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ABSTRACT: Objectives: Social Network Addiction (SNA) is becoming increasingly prevalent among college students;
however, there remains a lack of consensus regarding the measurement tools and their optimal cutoff score. This study
aims to validate the 21-item Social Network Addiction Scale-Chinese (SNAS-C) in its Chinese version and to determine
its optimal cutoff score for identifying potential SNA cases within the college student population. Methods: A cross-
sectional survey was conducted, recruiting 3387 college students. Latent profile analysis (LPA) and receiver operating
characteristic (ROC) curve analysis were employed to establish the optimal cutoff score for the validated 2I-item
SNAS-C. Results: Three profile models were selected based on multiple statistical criteria, classifying participants into
low-risk, moderate-risk, and high-risk groups. The highest-risk group was defined as “positive” for SNA, while the
remaining groups were considered “negative”, serving as the reference standard for ROC analysis. The optimal cutoff
score was determined to be 72 (sensitivity: 98.2%, specificity: 96.86%), with an overall classification accuracy of 97.0%.
The “positive” group reported significantly higher frequency of social network usage, greater digital media dependence
scores, and a higher incidence of network addiction. Conclusion: This study identified the optimal cutoff score for
the SNAS-C as >72, demonstrating high sensitivity, specificity, and diagnostic accuracy. This threshold effectively
distinguishes between high-risk and low-risk SNA.

KEYWORDS: Social network addiction; mental health; latent profile analysis (LPA); receiver operating characteristic
(ROC); social networking addiction scale-Chinese (SNAS-C)

1 Introduction

In the digital age, social networks have become an integral part of daily life for billions of users world-
wide. As of 2023, the number of social network users in China has surpassed 1 billion, with university students
being one of the most active demographics in terms of social network usage [1]. Although social networks
provide convenient communication and access to information, excessive use has led to widespread mental
health issues, particularly social network addiction (SNA). SNA is defined as a pathological dependence on
social networking platforms characterized by uncontrollable usage, an intense desire for social interaction,
and impaired daily functioning due to excessive use [2]. Research indicates that SNA is closely associated
with psychological issues such as anxiety, depression, and loneliness, significantly impacting individuals’
academic performance, interpersonal relationships, and sleep quality [3,4].

Initially viewed as a subtype of internet addiction, SNA has garnered increased attention from
researchers as social networks have proliferated. Andreassen et al. [5] proposed that the core features of SNA
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include excessive focus on social networks, withdrawal symptoms, increased tolerance, and neglect of other
important activities due to social network use. Among the Chinese university student population, the issue
of SNA is particularly prominent. A study by Li et al. [6] found that more than 30% of Chinese university
students exhibit tendencies toward SNA, a rate significantly higher than that of other age groups.

University students are at a critical transitional stage from adolescence to adulthood, facing academic
pressures, career planning, and interpersonal relationship challenges. This psychological vulnerability makes
them more susceptible to SNA [7]. Additionally, university students engage in social network use more
frequently and often lack effective self-regulation abilities, further exacerbating the risk of addiction [8]. For
example, a longitudinal study on Chinese university students found a significant positive correlation between
SNA, declining academic performance, and mental health issues [9].

In recent years, the measurement tools for social network addiction have diversified (see Table 1).
Internationally recognized scales include: (1) the Bergen Facebook Addiction Scale (BFAS) (18 items,
covering six dimensions such as salience and mood modification) [10]; (2) the Social Media Disorder Scale
(SMDS) (27 items, including nine diagnostic dimensions based on the DSM-5 framework) [11]; and (3) the
Problematic Social Media Use Scale (PSMUS) (18 items), which is a multidimensional assessment tool [12].
Notably, the Social Networking Addiction Scale (SNAS) developed by Shahnawaz and Rehman [13] (21 items)
achieves initial cross-cultural applicability by generalizing platform specificity (e.g., replacing “Facebook”
with “social networking sites”) while retaining core dimensions such as excessive use, withdrawal symptoms,
tolerance, and functional impairment.

Table 1: Characteristics of measurement tools

Scale name Number of Core dimensions Platform binding
items
BFAS 18 items Salience, mood modification, Facebook
tolerance, withdrawal, conflict, and
relapse
SMDS 27 items Preoccupation, tolerance, withdrawal, Facebook/Twitter/
persistence, escape, problems, Instagram
deception, displacement, conflict
PSMUS 18 items Salience, mood modification, Facebook
tolerance, withdrawal, conflict, and
relapse
SNAS 21 items Salience, mood modification, Generalized social
tolerance, withdrawal symptoms, network (No Specific
conflict, and relapse Platform)
SNAS-C 21 items Salience, mood modification, Generalized social
tolerance, withdrawal symptoms, network (No Specific
conflict, and relapse Platform)

Note: BFAS, the Bergen Facebook Addiction Scale; SMDS, the Social Media Disorder Scale; PSMUS, the Problematic
Social Media Use Scale; SNAS, Social Networking Addiction Scale; SNAS-C, Social Networking Addiction Scale-
Chinese.

These scales, however, exhibit significant regional limitations. The BFAS, SMDS, and PSMUS [10-12]
are closely tied to Western social platforms (e.g., Facebook, Instagram), and their item design (e.g., “using
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Twitter to escape reality”) is structurally misaligned with China’s digital ecosystem (e.g., WeChat, Weibo,
Douyin). This misalignment manifests in two ways: (1) platform-function mismatch, as these tools fail to
capture the addiction patterns arising from China-specific integrated features such as WeChat Pay and short-
video live streaming; and (2) cultural-value bias, as dimensions rooted in individualistic frameworks (e.g.,
the “deception” item in SMDS) struggle to reflect passive overuse behaviors driven by collectivist cultural
norms [14]. Although the SNAS partially addresses platform bias through generalization, its original version
still lacks systematic cultural adaptation for the Chinese context.

To address these issues, the Social Networking Addiction Scale-Chinese (SNAS-C) was developed
through a standardized three-stage cross-cultural validation process (translation, back-translation, and cog-
nitive interviews), achieving a localized reconstruction of the theoretical framework specifically for Chinese
university students [15]. The SNAS-C offers several notable advantages: First, it demonstrates strong cultural
adaptability, with cultural adjustments during the translation and validation process ensuring alignment with
the social networking usage patterns and cultural background of Chinese university students. Second, the
SNAS-C comprehensively covers the core features of social network addiction, enabling a more thorough
assessment of individual addiction severity and its impact on daily life. Additionally, it exhibits excellent
psychometric properties among Chinese university students, with high internal consistency (Cronbach’s
a > 0.90) and stable, reliable measurement results [15]. Finally, the SNAS-C has been applied in relevant
studies [14], providing valuable data support for the field of social network addiction. However, the lack of a
clear cutoff score limits its application in clinical screening and large-scale research.

In clinical practice, traditional psychiatric interviews face significant challenges in identifying severe
social network addiction cases. The combination of Latent Profile Analysis (LPA) and Receiver Operating
Characteristic (ROC) curve analysis offers an innovative solution to this complex problem. This approach
has been validated across multiple psychological scale cutoft score studies [8,12,16,17].

As a person-centered statistical method, LPA can identify hidden homogeneous subgroups within
populations based on shared characteristics [18]. Compared to traditional classification methods, LPA
significantly reduces misclassification rates and demonstrates exceptional performance in psychological
construct classification, including depression [16], perceived stigma [19], online social network addiction [8],
problematic social media use [12], and agoraphobia [17]. By marking the most severe cases as “cases’,
ROC analysis can precisely determine an optimal cutoft score that balances sensitivity and specificity [20].
Although not an absolute gold standard, this method has gained widespread acceptance in the absence of
clinical consensus [11,21].

The present study focuses on establishing the optimal cutoff score for SNAS-C, aimed at precisely
identifying severely social network-addicted university students. By integrating LPA and ROC analysis, the
research constructs a dynamic stratification model through examining the complex associations between
latent profiles, classification results, and external variables. The core hypotheses include: (1) classifying
university students into distinct latent subgroups based on SNAS-C scores, with the “at-risk SNAS-C” group
exhibiting the most severe characteristics; (2) the identified cutoff score demonstrating high sensitivity and
specificity in severe case classification, with good external validity.

2 Methods

2.1 Participants and Procedure

This study employs a stratified multi-stage sampling design. Firstly, based on the distribution
of student sources from six universities within Guizhou University Town (covering 12
provinces/municipalities/autonomous regions), initial quotas are allocated according to the proportion
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of students from each province. Secondly, within each university, stratification is conducted by discipline
(science and engineering, humanities, and comprehensive) and by grade level.

Data collection is carried out using a combination of online and offline methods. The online component
involves distributing the questionnaire link through physical education instructors at the universities,
while the offline component employs systematic sampling to invite participants in public areas. However,
since physical education instructors primarily target first- and second-year students, and the number
of third- and fourth-year students on campus is reduced due to internships and practical training, the
final sample, although encompassing participants from the aforementioned 12 provinces, municipalities,
and autonomous regions—including Guizhou, Guangxi, Chongqing, Sichuan, Beijing, Jiangsu, Shandong,
Henan, and Heilongjiang—exhibits a notable skewed distribution.

All participants are social network users, and their data is analyzed in this report. Additionally, all
participants are required to provide information regarding their sex, age, ethnicity, place of residence,
and major.

2.2 Instruments
2.2.1 Social Network Addiction

The Social Network Addiction Scale (SNAS), developed by Shahnawaz and Rehman [13] based on
Griffiths’ six-factor model of addiction behaviors, was used to assess social media addiction across six
core dimensions: salience, mood modification, tolerance, withdrawal symptoms, conflict, and relapse. The
original version of the scale contains 21 items, each rated on a 5-point Likert scale (1 = strongly disagree,
5 = strongly agree). The Chinese version of the SNAS (SNAS-C), adapted and localized by Bi et al. [15],
retains the structural and dimensional integrity of the original version while exhibiting strong reliability and
validity. In this study, the Cronbach’s a for the total scale was 0.954 (McDonald’s w = 0.958, Mean Inter-item
Correlation [MIC] = 0.407). The a coefficients for the six dimensions ranged from 0.810 to 0.875 (MIC range:
0.418-0.709), demonstrating excellent internal consistency.

2.2.2 Digital Media Use Dependency

The Digital Media Use Dependency Scale (DMUD), adapted from [22], was used in this study.
The Chinese version of the scale [23] consists of 12 items forming a unidimensional scale (e.g., I prefer
communicating via email rather than face-to-face). Participants rated their responses on a 5-point Likert
scale, ranging from 1 (strongly disagree) to 5 (strongly agree). The total score is obtained by summing
the scores of all items, with higher scores indicating greater dependence on digital media. Rasch model
analysis confirmed that the Chinese version of the DMUD exhibited acceptable reliability and validity,
with a Cronbach’s a of 0.930. Although “digital media dependence” is not included in the International
Classification of Diseases 11th Revision (ICD-11), the term is widely used in the literature and was thus
adopted in this study.

2.2.3 Other Social Network Use Characteristics

The survey investigated participants’ online social network usage, collecting data on both account
ownership and weekly frequency of use.

2.2.4 Internet Addiction

Internet addiction was assessed via Young’s 8-item Diagnostic Questionnaire (YDQ), characterized
by dichotomous “Yes/No” responses [24,25]. Respondents endorsing five or more affirmative items were
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identified as potential internet addiction cases. Extensively utilized among Chinese student populations, this
instrument has demonstrated robust psychometric properties with established validity and reliability [26]. In
the current research, the scale’s internal consistency was reflected by a Cronbach’s a of 0.840. While ICD-11
does not formally recognize “internet addiction” as a diagnostic category, the term remains prevalent in
academic discourse and was consequently adopted in this investigation.

2.3 Statistical Analysis
2.3.1Step 1: LPA

LPA was employed to identify groups of participants within SNAS-C exhibiting similar addiction risk
responses. The model selection process involved a comprehensive approach to determining the optimal
number of latent classes. The first stage of analysis focused on model fit criteria. Researchers evaluated lower
values of the Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), and Sample-Size
Adjusted Bayesian Information Criterion (ssaBIC) [27], which indicated better model performance. Scatter
plots were utilized for visualization [28], and non-significant bootstrap likelihood ratio test (BLRT) results
(p-value > 0.05) suggested the superiority of the k-profile model over the k — 1 profile model. Classification
accuracy was assessed through multiple parameters. A higher entropy value (ranging from 0 to 1) indicated
improved classification precision, with values exceeding 0.8 representing high accuracy [29]. An additional
crucial criterion mandated that each latent class include at least 5% of the sample to eliminate unrealistic
solutions and prevent overfitting [30-32]. To ensure methodological rigor, the identified latent class model
underwent cross-validation using two randomly split samples: a training sample (# = 1694) and a validation
sample (n = 1693). In the validation phase, researchers compared the model with parameters fixed from
the training sample against a model derived freely from the validation sample. Ultimately, participants
were categorized into groups based on different levels of SNAS-C risk, with the number of risk groups
corresponding directly to the number of identified latent profiles. This approach allowed for a nuanced
understanding of social network addiction risk profiles within the studied population.

2.3.2 Step 2: Determining the Cutoff Score

The cutoff score for the SNAS-C scale was systematically determined through an integrated method-
ological approach combining LPA and ROC curve analysis [33]. Researchers identified potential social
network addiction cases by using the highest-risk latent class as a reference standard, comparing sensitivity
and specificity across different scale scores. Employing the Youden Index as the primary discriminative
metric, the optimal cutoff score was established to maximize diagnostic differentiation. This rigorous
analytical procedure enabled the classification of participants into two distinct groups: a positive group
representing potential social network addiction cases and a negative group comprising potential non-cases,
based on their SNAS-C score positioning relative to the derived diagnostic threshold.

2.3.3 Step 3: Comparison of External Characteristics

The research utilized a comprehensive statistical framework to investigate the relationships between
social network addiction latent profiles and external characteristics. Different statistical techniques were
strategically applied based on variable types and group structures. Categorical variables were analyzed using
chi-square tests, while continuous variables underwent comparative assessments through ¢-tests or one-way
analysis of variance (ANOVA), depending on the number of comparison groups. Spearman’s correlation
coefficient served as the primary method for quantifying the strength and direction of associations between
latent profiles, addiction classification, and external characteristic measures.
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LPA was performed using Mplus 7.3, and other statistical analyses were conducted using Python. A
two-tailed p-value < 0.05 was considered statistically significant.

2.4 Ethics

This study strictly followed the ethical principles outlined in the Declaration of Helsinki and
was approved by the Academic Ethics Committee of Guizhou Normal University (approval number:
20230300005). All participants signed a written informed consent form before participation, fully under-
standing the study’s purpose and data confidentiality principles. Participation was entirely voluntary, and
participants could withdraw at any time without any consequences.

3 Results
3.1 Participant Characteristics

This study included 3387 participants (Table 2) with an average age of 19.15 years (SD = 1.80). The sex
distribution was 33.33% male and 66.67% female; 58.99% were Han Chinese, and 41.01% were from other
ethnic groups. The majority of participants resided in rural areas (74.11%), with 25.89% living in urban
areas. Regarding academic year, 64.54% were freshmen, 34.84% were sophomores, and juniors and seniors
accounted for 0.32% and 0.30%, respectively. The distribution of majors was as follows: 40.98% in science,
42.19% in engineering, 12.31% in the arts, and 4.52% in other fields. Normality test results for the primary
variables are presented in Supplementary Table SI.

Table 2: Participant characteristics

Variable Value

Age, M (SD) 19.15 (1.80)
Sex, N (%)

Male 1129 (33.33)

Female 2258 (66.67)
Ethnicity, N (%)

Han 1998 (58.99)

Other 1389 (41.01)
Residence, N (%)

Urban 877 (25.89)

Rural 2510 (74.11)

Grade, N (%)
Freshman 2186 (64.54)
Sophomore 1180 (34.84)

Junior 11 (0.32)

Senior 10 (0.30)
Major, N (%)

Science 1388 (40.98)

Engineering 1429 (42.19)

Arts 417 (12.31)

Other 153 (4.52)




Int ] Ment Health Promot. 2025;27(6) 869

3.2 LPA Results

LPA models with 1 to 6 profiles were systematically evaluated (Table 3). While information crite-
ria (AIC, BIC, aBIC) (Fig. IA-C) monotonically decreased with increasing profile numbers—indicating
improved model fit—entropy values (Fig. 1D) for all multi-profile models exceeded 0.93 (range: 0.932-0.956),
demonstrating robust classification accuracy. However, diminishing marginal returns emerged as model
complexity increased: The aBIC reduction from 3- to 4-profile models was substantial (A = 1378 units),
whereas subsequent increments (4 — 5 — 6 profiles) yielded progressively smaller improvements (A = 851 and
741 units, respectively), consistent with the “elbow criterion” for optimal complexity. This pattern suggests
diminishing explanatory gains from additional profiles beyond the 3-class solution.

Table 3: Model fit statistics for latent profile analysis and corresponding profile probabilities

Model k G'/LL AIC BIC aBIC Entropy Puxr  Powe Profile probability (%)
I-profile 1 -52,046.790 104,177.579 104,405.843 104,272.414 - - - 100.00

2-profile 2 -45,697140 91,522.279  91,870.109  91,666.789  0.956  <0.001 <0.001 34.74/65.26

3-profile 3 -43,239.750 86,651.500 87118.897 86,845.685  0.950  <0.001 <0.001 25.65/47.40/26.65
4-profile 4 -42,503.824 85,223.648 85,810.612  85,467.510 0.947 <0.001 <0.001 6.81/24.25/43.35/25.59
5-profile 5 —42,031.390 84,322.780 85,029.310  84,616.316 0.933  <0.001 <0.001 7.54/16.33/12.44/38.94/24.75
6-profile 6 —41,613.812 83,531.624  84,357.721  83,874.836 0.932  <0.001 <0.001 7.08/20.19/36.48/9.68/24.85/1.72

Note: k, number of free parameters; AIC, the Akaike information criterion; BIC, the Bayesian information criterion;
aBIC, the sample-size adjusted BIC; BLRT, the bootstrap likelihood ratio test; LMR, the Lo-Mendell-Rubin test.
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Figure 1: The scree plots based on the AIC, BIC, aBIC, and Entropy indices depict the trend in model fit across one to
six latent profiles. (A) the Akaike Information Criterion (AIC); (B) the Bayesian Information Criterion (BIC); (C) the
Adjusted Bayesian Information Criterion (aBIC); (D) the Entropy values
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Although likelihood ratio tests (Prygr, Perrr) statistically supported higher-complexity models (p <
0.001), the 3-profile model exhibited superior classification clarity (entropy = 0.950 vs. 0.932-0.947 for 4-6
profiles), effectively balancing precision against over-segmentation risks. Critically, the 3-profile solution
produced three well-proportioned subgroups: high-risk (25.65%), low-risk (47.40%), and no-risk (26.65%)
categories. In contrast, higher-dimensional models (e.g., 6-profile) generated fragmented subgroups with
limited practical interpretability, including a marginal 1.72% subgroup, likely reflecting stochastic noise.
Discriminant validity was further confirmed by strong between-group effect sizes (Cohen’s d > 0.80;
Supplementary Table S2) and a pronounced elbow inflection at 3 profiles in the scree plot (Fig. 1), collectively
affirming the 3-profile model’s psychometric robustness.

The 3-profile architecture aligned parsimoniously with established risk stratification frameworks in
behavioral addiction research (Fig. 2A,B). The at-risk SNAS-C (26.65%) exhibited clinically significant social
network addiction tendencies, contrasting with normative usage patterns in the low-risk SNAS-C (47.40%)
and adaptive behaviors in the no-risk SNAS-C (25.65%). This tripartite classification system not only adheres
to the principle of statistical parsimony (mitigating overfitting) but also operationalizes theoretical constructs
into actionable risk tiers—a critical advancement for targeted prevention strategies. Multidimensional
validation confirmed that the 3-profile model optimally reconciles statistical rigor with theoretical fidelity,
establishing it as the empirically and conceptually superior solution.

— Profile2 Group 1
-~ Profile-2 Group2

20
—Profile:3 Group 1
-~ Profile-3 Group 2

wuue Profile3 Group 3

1 2 3 4 5 6 7 8 9 1011 1213 14 1516 17 18 19 20 21 1 2 34 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
SNAS-C Items SNAS-C Items

Figure 2: Conditional means for each profile based on 2- and 3-latent profiles. (A) conditional means for the 2-class
profile; (B) Conditional means for the 3-class profile

3.3 ROC Analysis Results

In this analysis, the No-risk SNAS-C and Low-risk SNAS-C group was coded as 0 (non-case group),
while the At-risk SNAS-C group was coded as 1 (case group). Using the binary results obtained from the
LPA (case and non-case) as the reference standard, the diagnostic performance of different SNAS-C scores
was analyzed through ROC curves. The results showed that the area under the ROC curve (AUC) was 0.96
(95% CI: 0.95-0.98), demonstrating the scale’s excellent discriminative ability (Fig. 3, Supplementary Fig. S1).

Further analysis revealed that the potential cutoff score was in the range of 68-74 points (Fig. 3), with
a score of 72 corresponding to the highest Youden index (Youden index = 0.948). This cutoff exhibited the
best diagnostic performance: sensitivity of 98.2%, specificity of 96.86%, and diagnostic accuracy of 97.0%
(Supplementary Table S3). Based on these findings, participants with an SNAS-C score > 72 were classified
as the case group. This result indicates that the SNAS-C scale has excellent diagnostic performance in
distinguishing between cases and non-cases, and a score of 72 can serve as an effective cutoft for identifying
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high-risk individuals in clinical practice. The case group (defined as participants with an SNAS-C score > 72)
accounted for 30.35%.

Accuracy
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Figure 3: Optimal threshold plot

3.4 Comparison of Different Dimensions of SNAS-C

To validate the effectiveness of the cutoff score of 72 (coding the No-risk SNAS-C and Low-risk SNAS-C
groups as 0 “No-risk group” and the At-risk SNAS-C group as 1 “At-risk group” in distinguishing participants
with and without social network addiction (SNA), this study analyzed participants’ performance across all
six dimensions of the SNAS-C (see Fig. 4). The results showed that the At-risk cases (with scores > 72)
had significantly higher scores on all six dimensions compared to the No-risk cases. This indicates that
both the LPA and ROC analyses demonstrated strong discriminative ability in identifying At-risk and
No-risk participants.
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Figure 4: Latent profiles of different participants and the performance of receiver operating characteristic analysis.
Note: Salience, Mood Modification, Tolerance, Conflict, and Relapse are the six dimensions of SNAS-C
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3.5 Comparing Levels of External Factors between SNAS-C Positive/Negative Groups (Cut-Off Point of
72) and among Latent Classes Derived from LPA

Table 4 presents the data analysis results, showing that among the three latent profiles (No-risk, Low-
risk, High-risk), the High-risk profile had significantly higher scores in Digital Media Use Dependence
(DMUD: 35.36 + 8.47), frequency of social network use (6.89 + 0.61 days/week), and the proportion of
YDQ-positive responses (87.20%) compared to the No-risk and Low-risk profiles (p < 0.05). Furthermore,
social network addiction-positive cases (with a cutoff score > 72) showed significantly higher scores on
DMUD (35.42 + 8.53), frequency of social network use (6.85 + 0.73 days/week), and YDQ-positive responses
(73.62%) compared to negative cases (p < 0.05). However, sex did not significantly impact profile distribution
or addiction classification (p > 0.05). These results indicate that the LPA and ROC-derived cutoft value
of the SNAS-C can effectively distinguish between different risk profiles and addiction statuses, providing
important insights for relevant intervention measures.

Table 4: Comparison of external variables among the three latent profiles and between positive and negative cases of
SNAS-C

Factors The three latent profiles from LPA SNAS-C classification (Cut-Off > 72 for positive
cases)
No-risk Low-risk At-risk  p-values  Negatives Positives p-
SNAS-C SNAS-C SNAS-C values
Sex 0.638 0.561
Female 542 (24.0%) 1078 (47.7%) 638 (28.3%) 1541 (65.33) 717 (69.75)
Male 262 (23.2%) 558 (49.4%) 308 (27.3%) 818 (34.67%) 311 (30.25%)
DMUD 33.43(8.21) 34.85(8.54) 35.36(8.47) 0.049 34.71 (8.43) 35.42(8.53) 0.045

Frequency of  6.74 (0.87) 6.78 (0.78)  6.89 (0.61) 0.019 6.74 (0.87) 6.85 (0.73) 0.049
social

network
usage
(Days/Week)
YDQ <0.001 0.004
No 642 (82.03%) 35 (3.27%) 198 10 (9.09%) 864 (26.38%)
(12.80%)
Yes 141 (17.97%) 1025 1346 102 (90.91%) 2411 (73.62%)

(96.73%) (87.20%)

Note: DMUD, the Digital Media Use Dependency Scale; YDQ, Young’s 8-item Diagnostic Questionnaire; LPA,
Latent Profile Analysis; SNAS-C, the Social Networking Addiction Scale-Chinese. Categorical variables are
expressed as N (%), and continuous variables are expressed as Mean (SD). For categorical variables, p-values
were obtained using the chi-square test; for continuous variables between two groups, p-values were obtained
using the independent samples ¢-test; and for continuous variables among three groups, p-values were obtained
using one-way ANOVA.

4 Discussion

This study identified three latent classes through LPA, with 30.35% of social network users classified into
the high-risk “positive group” and the remaining 72.06% classified into the “negative group.” Through ROC
analysis, we determined that a cutoft score of 72 or higher is the optimal threshold for diagnosing social SNA,
with a sensitivity of 98.2%, specificity of 96.86%, and diagnostic accuracy of 97.0%. This result demonstrates
that the cutoff threshold is highly effective in distinguishing between high-risk and low-risk groups.
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Furthermore, the high-risk group demonstrated significantly higher scores compared to the low-risk
group in Digital Media Use Dependence (DMUD: 35.36 + 8.47), social network usage frequency (6.85 + 0.73
days/week), and YDQ-positive proportions (73.62%) (p < 0.05), which further supports the external validity
of the identified cutoff score.

The cutoff score established in this study provides an important reference for future research. For
instance, the SNAS-C scale and its identified cutoff can be used to investigate the relationship between
SNA and other internet-related addictive behaviors, including internet gaming disorder, online gambling
addiction, and smartphone addiction [13,15,34]. Based on the selected cutoft, the prevalence of SNA among
Chinese university students in the study sample was 27.94%. However, the global prevalence of SNA among
university students varies significantly. A meta-analysis by Lin et al. [14] reported a global prevalence of
18.4%, while a study by Moreno et al. [35] in the United States found a prevalence of 4%, and research by
Elhai etal. [36] in Egypt reported a prevalence of up to 55.2%. These discrepancies suggest that the prevalence
of SNA may be affected by cultural context and measurement tools, warranting caution in interpreting
cross-regional comparisons.

In this study, we found that the high-risk group of university students exhibited significantly higher
levels of digital media dependence, internet addiction, and social media usage frequency compared to the
low-risk group. These findings are consistent with previous research. For example, Lin et al. [14] noted a
significant correlation between SNA and digital media dependence as well as social media usage frequency.
Additionally, a study on university students found that approximately 38% were at risk for SNA, with these
students also exhibiting a higher proportion of depressive symptoms compared to non-addicted groups [37].
These findings further support the close association between SNA and mental health issues.

It is also important to note that the impact of social networks on university students has been widely
established [38], and the symptoms of SNA share similarities with those of substance addiction [39].
Therefore, determining the cutoff score for the SNA scale is crucial for further research on this issue.

However, this study has several limitations. First, SNA is not yet officially included in the Diagnostic
and Statistical Manual of Mental Disorders (5th Edition) or the International Classification of Diseases (11th
Edition), and the cutoff score identified in this study has not been validated through clinical interviews,
the gold standard for diagnosis. Therefore, the classification results based on this study’s cutoff should be
considered as “possible SNA” or “high SNA risk” rather than a confirmed addiction disorder. Second, the
data were self-reported, which may be subject to social desirability bias, although anonymous measures
were implemented to reduce this bias. Additionally, the study sample was limited to a few universities in
a single city in China, with a higher proportion of first- and second-year students, which may limit the
generalizability of the results. Future research should validate the findings in broader populations and regions
and further validate the effectiveness of the cutoft score using clinical diagnostic gold standards.

Nonetheless, this study provides important reference points for the development of cutoft score in
internet-related assessment tools. Identifying cutoft score for screening tools is essential for distinguishing
between high-risk and low-risk groups in epidemiological studies and interventions. Although the gold
standard is considered best practice, when it is not feasible, the combination of LPA and ROC analysis
provides a viable alternative for determining cutoff score. Future research could further conduct longitudinal
studies to evaluate the effectiveness of the SNA cutoff score in predicting behaviors and health outcomes,
as well as its relationship with other internet-related disorders, such as internet gaming disorder and online
gambling disorder.
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5 Conclusions

This study identified the optimal cutoff score for SNAS-C as >72, demonstrating high sensitivity,
specificity, and diagnostic accuracy. This threshold effectively differentiates between high-risk and low-risk
groups. The positive SNA group exhibited significantly higher levels of digital media dependence, internet
addiction, and social media usage frequency compared to the negative group, further validating the strong
association between SNA and these behaviors.

This research provides valuable insights for the development of assessment tools for SNA and lays the
foundation for exploring the connection between SNA and other internet-related disorders. Longitudinal
research should also be conducted to assess the predictive validity and efficacy of interventions to mitigate
the potential negative impacts of SNA on university students’ mental health.
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