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Abstract 

Background:  This study aimed to categorize different subgroups of problematic smartphone use in Chinese college 
students. Differences in gender and psychosocial characteristics of the categorized groups were also examined.

Methods:  A total of 1123 participants completed the Mobile Phone Addiction Index Scale, the Center for Epidemio-
logic Studies Depression Scale, the Perceived Social Support Scale, and the Perceived Stress Scale. Using latent profile 
analysis, we identified different subgroups of problematic smartphone use in college students. Multivariate logistic 
regression analysis was implemented to examine the relationship between latent classes and demographic and psy-
chosocial covariates.

Results:  The four following latent classes were identified: a low-risk group, a moderate-risk with no evasiveness 
group, a moderate-risk with evasiveness group, and high-risk group that accounted for 11%, 24.1%, 35.5%, and 29.4% 
of the total sample, respectively. Further analysis revealed that female participants were more likely to be in the 
moderate-risk with evasiveness and high-risk groups, and individuals with depressed mood were more likely to be in 
the moderate-risk and high-risk groups.

Conclusions:  Classifying college students according to the features of problematic smartphone use is potentially 
useful for understanding risk factors and developing targeted prevention and intervention programs.
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Introduction
Smartphones gained widespread popularity in 2011, and 
have been increasingly used over the past decade, espe-
cially in Mainland China. In August 2021, the China 

Internet Network Information Center reported that 1.007 
billion Chinese people own a personal mobile phone 
with internet access and that up to 99.6% of them use 
their smartphone to surf the internet [1]. Because smart-
phones have permanent access to the internet and can 
meet a range of demands, users have become extraor-
dinarily attached to these devices. This trend has trig-
gered concern about smartphone overuse among both 
researchers and members of the general public [2, 3].

One study found that 6.3% of teenagers (6.1% among 
boys and 6.5% among girls) show signs of problematic 
smartphone use (PSU) [4], and another reported that the 
estimated prevalence of PSU in undergraduates in China 
was 21.3% in 2015 [5]. A review also concluded that the 
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rate of PSU in children and young people was between 
10 and 30% from 2011 to 2017 and that the median was 
close to 25% [6]. Given that excessive smartphone use is 
a recent phenomenon, research centered on this problem 
is still emerging, and further empirical studies are needed 
to support and enrich these critical conversations [3].

Similar to behavioral addictions, excessive smartphone 
use is associated with a series of adverse effects [7], such 
as problems related to physical health and cognition (e.g., 
poor sleep and a decline in self-control) [6, 8], emotional 
problems (e.g., depression and anxiety) [9, 10], and social 
issues (e.g., impaired family and school relationships) 
[11]. Despite these negative effects, the proposal to make 
mobile phone addiction a new category in the DSM-5 
was rejected [12]. Previous literature has viewed smart-
phones as physical objects akin to “the glass in alcohol 
addiction” or “the needle in heroin addiction” and thus 
proposes that we should not ascribe the problems that 
stem from smartphone usage to the device itself [3]. In 
other words, the platform and interface of smartphones 
mean that PSU overlaps with, but is also distinct from, 
the constructs of addiction [2, 9]. To build on this critical 
conversation, the current study defined PSU as a mala-
daptive pattern of mobile phone use, whereby people 
cannot be separated from their smartphone or control 
how much they use it, which eventually damages their 
physical and mental health and hinders their daily func-
tioning [13].

The classification of PSU has differed between previ-
ous studies. One method of classification identifies two 
types of PSU (“yes” and “no”) by setting clear bounda-
ries [14]. The most common approach adopts standard 
of the mean ± standard deviation (SD), and has mainly 
divided PSU into three categories: non-addiction group, 
problematic use group, and addiction group [15]. This 
variable-oriented method does not reveal different pat-
terns between individuals, however, and may lead to 
overly generalized conclusions based on the sample [16]. 
Conversely, a person-oriented method captures informa-
tion at the individual level and can distinguish meaning-
ful patterns of characteristics in molecular groups [17]. 
In recent years, person-oriented research methods, such 
as latent class analysis, have become more popular in the 
study of disease heterogeneity [18]. Latent profile anal-
ysis (LPA) is a form of latent class analysis that is used 
to assess continuous indicators, and is an empirically 
derived approach for revealing unobserved heterogene-
ity in a population by identifying different categories of 
participants within a given sample [19]. Given that LPA 
is considered the best method to diagnose class heteroge-
neity when no clinical interview is available [20, 21], the 
current study used this approach to explore specific pat-
terns of PSU in college students.

A small body of research has attempted to identify 
typologies of PSU using latent class analysis [22, 23]. 
Those studies varied in the number of subgroups that 
they report, describing anywhere from three to six sep-
arate subgroups, and were based on small sample sizes. 
Potential category characteristics and their influenc-
ing factors should thus be explored in more depth using 
data from a larger sample. Several predictors attributable 
to high symptom-level subgroups have been identified. 
Influencing factors such as age [24, 25], low self-esteem 
[26, 27], loneliness [28], stress [29], affective disorders 
[30], personality [31], and social relationship [32] have 
been reported. In this type of research, anxiety and 
depression have been the main focus [33]. However, 
these findings are controversial, and a deeper investiga-
tion into variability across samples is still needed. College 
students are a vulnerable group who are easily immersed 
in their smartphone because they are sensitive to the 
social surroundings and prone to emotional instability 
[23]. In summary, the current study performed LPA to 
identify unobserved and homogeneous subtypes of PSU 
in college students, and then explored the relationships 
of PSU types with demographic and psychosocial factors.

Methods
Participants and procedures
Data were acquired from a large cross-sectional study. 
All participants were recruited in December 2018 at 
Wenzhou Medical University in Wenzhou City, Zheji-
ang Province, China. The inclusion criteria for the study 
were as follows: 1) willingness to participate in the base-
line measurement and 2) daily smartphone use. Partici-
pants were undergraduate students enrolled in a range of 
medical majors, including psychiatry, clinical medicine, 
and Traditional Chinese Medicine. A total of 1150 sub-
jects completed the survey anonymously. Twenty-seven 
(2.3%) were excluded because more than 20% of the data 
was missing on one or more scales of key psychological 
variables. Thus, the final study sample consisted of 1123 
(97.7%) participants.

Measures
Self‑reported demographic survey
While under the supervision of trained evaluators, par-
ticipants completed the social and demographic survey. 
This collected general information from participants, 
such as gender, grade, residence, and single-child status.

Mobile phone addiction index scale
The Mobile Phone Addiction Index Scale was used to 
quantitatively assess participants’ mobile phone use lev-
els [34]. The scale assesses four dimensions, including 
inability to control cravings, feeling anxious and lost, 



Page 3 of 9Hong et al. BMC Psychiatry          (2022) 22:747 	

withdrawal or escape, and loss of productivity [35]. The 
scale includes 17 items, which are rated on a 5-point Lik-
ert scale. The higher the score, the stronger the PSU. The 
Cronbach’s alpha for the scale was 0.82 in the present 
study.

Depression scale
The Center for Epidemiologic Studies Depression Scale 
[36] was used to assess depression status. The scale com-
prises 20 items, each of which are scored according to the 
severity of symptoms, and which assess nine symptoms 
of depression [37]. A higher score indicates more severe 
symptoms of depression. The Center for Epidemiologic 
Studies Depression Scale is one of the most widely used 
self-report scales because it has good psychometric prop-
erties that allow for the assessment of depressive symp-
toms in the general public [36]. The Cronbach’s alpha for 
this scale was 0.86 in the present study.

Perceived social support scale
The 12-item Perceived Social Support Scale was used to 
assess the levels of perceived social support [38, 39]. The 
scale assesses three dimensions: family support, friend 
support, and other forms of support (e.g., teachers and 
relatives). The scale has good reliability and validity in 
Chinese populations [40]. A higher score indicates more 
available social support. The Cronbach’s α for the scale 
was 0.86 in the present study.

Perceived stress scale
The Perceived Stress Scale [41] was used to measure the 
extent to which respondents felt that their stress was 
unpredictable, uncontrollable, and overwhelming. The 
scale consists of 14 items scored on a 5-point Likert scale 
ranging from never (0) to frequently (4). Total scores 
ranged from 0 to 56, with higher scores indicating greater 
perceived stress. The Cronbach’s α for the scale in the 
current sample was 0.73.

Statistical analysis
Identification of potential categories
M-plus version 8.0 [42] was used to construct an LPA 
so that any heterogeneous latent category differences in 
PSU could be characterized. LPA provides classification 
of individuals and is a special form of finite mixture mod-
eling. Unlike other approaches, such as cluster analysis, 
cases are not absolutely assigned to a class, but have 
a certain probability of belonging to a class [43]. This 
probability-based and individual-centered approach can 
reduce misclassification and missing rates of participants 
[44].

The evaluation indicators of the degree of fit of an 
LPA are the Akaike Information Criterion (AIC) [45], 

Bayesian Information Criterion (BIC) [46], and sample-
size adjusted BIC (aBIC) [47]. This is a relative metric, 
whereby lower BIC, AIC, and aBIC values indicate a bet-
ter model fit [47]. The fourth indicator is the entropy 
value, with a maximum value of 1 and high values pre-
ferred [48]. An entropy value greater than 0.8 indicates 
a classification accuracy of over 90% [49]. Priority was 
given to entropy in cases where fit indices between the 
two models were relatively similar. The bootstrapped like-
lihood ratio test and Lo–Mendell–Rubin test were also 
applied. A significant likelihood ratio test for k classes 
with p  < 0.05 indicates that the specified k-class model 
is an improvement over a model with k-1 classes [50]. 
To avoid solutions based on local maxima, we used 200 
random sets of starting values initially and 50 final stage 
optimizations. Additionally, each latent class was defined 
with meaningful clinical interpretability [51]. Posterior 
probabilities from the model were used to assign each 
participant to their most likely class [18].

Identification of risk factors
Rather than deleting missing values, we replaced 
them with average values. All categorical variables are 
described as counts and percentages, and all continuous 
variables are described as means and SDs. Using the clas-
sification results of the potential categories as dependent 
variables and the demographic factors, rates of depres-
sion, perceived social support, and perceived stress 
scores as independent variables, a multinomial logistic 
regression model was established using SPSS version 
22.0. Odds ratios (ORs) with 95% confidence intervals 
(CIs) are reported with a significance level set at 5%.

Results
Participant characteristics
A total of 1123 college students participated in this study. 
Descriptive statistics for the sample are presented in 
Table 1. A total of 704 participants (62.6%) were female, 
and 419 (37.4%) were male. The majority lived in the 
city (n = 636, 56.6%), and 592 (52.7%) were not an only 
child. The overall mean Center for Epidemiologic Studies 
Depression Scale score was 36 (SD = 9.3).

Latent profile analysis
Using a person-centered approach, LPA was used to 
identify PSU in college students. Five latent class mod-
els were estimated, and the fit indices of the generated 
models are reported in Table 2. The AIC, BIC, and aBIC 
continuously decreased as the number of latent classes 
increased. The Lo-Mendell-Rubin test value of the five 
class solutions was not significant (p >  0.05). Compared 
with the two- and three-class solutions, the AIC, BIC, 
and aBIC values indicated that the four-class solution 
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was preferable, as did the entropy value. The high pos-
terior probabilities of memberships of the four latent 
classes (0.943, 0.889, 0.914, and 0.936, respectively) also 
indicated good discrimination of the model. The four-
class solution was thus selected as the optimal solution.

Our results revealed a four classes solution that was 
hierarchically organized, meaning that the classes var-
ied from the highest to the lowest frequencies of symp-
tom endorsement. Figure  1 depicts the profiles of PSU 
across the four classes. Class 1 was termed the “low-risk 
group” (n = 123, 11%) due to the fact that this subgroup 
had the lowest Mobile Phone Addiction Index Scale 
scores. Classes 2 and 3 demonstrated more severe smart-
phone-related problems than this low-risk group. Class 
3 scored significantly higher than Class 2 on evasiveness 

(item 13: “When I feel isolated, I use my phone to chat 
with others”; item 14: “When I feel lonely, I use my phone 
to chat with others”; item 15: “When the mood is low, I 
play with my phone to improve my mood”). Thus, Class 
3 was named the “moderate-risk with evasiveness group” 
(n = 399, 35.5%) and Class 2 was called the “moderate-
risk with no evasiveness group” (n = 271, 24.1%). Class 4 
comprised approximately 29.4% of the sample (n = 330). 
Participants in this group showed a poorer psychosocial 
profile with respect to their inability to control cravings, 
feeling anxious and lost, withdrawal or escape, and pro-
ductivity loss. Individuals in Class 4 were the most likely 
to experience all the different forms of PSU. This class 
was labeled the “high-risk group”.

Predicting class membership
Using the “low-risk group” as the reference class, the 
multinomial regression analysis results are shown in 
Table  3. There were significant sex-related differences 
between classes. Female participants were more likely to 
exhibit PSU than male participants. Female participants 
were 1.96 (95% CI: 1.27–3.00) and 2.23 times (95% CI: 
1.43–3.46) more likely to belong to the moderate-risk 
with evasiveness group and high-risk group than were 
male participants. Additionally, depression increased the 
odds of participants falling into Class 2 (OR = 1.08, 95% 
CI: 1.05–1.11), Class 3 (OR = 1.04, 95% CI: 1.02–1.07), or 
Class 4 (OR = 1.11, 95% CI: 1.08–1.15).

Discussion
The present study aimed to identify different types of 
PSU in Chinese college students and to assess factors 
associated with the different types of PSU. According to 
the present results, we make recommendations for future 
prevention and intervention methods. Past research on 
PSU has demonstrated a heterogeneous and hierarchi-
cal organization by identifying classes of individuals 
based on their symptoms [22, 23]. Results from the LPA 
in our study supported a four-class model sorted by fre-
quency of symptoms, as follows: (a) the low-risk group, 
(b) the moderate-risk with no evasiveness group, (c) the 

Table 1  Demographic characteristics of the sample

SD standard deviation, CES-D Center for Epidemiologic Studies Depression Scale, 
PSSS Perceived Social Support Scale, PSS Perceived Stress Scale, MPAI Mobile 
Phone Addiction Index Scale

Characteristics Total (n = 1123)

n % Mean SD

Gender

  Female 704 62.6

  Male 419 37.4

Grade

  Freshman 346 30.8

  Sophomore 414 36.9

  Junior 363 32.3

Family Origin

  City 636 56.6

  Rural 487 43.4

One-child family

  Yes 531 47.3

  No 592 52.7

CES-D 36.0 9.3

PSSS 61.5 14.4

PSS 39.3 6.4

MPAI 48.5 10.8

Table 2  Model fit indices for one- to five-profile pattern of MPAI items and profile prevalence (%) of LPA (n = 1123)

The values reported in this table are hypothetically derived for illustrative purposes. AIC Akaike information criterion; BIC Bayesian information criterion; aBIC adjust 
Bayesian information criterion; BLRT bootstrap likelihood ratio test; LMR Lo-Mendell-Rubin test; Bold indicates the selected category

No. of classes AIC BIC aBIC Entropy LMR BLRT Proportion of individuals
in Category

1 60,560.119 60,730.927 60,622.933 – – – –

2 58,054.385 58,315.621 58,150.454 0.812 < 0.001 < 0.001 47.1/52.9

3 57,288.773 57,640.436 57,418.097 0.843 < 0.05 < 0.001 12.2/55.7/32.0

4 56,707.082 57,149.173 56,869.661 0.849 < 0.05 < 0.001 11.0/24.1/35.5/29.4
5 56,397.232 56,929.750 56,593.065 0.821 >  0.05 < 0.001 10.4/22.5/23.3/20.0/23.7
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Fig. 1  Profiles for 4-class LPA model of PSU

Table 3  Predictors of the latent group membership for the PSU based on the multinomial regression

The reference category is “low risk group”. CI confidence interval; OR odds ratio; CES-D Center for Epidemiologic Studies Depression Scale; PSSS Perceived Social 
Support Scale; PSS Perceived Stress Scale

Variables Moderate risk with no evasiveness 
group (n = 271, 24.1%)

Moderate risk with evasiveness group 
(n = 399, 35.5%)

High risk group
(n = 330, 29.4%)

OR 95% CI p OR 95% CI p OR 95% CI p

Gender
Female
Male

1.24
ref

0.79–1.94 0.347 1.96 1.27–3.00 0.002 2.23 1.43–3.46 < .001

Grade
Freshman
Sophomore
Junior

0.78
0.72
ref

0.44–1.37
0.43–1.20

0.383
0.206

0.85
0.81

0.49–1.46
0.50–1.34

0.553
0.206

0.85
0.63

0.49–1.47
0.38–1.05

0.551
0.076

Family Origin
Rural
City

0.96
ref

0.60–1.52 0.844 0.75 0.48–1.17 0.205 0.89 0.56–1.40 0.603

Single child
Yes
No

1.06
ref

0.66–1.69 0.817 1.49 0.95–2.33 0.084 1.28 0.81–2.04 0.288

CES-D 1.08 1.05–1.11 < .001 1.04 1.02–1.07 0.003 1.11 1.08–1.15 < .001

PSSS 0.98 0.96–1.02 0.50 0.99 0.97–1.03 0.83 0.98 0.95–1.02 0.400

PSS 1.01 0.93–1.09 0.85 1.02 0.94–1.09 0.68 0.99 0.91–1.08 0.820
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moderate-risk with evasiveness group, and (d) the high-
risk group. This classification supported the hierarchical 
nature of PSU in college students and revealed differ-
ences in PSU types.

The low-risk group comprised adolescents that dis-
played low frequencies on all PSU symptoms. This sub-
group included the least participants (n  = 123, 11.0%). 
The high-risk group class included 29.4% (n  = 330) of 
all participants. Although most studies [22, 52] have 
reported larger low-risk groups than high-risk groups, 
our findings are not consistent with this. However, it is 
important to consider that belonging to the high-risk 
group does not necessarily mean that the participants 
showed clinically relevant signs of PSU. Indeed, they only 
scored significantly higher in the Mobile Phone Addic-
tion Questionnaire. Discrepancies compared to previous 
studies might also be due to the different instruments 
used and/or differences among participants. Addition-
ally, previous research has concluded that Internet addic-
tion is associated with rapid national development. This 
is because a country’s development is tied to advances 
in new media and technology in many aspects of life, 
which can lead to excessive Internet use [53]. Similarly, 
our study reveals the diversity of PSU and shows how its 
prevalence varies across regions.

Most participants belonged to the moderate-risk group 
(n = 670, 59.6%) of all the four classes. This is consistent 
with previous results [31, 54]. The moderate-risk group 
was divided into two groups, namely, groups with and 
without evasiveness. Class 3 scored higher on the eva-
siveness dimension compared to Class 2, which is a result 
rarely seen in previous studies. One study have shown 
that PSU and loneliness are significantly and positively 
correlated, and that loneliness is a major predictor of 
addiction to social networking services [55]. Similarly, 
PSU has been associated with trait anxiety [9, 30]. Based 
on these findings and the observation that Class 3 scored 
higher on items related to emotion regulation, we can 
speculate that Class 3 used smartphones more frequently 
to regulate negative mood, which is a sign of behavioral 
addiction. We therefore suggest that Class 3 has a slightly 
higher risk of PSU (or addiction) than Class 2.

According to our results of multinomial logistic regres-
sion analyses, female college students were more likely to 
belong to the high-risk group. A previous study showed 
that the overuse of mobile phones was more common 
in girls than in boys [56]. Moreover, female participants 
show higher levels of attachment to and dependence on 
smartphones [57, 58], and women are more likely to be 
classified as being high-risk for mobile phone addiction 
[24]. Surveys have shown that women aged 20 or older 
are three times more likely than men (25% vs. 9%) to 
agree with the statement, “I can’t imagine life without my 

phone” [59]. Our research supports the “social factor” 
hypothesis, which argues that women are more vulnera-
ble than men in social environments [60]. This may mean 
that women are more susceptible to PSU in the campus 
environment compared to men.

Depression severity was significantly associated with 
PSU, which is consistent with previous findings [9]. 
Recent research has shown that PSU severity was moder-
ately correlated with anxiety and depression severity [61], 
and that this association extends to adults of all ages [62]. 
PSU and depression interrelationships found in prospec-
tive cohort studies are likely to be significantly bi-direc-
tional [63, 64]. On the one hand, PSU is associated with 
a lack of social support, which can induce emotional dis-
orders such as anxiety and depression [65]. Smartphone 
overuse and tolerance could cause people to use their 
smartphones for long periods of time at night, which 
can lead to sleep problems that could lead to anxiety and 
depression [66]. On the other hand, PSU has an impact 
on neural activity by affecting rewording progress [67]. 
Phone use usually offers rewards to people and therefore 
ensures that the behavior will reoccur [68]. As a result of 
this newly established reward mechanism, when an indi-
vidual puts down their mobile phone and returns to daily 
life, satisfaction is not as easy or quick to attain, which 
could lead to dissatisfaction and depression. Additionally, 
individuals with depressive moods are more vulnerable 
to PSU. Compensatory Internet use theory suggests that 
people with negative emotions may alleviate their bad 
moods through excessive smartphone use, which sug-
gests that people with depression are more susceptible 
to PSU than psychologically healthy people [69]. Recent 
research has considered PSU as a coping mechanism to 
eliminate negative emotions, trigger positive feelings, and 
compensate for a lack of offline socialization [70]. This 
compensation for negative emotions was also reflected in 
our study.

Perceived social support and perceived stress were not 
significantly different between the four latent groups, 
and were not identified as important influencing fac-
tors of PSU in our research. Recent work has suggested 
that real-life social support helps to reduce PSU [69], 
but other studies have observed no such association [11, 
71]. According to a review on adolescents’ PSU, whether 
social networks can be considered as a predictive factor 
remains open to debate [12]. Combined with the current 
results, we have reason to doubt that the effect from per-
ceived social support was weakened by depression. The 
results of one study confirmed that the direct effect of 
social support on mobile phone addiction only accounted 
for 12% of the total effect, and their association was 
mediated by depression [72]. This supports the compen-
satory internet use theory, whereby college students who 
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lack sufficient social support are more likely to experi-
ence a depressed mood, and more inclined to overuse 
their smartphone for comfort and relationships [69]. 
Although perceived stress was found to be a predictor of 
PSU in a previous study [5], our contrasting result sup-
ports the Interaction of Person-Affect-Cognition-Exe-
cution model proposed by Brand et al. [73]. This process 
model posits that individuals with Internet use disorder 
are more inclined to display problematic behavior to reg-
ulate emotions, possibly due to the interaction of more 
vulnerable traits when facing stress and inappropriate 
coping strategies when confronted with stressful situa-
tions. In other words, the association between perceived 
stress and PSU can present an indirect pathway, such 
as a mediating effect [29]. Therefore, based on our find-
ings, future work should further explore the mechanisms 
underlying the relationship between perceived stress and 
PSU in college students.

Our findings indicate that timely and effective psycho-
logical interventions could help reduce PSU in college 
students. First of all, universities and their psychological 
providers should develop targeted educational programs 
and guidelines for students [74], with relevant guide-
lines and courses offered for different genders. Students 
in moderate and high-risk PSU groups should be helped 
to enhance their adaptive coping skills and focus on real 
life instead of smartphones [5]. Moreover, researchers 
have advocated improving emotional management and 
fostering emotion intelligence [2]. Finally, teachers and 
psychological providers should pay full attention to psy-
chological interventions and treatment of students with 
depression symptoms and establish mental health files 
for high-risk students.

Limitations
This study has several limitations. First, the data were 
collected from only one university, which may limit the 
generalizability of these findings. Future research should 
examine PSU in a sample that is more representative of 
the general population. Second, the participants were all 
medical students who did not exhibit significant func-
tional impairments. Future studies should expand to the 
clinical setting, and compare their findings with those of 
this study. Third, this was a cross-sectional study, which 
cannot infer causal relationship of college students’ PSU. 
Furthermore, the use of neurocognitive tests or neurobi-
ological markers would increase the validity of the results 
[31]. Regarding the methodology, the characteristics of 
LPA are divided according to relative probability. Future 
research could try to identify more discriminative group-
ing and explore the consistency of scale cut-off value divi-
sion and LPA grouping after fully considering the above 
limitations.

Conclusion
This study identified four trajectories of PSU and the fac-
tors associated with each. The results demonstrated that 
being female and exhibiting symptoms of depression are 
risk factors for PSU, yet depressed mood might be a neg-
ative consequence of PSU. As an extension of this study, 
it might be possible to achieve early identification of col-
lege students at high risk of PSU. To improve PSU, more 
attention should be paid to individuals with risk factors, 
female college students and students with depression.
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