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Abstract

Background: COVID-19 has been reported to affect the sleep quality of Chinese residents; however, the epidemic’s effects on
the sleep quality of college students during closed-loop management remain unclear, and a screening tool is lacking.

Objective: This study aimed to understand the sleep quality of college students in Fujian Province during the epidemic and
determine sensitive variables, in order to devel op an efficient prediction model for the early screening of sleep problemsin college
students.

Methods: From April 5to 16, 2022, a cross-sectional internet-based survey was conducted. The Pittsburgh Sleep Quality Index
(PSQI) scale, a self-designed general data questionnaire, and the sleep quality influencing factor questionnaire were used to
understand the sleep quality of respondents in the previous month. A chi-square test and a multivariate unconditioned logistic
regression analysis were performed, and influencing factors obtained were applied to develop prediction models. The data were
divided into atraining-testing set (n=14,451, 70%) and an independent validation set (n=6194, 30%) by stratified sampling. Four
models using logistic regression, an artificial neural network, random forest, and naive Bayes were developed and validated.
Results. In total, 20,645 subjects were included in this survey, with a mean global PSQI score of 6.02 (SD 3.112). The sleep
disturbance rate was 28.9% (n=5972, defined as a global PSQI score >7 points). A total of 11 variables related to sleep quality
were taken as parameters of the prediction models, including age, gender, residence, specialty, respiratory history, coffee
consumption, stay up, long hours on the internet, sudden changes, fears of infection, and impatient closed-loop management.
Among the generated models, the artificial neural network model proved to be the best, with an area under curve, accuracy,
sensitivity, specificity, positive predictive value, and negative predictive value of 0.713, 73.52%, 25.51%, 92.58%, 57.71%, and
75.79%, respectively. It isnoteworthy that thelogistic regression, random forest, and naive Bayes model s achieved high specificities
of 94.41%, 94.77%, and 86.40%, respectively.

Conclusions: The COVID-19 containment measures affected the sleep quality of college students on multiple levels, indicating
that it isdesiderate to provide targeted university management and social support. The artificial neural network model has presented
excellent predictive efficiency and is favorable for implementing measures earlier in order to improve present conditions.
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Introduction

Sincethe outbreak of COVID-19, repeated outbreaksin various
places have brought long-term and immeasurableimpacts upon
peoplée's physical and mental health. In March 2022, anew round
of cases broke out in Fujian Province, with Quanzhou, Putian,
Ningde, and other cities involved. The epidemic strain was the
Omicron variant (BA.2), which showsfaster transmission speed
and stronger immune escape ability. By April 21, atotal of 3581
positive cases had been reported for the SARS-CoV-2 viral
nucleic acid in Fujian Province. The Pittsburgh Sleep Quality
Index (PSQI) questionnaire was released on the internet from
April 5to 16, 2022, and the scale was used to investigate the
sleep quality of college students in Fujian Province in the past
month. During this period, epidemic prevention and control
were at a high platform stage, so there was till a risk of
community transmission. Most colleges and universities in
Fujian Province had comprehensively upgraded their epidemic
prevention and control strategies and transferred to web-based
teaching.

The existing literature has reported clearly that the epidemic
will affect the sleep quality of Chinese residents, and the public
exposed to stress events shows a variety of psychological
problems, leading to deep latency, increasing night wakefulness,
reduced bedtime, and more sleep complaints generated [1-3].
Similarly to the 2003 severe acute respiratory Syndrome
outbreak in Beijing, the COVID-19 outbreak in Fujian became
an acute, large-scale, and uncontrollable stressor, while the
relevant negative information also led to irrational tension or
fear [4]. Previous studies have shown that various types of
mental health problems, including perceived stress and anxiety,
are harmful to sleep quality, where stressisinversely correlated
with dleep quality [5]. At the sametime, mandatory self-isolation
and closed prevention and control are not conducive to people
to establish a healthy lifestyle [6]. Uncertainty during the
developing situation of the epidemic may have caused fear and
insecurity, and similar negative effects on mental health may
deepen as the number of people with infection increases[7]. In
addition, risk factors related to psychological problems during
the epidemic control period included women, a history of
previous mental illnesses, experiencing physical symptoms
consistent with COVID-19, inadequate living with family
members, concerns about relatives’ health, reduced socia
contact, lack of information, and economic losses. All these
factors further affect people's sleep quality.

Sleep deprivation not only disrupts the circadian rhythm of the
body and impairs the immune response, it aso significantly
decreases humans' cognitive accuracy [8]. In severe cases, this
leadsto sleep disorders, increasestherisk of infectious diseases,
and affects the occurrence and progression of many other
diseases, such asdepression [9-11]. It isworth noting that young
people'ssleep quality hasastrong correlation between physical
health and mental health [12]. Moreover, stressful college life
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gresatly increases the demand for mental health care of college
students. In the general population, college students seem to be
particularly vulnerable to the negative effects of isolation.

Currently, more attention has been focused on the sSleep
condition of frontline health care workers, and older individuals
and children in China; however, there are few reports on the
impact of repeated epidemic situations and strict epidemic
prevention and control measures on the sleep status of college
students. Guaranteeing the mental health and sleep quality of
college students, while preventing and controlling the epidemic,
has become a thorny issue for college management. Machine
learning (ML) has proven to be a powerful tool for sleep
medicine research and has shown potential for improving
prediction and visualization quality [13]. The successful
development of models using ML has been widely applied to
deep stage classification, the automatic diagnosis of obstructive
sleep apnea, etc [14,15].

Given that guaranteeing the mental health and sleep quality of
college students while preventing and controlling the epidemic
has become athorny issue for college management, the aim of
this study is to systematically investigate the sleep quality and
potential predictors of college students in each city of Fujian
under the repeated emergency of an epidemic. This study
conducted aweb-based questionnaire survey and evaluated the
effect of strict epidemic prevention and control measures on
college students' sleep quality to explore the potential factors.
Furthermore, this study developed prediction models for the
classification of deep quality among college students based on
logistic regression (LR), artificial neural network (ANN),
random forest (RF), and naive Bayes (NB) models, and
compared performances among different models.

Methods

Data Sources

An internet-based cross-sectiona survey was conducted from
April 5 to 16, 2022, selecting full-time college students from
33 universities in Fujian as the study subjects, to assess their
deep quality. The questionnaire was compiled and issued using
internet new media, a scientific research platform designed by
expertsfrom The Second Affiliated Hospital of Fujian Medical
University. The self-designed platform ensures access, stahility,
data compatibility, and security by an upgraded system; creates
a questionnaire with the vertical rolling design; and monitors
the answer time to screen out the qualified questionnaire.

The inclusion criterion for this study was being a full-time
college student in Fujian Province, undergraduate or graduate
(aged 17-35 years). The exclusion criteriawere as follows: (1)
full-time undergraduate and graduate students who delayed in
registering for anew semester due to the epidemic and lived in
aplace other than astudent residence; and (2) people with major
deep disorders or major mental disorders.
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Four items were covered in the survey, which were genera
personal information, sleep quality, learning and living
conditions, and investigation of adherence. Participants
self-reported related demographic variables (gender, age,
college, major, study, height, weight, etc) and lifestyle variables
(caffeineintake, staying up | ate, entertainment time, etc). Sleep
quality was assessed using the PSQI scale [16]. The scale
measures 7 domains composed of 18 self-assessment items, and
the global score reflects the respondents’ sleep quality over the
past month. Each component is graded using 0-3, and the global
scores range from 0 to 21, with higher scoresindicating poorer
sleep quality. The Cronbach a value is .842, and the Chinese
version was tested to have good reliability and validity [17].

The discrete and missing data were removed on the basis of
demographic data indicators after the survey, and the analysis
showed high internal consistency of related items (Cronbach
0=.859).

Statistical Analysis

A descriptive analysis was performed with all variables.
Quantitative data consistent with a normal distribution were
represented as means and SDs, while Student t test and ANOVA
were applied. Chi-square test was used for qualitative data
described asfrequencies (percentages). To exploretheinfluence
of the severity of the current COVID-19 epidemic on factors
related to sleep quality and the sleep disorder rate of college
studentsin Fujian, this study successively conducted univariate
and multivariate analyses. Factors with statistical significance
in the univariate analysis were included in the multivariate
nonconditional LR analysis. Multiple comparisons using
ANOVA and the Bonferroni method were conducted to explore
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the differences in sleep quality among college students from
different regions, with P<.001 in univariate analysis and P<.05
in multivariate analysis. A P valuelessthan .05 was considered
statistically significant. All statistical analyses were performed
using SPSS (version 26; IBM Corp) and R (version 4.2.1; The
R Foundation).

Development and Validation of the Prediction M odels

LR isatraditional model that is commonly applied to evaluate
the contributions of independent variables and predict outcomes
[14,15]. ANNSs are emerging as a powerful algorithm for the
prediction of medical diagnoses. An ANN model can betrained
to recognize complex functional relationships between
covariates and response variables. Theliterature has shown that
ANNSs are superior to linear models in several clinical fields
[18,19]. RF is a typical supervised learning algorithm that is
constructed from decision trees. The RF model predictsaclass
outcome using the majority vote of treesin order to minimize
training error [20,21]. NB is a classification technique based
on Bayes' theorem. It is a smple model that is capable of
working with noisy data and learning from small data sets, but
it is not the ideal algorithm for high dimensionality problems
with alarge number of attributes [22,23].

A tota of 4 models were developed using LR, ANN, RF, and
NB. A PSQI score of 7 was used as the cutoff point to conduct
sample grouping, with a score >7 defined as poor seep and a
score <7 defined as good sleep quality. All modelsweretrained
to predict the sleep quality of college students during the
epidemic, using significant variables found to influence sleep
quality (Figure 1).
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Figure 1. The study flowchart and artificial neural network (ANN) model. PSQI: Pittsburgh Sleep Quality Index.
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The included data were partitioned into a training-testing set
(n=14,451, 70%) and an independent validation set (n=6194,
30%). Stratified sampling based on sleep quality assessment
results was conducted. The areas under curves (AUCs) of the
4 models in the training set were evaluated to assess model
performance. AUC values closer to 1 indicate better
performance. In addition, we cal cul ated the accuracy, sensitivity,
specificity, positive predictive value (PPV), negative predictive
value (NPV), and other model performance indicators.

All models were established using R.

Ethical Consider ations

Ethical review in the data collection procedure was obtained
from the Medical Ethics Committee of the Second Affiliated
Hospital of Fujian Medical University, Sleep Medicine Key
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Laboratory of University in Fujian, and the Sleep Disorder
Medicine Center of the Second Affiliated Hospital of Fujian
Medical University (IRB No. 2021-309). The participantswere
informed of the purpose and confidentiality means of this
anonymous research and were freeto withdraw from the survey
at any time without any reason. Responses to the questionnaire
were considered as informed consent.

Results

Participant Characteristics

A total of 23,572 questionnaires were collected, including
20,645 valid questionnaires, with a response rate of 87.58%
(n=20,645). Table 1 shows descriptive statistics of sample
characteristics, including age, gender, residence, specialty,
grade, and BMI.
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Characteristic Participants, n (%)
Age
<20 years 9227 (44.7)
220 years 11,418 (55.3)
Gender
Male 6326 (30.6)
Femae 14,319 (69.4)
BMI
<185 4804 (23.3)
18.5-24 12,513 (60.6)
24-28 2303 (11.2)
228 1025 (4.9)
Residence
Quanzhou 4959 (24.9)
Fuzhou 3782 (18.3)
Longyan 7066 (34.2)
Nanping 897 (4.3
Ningde 540 (2.6)
Putian 190 (0.9)
Sanming 2133 (10.3)
Xiamen 437 (2.1)
Zhangzhou 641 (3.1)
Specialty
Medical-related majors 4088 (19.8)
Science and engineering 7876 (38.2)
Libera arts 8681 (42)
Grade
Graduating class 1459 (7.1)
Nongraduating class 19,186 (92.9)

Sleep Quality of College Studentsin Fujian Province
During the COVID-19 Epidemic

The mean PSQI score of participantswas6.02 (SD 3.112), with
scoresranging from 0 to 21. Higher scoresindicated worse sleep
quality. Statistical analysis showed that during the COVID-19
outbreak in Fujian, among the participants included in the
sample, 14,673 college students had good sleep quality, while

https://www.jmir.org/2023/1/e45721

5972 had poor sleep quality. The detection rate of sleep
disturbance was 28.9% (n=5972).

Among these data, the mean score for maleswas5.55 (SD 3.2),
and the counterpart was 6.23 (SD 3.048). Therewere differences
in the 7 domains of the PSQI among genders (Table 2). Thus,
there were 7 domainsin the global PSQI scores among college
studentsin different citiesin Fujian (P<.001). Theresults of the
ANOVA are shown in Table 3.
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Table 2. Comparison of the detection rate of 7 sleep problems among different gendersin this survey. Each Pittsburgh Sleep Quality Index component

score of >1 point indicates a sleep problem.

Variables Subjective sleep Sleeponset la=  Sleep duration  Sleepefficiency Sleep distur- Useof sleep medi- Daytimedysfunc-
quality tency bances cations tion
Males,n(%) 1511 (23.9) 2301 (36.4) 1050 (16.6) 867 (13.7) 856 (13.5) 146 (2.3) 2572 (40.7)
Femaes,n 3619 (25.3) 6343 (44.3) 2276 (15.9) 2590 (18.1) 2784 (19.4) 282 (2.0) 6623 (46.3)
(%)
Chi-square  4.530 (3) 113.194 (3) 1.605 (3) 60.447 (3) 105.569 (3) 2.477 (3) 55.616 (3)
(df)
P value .03 <.001 .21 <.001 <.001 12 <.001
Table 3. Comparison of sleep quality scores of college students in different regionsin this survey.
Subjective  Sleeponsetla Sleepduration  Sleepefficiency Sleep distur- Use of dleep Daytimedysfunc- Global
deepquali- tency bances medications tion PSQI score
ty
Quanzhou,  1.088 1.397(0.982) 0.789(0.741)  0.822(0.899)  1.003(0.628)  0.051(0.308)  1.201 (0.970) 6.03
mean (SD)  (0.752) (3.205)
Fuzhou, 1131 1.438 (0.992) 0.751(0.736) 0.825 (0.881) 1.062(0.6122%) 0.082(0.399%) 1.457 (0.9959) 6.36
mean (SD)  (0.763) (3.171%
Longyan, 1013 1217(0.923%) 0959 (0.6753 0504 (0.745% 0.997(0.626)  0.068(0.351) 1389 (0.974% 575
mean (SD) (07273 (29779
Nanping, 0.979 1.362(1.001) 0.813(0.715) 0.726(0.872) 0.988(0.643)  0.069 (0.386)  1.252 (0.949) 5.84
mean (SD)  (0.7469) (3.243)
Ningde, 1.104 1413(1002) (g9 (07063 0.902(0.893)  0.976(0.0589) 0.057(0.353)  1.244(0.945) 5.96
mean (SD)  (0.751) (3.098)
Putian, mean  0.979 1126(0.917% 0816(0645)  o5g3(0.7303 0937(0.569) 0047(0.258)  1226(0924)  5.33
(SD) (0.674) (2.694)
Sanming,  1.063 1.386(0.953) 1008(0.735% 0605(0.825% 1052(0639)  0094(0.418% 1426(0966% 623
mean (SD)  (0.742) (3.085)
Xiamen, 1112 1359(0922) 1059(0.743%) 0595(0.783%) L1103(0.587) 0087(0436) 1650 (09ds? 653
mean (SD) (0.666) (2'8553)
Zhangzhou, 1.103 1.454(0.994) 0.786 (0.768)  0.908(0.963) 1 g7 (0.670% 0.097 (0.464)  1.262(1.025) 6.37
mean (SD)  (0.792) (3.353)
Theglobal  1.063 1.339(0.966) 0.865(0.723) 0.685(0.849) 1.020(0.626)  0.070(0.365)  1.344 (0.980) 6.02
score, mean  (0.744) (3.112)
(SD)
Ftest(df)  10.996(8, 24.917 (8, 50.255 (8, 85.393 (8, 7.398 (8, 4.024 (8, 30.118 (8, 17.303 (8,
20,636) 20,636) 20,636) 20,636) 20,636) 20,636) 20,636) 20,636)
P value <.001 <.001 <.001 <.001 <.001 <.001 <.001 <.001

8Compared with Quanzhou, P<<.05.

Analyses of Factors|nfluencing Sleep Quality

A univariate analysis was used to analyze influencing factors
of deep quality on college students. Theresults of the chi-square
test showed that during thelocal COVID-19 outbreak in Fujian
Province in 2022, the sleep quality of college students was
correlated with following 12 variables. age, gender, grade,
residence, specialty, respiratory history, coffee consumption,
stay up, long hours on the internet, sudden changes, fears of
infection, and impatient closed-loop management (P<.001), but
this relationship appears to be independent of BMI.

https://www.jmir.org/2023/1/e45721

A multivariate unconditiona LR analysis was applied to
determine predictors of the sleep quality of college students
during the epidemic. The PSQI score was selected as the
dependent variable (poor deep quality=1, good sleep quality=0).
The 12 variablesthat showed statistical significancein univariate
analysis were included in multivariate nonconditional LR
analysis as independent variables. Results showed that a total
of 11 variables were related to sleep quality, which were age,
gender, residence, specialty, respiratory history, coffee
consumption, stay up, long hours on the internet, sudden
changes, fears of infection, and impatient closed-loop
management. Details are presented in Table 4.
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Table4. Analysis of factors affecting sleep quality (number) among college studentsin this survey.

Variables Participants Sleep quality, n (%) Univariate analysis Multivariateand- P value
(N=20,645), n ysis, OR? (95%
Cl)
Good (£7) Poor (>7) Chi-square (df) P vaue

Age 64.732 (1) <.001 <.001
<20 9227 6819 (46.5) 2408 (40.3) 1 (reference)
>20 11,418 7854 (53.5) 3564 (59.7) 1.31 (1.23-1.40)

Gender 69.801 (1) <.001 <.001
Male 6326 4747 (32.4) 1579 (26.4) 1 (reference)

Female 14,319 9926 (67.6) 4393 (73.6) 1.14 (1.06-1.23)

Residence 114.574 (8) <.001
Quanzhou 4959 3502 (23.9) 1457 (24.4) 1 (reference) N/AP
Fuzhou 3782 2519 (17.2) 1263 (21.1) 0.92(0.83-1.02) .11
Longyan 7066 5293 (36.1) 1773 (29.7) 0.71(0.64-0.78)  <.001
Nanping 897 655 (4.5) 242 (4.1) 0.91(0.77-1.09) .31
Ningde 540 392 (2.7) 148 (2.5) 0.83(0.67-1.03) .09
Putian 190 146 (1) 44.(0.7) 0.78(0.54-1.11) .17
Sanming 2133 1451 (9.9) 682 (11.4) 0.93(0.82-1.06) .29
Xiamen 437 291 (2) 146 (2.4) 0.93(0.74-1.16) .52
Zhangzhou 641 424 (2.9) 217 (3.6) 157(1.29-1.9) <.001

Specialty 163.534 (2) <.001
M edical-related ma- 4088 3120 (21.3) 968 (16.2) 1 (reference) N/A
jors
_Sci enceand engineer- 7876 5780 (39.4) 2096 (35.1) 142 (1.27-1.58) <.001
ing
Liberal arts 8681 5773 (39.3) 2908 (48.7) 1.62(1.46-1.8)  <.001

Grade 5.443 (1) .02 63
Graduating class 1459 998 (6.8) 461 (7.7) 1 (reference)
Nongraduating class 19,186 13675(92.3) 5511 (92.3) 1.03(0.91-1.17)

BMI 5.127 (3) 16 _c —
<185 4804 3381 (23) 1423 (23.8) — —
18--5,24 12,513 8960 (61.1) 3553 (59.5) — —
24-28 2303 1604 (10.9) 699 (11.7) — —
228 1025 728 (5) 297 (5) — —

Respiratory history 146.882 (1) <.001 <.001
No 15,477 11,342 (77.3) 4135 (69.2) 1 (reference)

Yes 5168 3331 (22.7) 1837 (30.8) 1.35 (1.25-1.45)

Coffee consumption 415.938 (3) <.001
No 10,290 7884 (53.7) 2406 (40.3) 1 (reference) N/A
Occasionally 8331 5652 (38.5) 2679 (44.9) 1.18(1.10-1.27) <.001
Often 1441 799 (5.4) 642 (10.8) 155(1.37-1.76) <.001
Almost everyday 583 338(2.3) 245 (4.1) 1.29 (1.07-1.56) .007

Stay up 780.661 (3) <.001
Not matched 10,951 8519 (58.1) 2432 (40.7) 1 (reference) N/A
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Variables Participants Sleep quality, n (%) Univariate analysis Multivaristeand- P value
(N=20,645), n ysis, OR? (95%
Cl)
Good (£7) Poor (>7) Chi-square (df) P vaue
Sometimes matched 7738 5195 (35.4) 2543 (42.6) 1.35(1.26-1.45) <.001
Often matched 1442 746 (5.1) 696 (11.7) 1.93(1.71-2.18) <.001
Always matched 514 213(1.5) 301 (5) 2.24(1.84-2.73) <.001

Long hourson theinternet

986.397 (3) <.001

Not matched 5892 4838 (33) 1054 (17.6) 1 (reference) N/A

Sometimes matched 8915 6483 (44.2) 2432 (40.7) 129(1.18-1.41) <.001

Often matched 4005 2457 (16.7) 1548 (25.9) 1.83(1.66-2.03) <.001

Always matched 1833 895 (6.1) 938 (15.7) 2.67(2.36-3.02) <.001
Sudden changes 117 (1) <.001 <.001

No 19,792 14,207 (96.8) 5585 (93.5) 1 (reference)

Yes 853 466 (3.2) 387 (6.5) 1.89 (1.63-2.2)

Fear s of infection

120.260 (3) <.001

Not matched 8038 5922 (40.4) 2116 (35.4) 1 (reference) N/A
Sometimes matched 10,274 7302 (49.8) 2972 (49.8) 0.98(0.92-1.06) .64
Often matched 1673 1055 (7.2) 618 (10.3) 1.19(1.05-1.34) .005
Always matched 660 394 (2.7) 266 (4.5) 1.25(1.04-1.49) .02
Impatient closed-loop management 1037.383 (3) <.001
Not matched 7663 6250 (42.6) 1413 (23.7) 1 (reference) N/A
Sometimes matched 8944 6252 (42.6) 2692 (45.1) 159 (1.47-1.72) <.001
Often matched 2252 1293 (8.8) 959 (16.1) 24(215-2.67)  <.001
Always matched 1786 878 (6) 908 (15.2) 3.06 (2.72-3.45) <.001
80R: odds ratio.

BN/A: not applicable.
“Not determined.

M odel Performance

As mentioned previously, there were 11 input parameters for
the prediction models for screening college students with poor
sleep quality. Following adequate training, the 4 models were
applied to the validation set. Table 5 shows metrics of all
models. The generated models all revealed better model
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performance, except for the LR model, which had the lowest
AUC of 0.59. The ANN model achieved the highest AUC of
0.713, with accuracy, sensitivity, specificity, PPV, and NPV of
73.52%, 25.51%, 92.58%, 57.71%, and 75.79%, respectively.
TheNB model showed asignificant and high sensitivity. Figure
2 shows the AUC of the 4 models applied to the validation set.
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Table 5. Model performance metrics of 4 models.
Characteristic Logistic regression ANN? Random forest Naive Bayes
AUCP 0.59 0.713 0.708 0.707
Kappa 0.079 0.218 0.167 0.236
Delta-P 0.183 0.335 0.329 0.275
Youden index 0.061 0.181 0.132 0.214
Accuracy, % 70.91 73.52 73.09 71.8
Sensitivity, % 117 2551 18.47 35
Specificity, % 94.41 92.58 94.77 86.4
Positive predictive value, % 45.37 57.71 58.35 50.53
Negative predictivevalue, % 72.93 75.79 74.54 77.01
Positive likelihood ratio 2.093 3.438 3.532 2574
Negative likelihood ratio 0.935 0.805 0.86 0.752
Lift, % 159.69 203.11 205.35 177.84
Fallout, % 5.59 7.42 5.23 13.6
F measure, % 18.61 35.38 28.05 41.36
Classification error, % 29.09 26.48 26.91 28.2
BANN: artificial neural network.
PAUC: areaunder curve.
Figure 2. Areasunder curves (AUCs) of the 4 models devel oped.
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Discussion

Principal Findings

This study found that about 28.9% (n=5972) of college students
represented sleep disturbances, which indicated that the
COVID-19 pandemic was arisk factor. Thisresult is consistent
with a horizontal study by Duan et a [24], which showed that
the COVID-19 pandemic led to sleep disorders among college
students in Wuhan.

Sleep is the most basic physiological need of human beings,
and good sleep quality contributes to better mental health,
serving as afoundation for a healthy life and efficient learning
for college students [25,26]. College students with poor sleep
require interventions. ML methods have been widely applied
to predict deep disorders, however, prediction models for
screening poor deep quality in the context of COVID-19
prevention with éligible predictors are insufficient.

This study has developed and validated prediction models for
self-reported variabl es, which may contributeto early screening
of sleep problemsin college students. The ANN model trained
with 11 parameters asinput exhibited excellent predictive power,
achievingan AUC of 0.713. A previous study using the decision
tree, RF, support vector machine, ANN, and gradient boosting
trees to assess the prevalence of seegp disturbances among
university studentsfound that the best model wasthe RF model,
which obtained 74% accuracy and 95% specificity [27]. This
result is close to our research.

According to Table 4, the related factors that affected the sleep
quality of college students included age, gender, residence,
specidlty, respiratory history, coffee consumption, stay up, long
hours on the internet, sudden changes, fears of infection, and
impatient closed-loop management. The prevalencerate of deep
disturbance in women (n=4393, 30.7%) was significantly higher
than that in men (n=1579, 25%), and the difference was
statistically significant (P<.001), whichisconsistent with earlier
findings [28]. Medical students were found to have a better
sleep quality, a result that was in line with that of a previous
study by Yang et a [29]. The findings in Table 4 indicate that
daily caffeineintake and sleep quality are inversely correlated.
The tendency to stay up late to complete learning due to
closed-loop management isarisk factor for sleep disorders, and
this risk increases with the frequency of staying up late.
Increased €l ectronic equi pment entertainment timeis positively
correlated with decreased dleep quality. The risk of sleep
disturbancein those who felt agitated and depressed dueto strict
epidemic prevention and control management was 3.08 times
higher than that of “no irritability.”

Previous studies have verified the association between these
predictors and dleep qudlity. In addition to uncontrollable
factors, such as being far away from home, behaviora factors,
including sleep schedule, screen time, exercise, and diet, have
been reported to be the main influencing factors responsible for
poor sleep in college students [30,31]. Sawah et a [32] and
Lohsoonthorn et a [33] found that caffeine intake affected
evening sleep quality in medical students and that the intake
was inversely associated with sleep quality. The outbreak of
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COVID-19 and the following prevention and control measures
were stressors that may have induced negative emotions and
indicated the declinein sleep quality [34].

In this context, this study used cross-sectional survey data to
develop predictive models. LR, ANN, RF, and NB are common
modeling toolsin biomedicine. The LR model underperformed
in the validation set among the generated models, which may
have been related to our data structure. When the
predictor-outcome relationships in a data set are relatively
complex and nonlinear, LR may achieve unsatisfactory
performance. ANN have outstanding ability to detect
nonpredefined relations, such as nonlinear effects and
interactions [35]. This may be related to the reason the ANN
model achieved the best predictive validity in predicting sleep
disturbances among university students.

With prominent specificity but low sensitivity, there was avery
low probability for the established prediction modelsto classify
respondents who did not actually have sleep disorders as those
with sleep disturbance, indicating that asleep disorder ishighly
suspected if the result is positive. This advantage is conducive
to picking out individuals with poor sleep quality and focusing
on them. Therefore, the generated models are beneficia for
decision makers to understand the sleep status of college
students under closed-loop management of the epidemic, and
to promote the diagnosis of sleep disorders. However, thiskind
of model may lead to a large number of missed diagnoses in
very large-scal e screening. Attention should be paid when using
the prediction model. On the basis of the existing prediction
model, the predictive variables can be changed to further
improve the prediction ability of the model. For example,
subjective sleep factors such as sleep duration and difficulty
falling asleep can be introduced. Furthermore, the introduction
of new data sets from external cohort populations may be
considered for external validation of the model.

This study defined poor sleep as a PSQI score >7. If the cutoff
point is set to a lower level (eg, 5) [36], there is a probability
for the model to detect more positive samples and increase its
sensitivity. However, this may result in a number of true
negative samples being migudged as positive, hence reducing
the specificity of the model accordingly, and the AUC value
may also change. Therefore, it is crucial for an effective
prediction model to find the optima cutoff value for
differentiating between individuals. In addition, other ML
models or fusion models may be applied to achieve better
performance for further studies.

Strengthsand Limitations

This cross-sectional study was conducted through the internet,
which is conducive to data collection with a large sample size
and extensive geographic coverage. The respondents were
recruited from 9 citiesin Fujian, with strong representativeness.
Therewasrelatively little heterogeneity in the control measures
in various colleges and universities in the province, and the
results were good in general. The collected data covered the
assessment of sleep quality, factors of prevention and control
measures, lifestyle and individual factors, etc. Our study still
had severa limitations. The strengths and weaknesses of this
study have been summarized in Textbox 1.
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Strengths:

« Largesamplesize

«  High-quality data with strong representativeness

«  Thestudy has strong timeliness

«  Comprehensive items were investigated

«  Build prediction model based on machine learning algorithms
Limitations:

«  Thecausal relationship of the research objects remains unknown
« Thedatasourceis subjective and lacks objective measurement

«  Potentia selection bias and nonresponse bias

«  Morefactors affecting sleep quality should be studied

«  Theeéeffectiveness of residence in the prediction model should be verified

First, the causal relationship between the strict control measures
after the COVID-19 outbreak and the sleep quality of college
students cannot be determined through cross-sectional studies
alone. In addition, the characteristics of the cross-sectional study
and the assessment scope of the PSQI scale make it difficult to
explore the association between different levels of epidemic
prevention and control measures and the sleep quality of college
students.

Second, the data were self-reported by respondents, and
subjective sleep reporting may overestimate or underestimate
deep quality. Despite the commitment to confidentiaity, the
resultsmay still beinfluenced by social desirability bias, leading
to possible reporting bias. Some studies have incorporated
objective datainto prediction models. Zhang et a [37] devel oped
a back-propagation ANN prediction model, taking objective
data measured through physical examination and subjective
data collected through questionnaires as input.

Third, there may have been selection biasin thisinternet-based
survey, since college students who are relatively more active
on socia media were more likely to respond, while students
with insufficient recognition and attention toward sleep health
were more inclined not to respond to this study, resulting in
nonresponse bias. This may also have led to generally longer
screen times for the respondents.

Fourth, considering the patience of college studentsin the survey
process and the richness of the questionnaire content, this study
did not investigate excessive relevant factors affecting sleep
quality, such asexercise; thus, it isdifficult to ensure the highest
quality of the questionnaire.

Finally, the effectiveness of residence in the prediction model
was unclear. Previous studies have shown that the epidemic
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severity for those living in the province near the epicenter was
not significantly associated with mental health problems.
Regardless of the epidemic severity, acute stress, anxiety, and
depression are pervasive in Chinese college students [38], and
that kind of psychological distress may affect sleep quality.

Future Research

Future studies are needed to use an experimental or longitudinal
design combined with followed-up visitsto exploreissues more
in depth. Key variables of the prediction model could apply
objectiveindicators, which can be eval uated through observation
and objective measurement. Furthermore, other significant
predictors of sleep quality could be explored, and wearable
devices could aso be used as a means of assessing sleep.

Conclusions and Recommendations

Despite several limitations, there is sufficient evidence in this
study to show that the upgrade in epidemic prevention and
control management caused by the local outbreak in Fujian
Province had a negative impact on the sleep status of college
students. About 28.9% (n=5972) of college students reported
poor sleep quality. A total of 11 variables were found to be
related to sleep quality, including staying up, fears of infection,
and impatient closed-loop management. Thesefindings highlight
the need for a targeted measure to improve sleep status of
college students during the COVID-19 outbreaks. The ANN
model globally represented the strongest predictive ability for
deep quality of college students, with an AUC, accuracy,
sensitivity, specificity, PPV, and NPV of 0.713, 73.52%,
25.51%, 92.58%, 57.71%, and 75.79%, respectively. Theresults
show the prospect of using ML techniques to predict college
students' sleep quality with only afew key variables collected,
providing strong data and tool support for corresponding
intervention and prevention strategies.

This research was financially supported by Quanzhou City Science & Technology Program of China (2021C061R), and Fujian
Provincial University students' innovation and entrepreneurship training program project (202110392003S). Informed consent

was obtained from all subjects involved in the study.

https://www.jmir.org/2023/1/e45721

JMed Internet Res 2023 | vol. 25 | e45721 | p. 11
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zheng et a

Data Availability
The source code and the data sets used in this study are freely available on GitHub [39].

Authors Contributions

CF and YW contributed to conceptualization. WZ was involved in methodology. LY was responsible for writing and preparation
of original draft. QC was responsible for writing, reviewing, and editing. YH, JH, and JZ conducted validation. TC and SY
performed formal analysis. NW was involved in data curation. Y Z devel oped the internet research platform. YZ was responsible
for questionnaire design. All authors have read and agreed to the published version of the manuscript.

Conflictsof Interest
None declared.

References

1.  Zhang, MaZF. Impact of the COVID-19 pandemic on mental health and quality of life among local residentsin Liaoning
province, China: a cross-sectional study. Int J Environ Res Public Health 2020;17(7):2381 [FREE Full text] [doi:
10.3390/ijerph17072381] [Medline: 32244498]

2. Huang, Zhao N. Corrigendum to generalized anxiety disorder, depressive symptoms and sleep quality during COVID-19
outbreak in China: aweb-based cross-sectional survey [Psychiatry Research, 288 (2020) 112954]. Psychiatry Res
2021;299:113803 [FREE Full text] [doi: 10.1016/j.psychres.2021.113803] [Medline: 33838927]

3. Zhao X, Lan M, Li H, Yang J. Perceived stress and sleep quality among the non-diseased general public in Chinaduring
the 2019 coronavirus disease: a moderated mediation model. Sleep Med 2021;77:339-345 [FREE Full text] [doi:
10.1016/j.5leep.2020.05.021] [Medline: 32482485]

4.  ManA, Zhou Q, MaY, Luecken LJ, Liu X. Relations of SARS-related stressors and coping to Chinese college students
psychological adjustment during the 2003 Beijing SARS epidemic. J Couns Psychol 2011;58(3):410-423. [doi:
10.1037/a0023632] [Medline: 21574694]

5. WangF, Bir6 E. Determinants of sleep quality in college students: aliterature review. Explore (NY) 2021;17(2):170-177
[FREE Full text] [doi: 10.1016/j.explore.2020.11.003] [Medline: 33246805]

6. Baanza-Martinez V, Atienza-Carbonell B, Kapczinski F, De Boni RB. Lifestyle behaviours during the COVID-19: time
to connect. Acta Psychiatr Scand 2020;141(5):399-400 [FREE Full text] [doi: 10.1111/acps.13177] [Medline; 32324252]

7. Mahmoudi H, Saffari M, Movahedi M, Sanaeinasab H, Rashidi-Jahan H, Pourgholami M, et a. A mediating role for mental
health in associations between COVID-19-related self-stigma, PTSD, quality of life, and insomniaamong patients recovered
from COVID-19. Brain Behav 2021;11(5):€02138 [FREE Full text] [doi: 10.1002/brb3.2138] [Medline: 33811451]

8. CullenT, ThomasG, Wadley AJ, MyersT. The effects of asingle night of complete and partial sleep deprivation on physical
and cognitive performance: aBayesian analysis. J Sports Sci 2019;37(23):2726-2734. [doi: 10.1080/02640414.2019.1662539]
[Medline: 31608829]

9.  Alvaro PK, Roberts RM, Harris K. A systematic review assessing bidirectionality between sleep disturbances, anxiety,
and depression. Sleep 2013;36(7):1059-1068 [FREE Full text] [doi: 10.5665/sleep.2810] [Medline: 23814343]

10. Cappuccio FR, D'EliaL, Strazzullo B, Miller MA. Quantity and quality of sleep and incidence of type 2 diabetes: asystematic
review and meta-analysis. Diabetes Care 2010;33(2):414-420 [FREE Full text] [doi: 10.2337/dc09-1124] [Medline:
19910503]

11. WangY, Mei H, Jiang YR, SunW, Song Y, Liu S, et al. Relationship between duration of sleep and hypertension in adults:
ameta-analysis. JClin Sleep Med 2015;11(9):1047-1056 [FREE Full text] [doi: 10.5664/jcsm.5024] [Medline: 25902823]

12.  Jahrami HA, Alhgj OA, Humood AM, Alenezi AF, Fekih-Romdhane F, AIRasheed MM, et al. Sleep disturbances during
the COVID-19 pandemic: asystematic review, meta-analysis, and meta-regression. Sleep Med Rev 2022;62:101591 [FREE
Full text] [doi: 10.1016/j.smrv.2022.101591] [Medline: 35131664]

13. Handelman GS, Kok HK, ChandraRV, Razavi AH, LeeMJ, Asadi H. eDoctor: machinelearning and the future of medicine.
JIntern Med 2018;284(6):603-619 [FREE Full text] [doi: 10.1111/joim.12822] [Medline: 30102808]

14. Toften S, Pallesen S, Hrozanova M, Moen F, Granli J. Validation of sleep stage classification using non-contact radar
technology and machine learning (Somnofy®). Sleep Med 2020;75:54-61. [doi: 10.1016/j.9eep.2020.02.022] [Medline:
32853919]

15. Uddin MB, Chow CM, Su SW. Classification methods to detect sleep apneain adults based on respiratory and oximetry
signals: a systematic review. Physiol Meas 2018;39(3):03TROL. [doi: 10.1088/1361-6579/aaafb8] [Medline: 29446755]

16. Buysse DJ, Reynolds CF, Monk TH, Berman SR, Kupfer DJ. The Pittsburgh sleep quality index: a new instrument for
psychiatric practice and research. Psychiatry Res 1989;28(2):193-213. [doi: 10.1016/0165-1781(89)90047-4] [Medline:
2748771]

17. Backhaus J, Junghanns K, Broocks A, Riemann D, Hohagen F. Test-retest reliability and validity of the Pittsburgh sleep
quality index in primary insomnia. J Psychosom Res 2002;53(3):737-740. [doi: 10.1016/50022-3999(02)00330-6] [Medline:
12217446]

https://www.jmir.org/2023/1/e45721 JMed Internet Res 2023 | vol. 25 | e45721 | p. 12
(page number not for citation purposes)


https://www.mdpi.com/resolver?pii=ijerph17072381
http://dx.doi.org/10.3390/ijerph17072381
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32244498&dopt=Abstract
https://europepmc.org/abstract/MED/33838927
http://dx.doi.org/10.1016/j.psychres.2021.113803
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33838927&dopt=Abstract
https://europepmc.org/abstract/MED/32482485
http://dx.doi.org/10.1016/j.sleep.2020.05.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32482485&dopt=Abstract
http://dx.doi.org/10.1037/a0023632
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21574694&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1550-8307(20)30373-6
http://dx.doi.org/10.1016/j.explore.2020.11.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33246805&dopt=Abstract
https://europepmc.org/abstract/MED/32324252
http://dx.doi.org/10.1111/acps.13177
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32324252&dopt=Abstract
https://europepmc.org/abstract/MED/33811451
http://dx.doi.org/10.1002/brb3.2138
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33811451&dopt=Abstract
http://dx.doi.org/10.1080/02640414.2019.1662539
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31608829&dopt=Abstract
https://europepmc.org/abstract/MED/23814343
http://dx.doi.org/10.5665/sleep.2810
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23814343&dopt=Abstract
https://europepmc.org/abstract/MED/19910503
http://dx.doi.org/10.2337/dc09-1124
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19910503&dopt=Abstract
https://europepmc.org/abstract/MED/25902823
http://dx.doi.org/10.5664/jcsm.5024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25902823&dopt=Abstract
https://europepmc.org/abstract/MED/35131664
https://europepmc.org/abstract/MED/35131664
http://dx.doi.org/10.1016/j.smrv.2022.101591
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35131664&dopt=Abstract
https://onlinelibrary.wiley.com/doi/10.1111/joim.12822
http://dx.doi.org/10.1111/joim.12822
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30102808&dopt=Abstract
http://dx.doi.org/10.1016/j.sleep.2020.02.022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32853919&dopt=Abstract
http://dx.doi.org/10.1088/1361-6579/aaafb8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29446755&dopt=Abstract
http://dx.doi.org/10.1016/0165-1781(89)90047-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2748771&dopt=Abstract
http://dx.doi.org/10.1016/s0022-3999(02)00330-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12217446&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zheng et a

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

Kuan Y C, Hong CT, Chen PC, Liu WT, Chung CC. Logistic regression and artificial neural network-based simple predicting
models for obstructive sleep apnea by age, sex, and body massindex. Math Biosci Eng 2022;19(11):11409-11421 [FREE
Full text] [doi: 10.3934/mbe.2022532] [Medline: 36124597]

Eyvazlou M, Hosseinpouri M, Mokarami H, Gharibi V, Jahangiri M, Cousins R, et al. Prediction of metabolic syndrome
based on sleep and work-related risk factorsusing an artificial neural network. BMC Endocr Disord 2020;20(1):169 [FREE
Full text] [doi: 10.1186/s12902-020-00645-x] [Medline: 33183282]

Deo RC. Machine learning in medicine. Circulation 2015;132(20):1920-1930 [FREE Full text] [doi:
10.1161/CIRCULATIONAHA.115.001593] [Medline: 26572668]

Choi RY, Coyner AS, Kalpathy-Cramer J, Chiang MF, Campbell JP. Introduction to machine learning, neural networks,
and deep learning. Trand Vis Sci Technol 2020;9(2):14 [FREE Full text] [doi: 10.1167/tvst.9.2.14] [Medline: 32704420]
Uddin S, Khan A, Hossain ME, Moni MA. Comparing different supervised machine learning algorithms for disease
prediction. BMC Med Inform Decis Mak 2019;19(1):281 [FREE Full text] [doi: 10.1186/s12911-019-1004-8] [Medline:
31864346]

Carracedo-Reboredo P, Lifiares-Blanco J, Rodriguez-Fernandez N, Cedron F, Novoa FJ, Carballal A, et al. A review on
machine |learning approaches and trends in drug discovery. Comput Struct Biotechnol J 2021;19:4538-4558 [FREE Full
text] [doi: 10.1016/j.csbj.2021.08.011] [Medline: 34471498]

Duan H, Gong M, Zhang Q, Huang X, Wan B. Research on sleep status, body massindex, anxiety and depression of college
students during the post-pandemic erain Wuhan, China. J Affect Disord 2022;301:189-192 [FREE Full text] [doi:
10.1016/j.jad.2022.01.015] [Medline: 34990628]

Scott AJ, Webb TL, Martyn-St James M, Rowse G, Weich S. Improving sleep quality leads to better mental health: a
meta-analysis of randomised controlled trials. Sleep Med Rev 2021;60:101556 [FREE Full text] [doi:
10.1016/j.smrv.2021.101556] [Medline: 34607184]

Jiang Z, Li M. The Relationship between Sleep Quality and Mental Health of College Students: A Mediated Moderating
Model. Chinese Journal of Special Education 2019;11:81-87.

Alghwiri AA, Almomani F, Alghwiri AA, Whitney SL. Predictors of sleep quality among university students: the use of
advanced machinelearning techniques. Sleep Breath 2021;25(2):1119-1126. [doi: 10.1007/s11325-020-02150-w] [Medline:
32700289]

Zhang MY. Correlation between stress perception and sleep quality of senior college students--Nanjing medical university
as an example. Psychol Mag 2021;16(23):7-9.

Yang Z, Tao J, He X. Analysis of the current situation and intervention suggestions of sleep quality of college students.
Yangtze River Ser 2020(7):146-147.

Shrivastava A, Saxena Y. Effect of mobile usage on serum melatonin levels among medical students. Indian J Physiol
Pharmacol 2014;58(4):395-399. [Medline: 26215007]

Zheng X, Hu J, Xujian. Relationship between cell phone radiation and health. Occup Health 2009;25(07):735-736.
Sawah MA, Ruffin N, Rimawi M, Concerto C, AgugliaE, Chusid E, et al. Perceived stress and coffee and energy drink
consumption predict poor sleep quality in podiatric medical students a cross-sectional study. JAm Podiatr Med Assoc
2015;105(5):429-434. [doi: 10.7547/14-082] [Medline: 26429613]

Lohsoonthorn V, Khidir H, Casillas G, Lertmaharit S, Tadesse MG, Pensuksan WC, et al. Sleep quality and sleep patterns
in relation to consumption of energy drinks, caffeinated beverages, and other stimulantsamong Thai college students. Sleep
Breath 2013;17(3):1017-1028 [FREE Full text] [doi: 10.1007/s11325-012-0792-1] [Medline: 23239460]

Zhang Y, Diao J, Guo G. The influence of sleep quality on mental health of college students in the new era. Comp Study
Cult Innov 2021;5(19):178-182.

Sargent DJ. Comparison of artificial neural networks with other statistical approaches: results from medical data sets.
Cancer 2001;91(8 Suppl):1636-1642. [doi: 10.1002/1097-0142(20010415)91.8+<1636::aid-cncr1176>3.0.co;2-d] [Medline:
11309761]

Dietch JR, Taylor DJ, Sethi K, Kelly K, Bramoweth AD, Roane BM. Psychometric evaluation of the PSQI in U.S. college
students. J Clin Sleep Med 2016;12(8):1121-1129 [FREE Full text] [doi: 10.5664/jcsm.6050] [Medline: 27166299]
Zhang X, Lee SY, Luo H, Liu H. A prediction model of sleep disturbances among female nurses by using the BP-ANN. J
Nurs Manag 2019;27(6):1123-1130. [doi: 10.1111/jonm.12782] [Medline: 31006161]

MaZ,Zhao J, Li Y,Chen D, Wang T, Zhang Z, et al. Mental health problems and correlatesamong 746 217 college students
during the coronavirus disease 2019 outbreak in China. Epidemiol Psychiatr Sci 2020;29:e181 [FREE Full text] [doi:
10.1017/S2045796020000931] [Medline: 33185174]

PSQI-Prediction. GitHub. URL: https://github.com/ChunmeiFan/PSQI -Prediction [accessed 2023-03-07]

Abbreviations

ANN: artificial neural network
AUC: areaunder curve
LR: logistic regression

https://www.jmir.org/2023/1/e45721 JMed Internet Res 2023 | vol. 25 | e45721 | p. 13

(page number not for citation purposes)


https://www.aimspress.com/article/10.3934/mbe.2022532
https://www.aimspress.com/article/10.3934/mbe.2022532
http://dx.doi.org/10.3934/mbe.2022532
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36124597&dopt=Abstract
https://bmcendocrdisord.biomedcentral.com/articles/10.1186/s12902-020-00645-x
https://bmcendocrdisord.biomedcentral.com/articles/10.1186/s12902-020-00645-x
http://dx.doi.org/10.1186/s12902-020-00645-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33183282&dopt=Abstract
https://europepmc.org/abstract/MED/26572668
http://dx.doi.org/10.1161/CIRCULATIONAHA.115.001593
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26572668&dopt=Abstract
https://europepmc.org/abstract/MED/32704420
http://dx.doi.org/10.1167/tvst.9.2.14
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32704420&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-019-1004-8
http://dx.doi.org/10.1186/s12911-019-1004-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31864346&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2001-0370(21)00342-1
https://linkinghub.elsevier.com/retrieve/pii/S2001-0370(21)00342-1
http://dx.doi.org/10.1016/j.csbj.2021.08.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34471498&dopt=Abstract
https://europepmc.org/abstract/MED/34990628
http://dx.doi.org/10.1016/j.jad.2022.01.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34990628&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1087-0792(21)00141-6
http://dx.doi.org/10.1016/j.smrv.2021.101556
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34607184&dopt=Abstract
http://dx.doi.org/10.1007/s11325-020-02150-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32700289&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26215007&dopt=Abstract
http://dx.doi.org/10.7547/14-082
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26429613&dopt=Abstract
https://europepmc.org/abstract/MED/23239460
http://dx.doi.org/10.1007/s11325-012-0792-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23239460&dopt=Abstract
http://dx.doi.org/10.1002/1097-0142(20010415)91:8+<1636::aid-cncr1176>3.0.co;2-d
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11309761&dopt=Abstract
https://europepmc.org/abstract/MED/27166299
http://dx.doi.org/10.5664/jcsm.6050
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27166299&dopt=Abstract
http://dx.doi.org/10.1111/jonm.12782
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31006161&dopt=Abstract
https://europepmc.org/abstract/MED/33185174
http://dx.doi.org/10.1017/S2045796020000931
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33185174&dopt=Abstract
https://github.com/ChunmeiFan/PSQI-Prediction
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zheng et a

ML: machinelearning

NB: naive Bayes

NPV: negative predictive value

PPV: positive predictive value

PSQI: Pittsburgh Sleep Quality Index
RF: random forest
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