texas, and Florida in the US found
that using amphetamine-type stimulants at baseline
statistically predicted the presence of GD [44]. Another
study among high-school students (N=6542) in the US
suggested an 8.3-fold increase in likelihood for gambling
problems in people using (versus not using) MA [45].
Compared with similar studies in Chinese MUD patients
(5% to 45%) [25-27], we found that the prevalence of
GD in the present study was also higher than in previous
reports. The popularity of MA and the increased access
to gambling in recent years may have contributed to this
apparent increase in co-occurring GD and MUD [23, 46].
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Fig. 2 The central and bridge symptom of the MUD-GD network. a The node expected influence plot. The X-rays represent the expected influence
of each node. Nodes with higher expected influence have stronger impact on other nodes within the network. b The bridge expected influence
plot. The X-rays represent the bridge-expected influence of each node. Nodes with higher bridge-expected influence are recognized as bridge

symptoms that may drive the co-occurrence of MUD and GD

Our study suggests that GD may be closely linked to
MA-related characteristics. GD patients had longer MA
use duration and more severe MUD, which was in line
with the finding by Krmpotich et al. [47]. Speculatively,
similarities in neurobiological substrates of GD and
MUD may contribute to associations [48—50], including
with respect to dysregulation in the ventral medial pre-
frontal cortex and ventral striatum [51-53]. Despite the
frequent co-occurrence of GD and SUDs, relatively few
studies have investigated interventions to treat this co-
occurrence. The co-occurrence may result in poor treat-
ment outcomes [54]; thus, more research is needed to
develop appropriate interventions and treatments.

In addition to MA-related characteristics, using other
substances (i.e., ketamine and alcohol) also were associ-
ated with GD. Individuals with polysubstance use may
represent a susceptible population, considering that they
exhibit longer MA use, have more physical and psychi-
atric comorbidities, and have more significant cognitive
deficits [55-57]. Overlapping vulnerability factors among
SUDs and GD may contribute to the co-occurrence of
GD and MUD [58].

Our study identified childhood experience of violence
as a significant factor linking MUD-GD co-occurrence.
Previous research has also associated childhood trauma
with both MUD and GD [59, 60]. Individuals who have
experienced childhood violence may turn to gambling as

a coping strategy to manage emotional distress stemming
from such adverse experiences [61, 62]. Moreover, child-
hood violence experience may alter the brain’s reward
system, increasing susceptibility to addictive behaviors
like gambling, which may activate these pathways and
provide temporary relief from the negative emotions
associated with childhood violence experiences [63].
We also found that MDEs were independently linked to
GD, here in the context of MUD, in line with previous
epidemiological studies in the general population [64,
65]. Self-harm and suicidal attempts also were linked to
GD among MUD patients. A bidirectional relationship
between MDEs and GD has been suggested [66, 67]. One
possible explanation for links between MDEs and GD
may reflect self-medication or maladaptive coping strate-
gies [68, 69]. People may gamble as a maladaptive cop-
ing mechanism to relieve or escape negative emotions
and have difficulties controlling their gambling behaviors.
As the co-occurrence between major depressive disorder
and GD in a large cohort of male twins has been found to
reflect predominantly shared genetic underpinnings [70],
specific genetic factors also warrant strong consideration.

Network analysis illustrates symptom-symptom corre-
lations between MUD and GD. Among the most central
nodes of the GD-MUD network were gambling preoc-
cupation (GD1) and MA tolerance (MUDS5). The high
centrality of gambling preoccupation replicated findings
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from Mestre-Bach et al, which reported that preoc-
cupation could be the most central symptom of GD in
739 treatment-seeking patients [21]. Preoccupation was
also identified as the core symptom in previous network
analyses of other behavioral addictions, such as internet
gaming disorder and internet addiction [71, 72]. Preoc-
cupation may serve as a common core characteristic
among different addictive behaviors. Our finding is also
in accordance with Temcheff and colleagues’ findings
that preoccupation, among all DSM-5 diagnostic crite-
ria for GD, was particularly salient for identifying people
with gambling problems [73]. Being preoccupied with
gambling has been linked to poor impulse control [74]
and poor self-regulation [75]. Cognitive factors have also
been associated with behavioral addictions; individu-
als with GD may have diminished cognitive resources to
control their behaviors. As with SUDs, people with GD
may feel pleasure when gambling but may feel distressed
when stopping or encountering losses [76]. These factors
may relate to preoccupation, and future studies should
directly examine these possibilities.

MA tolerance (MUD5) also served as a bridge symp-
tom between GD and MUD. We speculate that MUD
and GD have similar vulnerability mechanisms. Dopa-
minergic reward systems may explain both MUD and GD
[77], although this possibility has not been consistently
supported. Arguably more consistent results have been
observed across GD and SUDs for a reward deficiency
hypothesis. Blunted striatal activation to non-addiction
rewards, especially during an anticipatory phase, has
been observed across SUDs and GD [78]. Furthermore,
treatment of SUDs has been linked to increased striatal
activation during the same phase of reward processing,
suggesting “improvement” or “normalization” with treat-
ment [79, 80]. Such blunted striatal processes may relate
to tolerance [81]. When tolerance increases a reward
threshold, an individual may experience motivations to
engage in addictive behaviors like gambling or MA use,
and this currently speculative notion warrants direct
investigation in the future.

The present study has several clinical implications.
First, we found that more than 50% of MUD patients in
drug rehabilitation centers experienced GD, which was
associated with severe MUD. This finding suggests a need
for screening, identification and treatment of GD in this
population. Early detection and treatment of GD among
MUD patients may help improve treatment outcomes.
Second, our study linked multiple factors to GD in MUD
patients, which enriches our understanding of potential
risk factors for GD and may help in the early detection of
GD. Third, network analysis provided new insights into
relationships between GD and MUD. Targeting central
and bridge symptoms, i.e., GD-related preoccupation and
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MA tolerance, may be clinically valuable in preventing
and treating GD in MUD patients.

In summary, we recruited 1069 participants, of whom
711 met DSM-5 criteria for MUD. GD was highly preva-
lent among MUD patients. Network analysis suggested
that preoccupation was a central symptom of GD and
that MA tolerance was a bridge symptom between the
two disorders.

The cross-sectional design limits causal implications,
as we did not ascertain the chronological order in which
GD and MUD occurred. Moreover, participants were
recruited from drug rehabilitation centers, and most
were male. Thus, findings may not represent relation-
ships between GD and MUD in females or in the general
population in China or other jurisdictions. It remains
unknown whether findings generalize to other popula-
tions. Further studies in community samples with lon-
gitudinal designs are needed. Another limitation of this
study is that the broad 95% ClIs from the nonparametric
bootstrapping suggest that the edge estimates may not
be entirely reliable, which restricts direct comparisons of
edge strength. Thus, caution is required when interpret-
ing these results, and further studies with larger sample
sizes are needed to validate these findings. Finally, while
this study provides insights into the granular relation-
ships between MUD and GD, further research is needed
to determine whether these findings generalize to other
SUDs, such as alcohol or opioid use disorders. The inter-
action patterns may differ depending on the specific
effects of each substance or behavior, which could have
implications for tailored treatment approaches.
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