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ABSTRACT

1

Sleep is an essential physiological process involved in memory consolidation, metabolic and endocrine
homeostasis, and immune system regulation. Therefore, good sleep quality is vital for maintaining
physiological homeostasis. Poor sleep quality is prevalent among college students and affects both
physical and mental health. Conventional statistical methods, such as logistic regression, are commonly
used to generate predictive models of sleep quality and have been extensively applied to Health Sciences
students, but their use has been less studied among students from other disciplines, such as Engineering
and Exact Sciences. Data mining can help overcome certain limitations of these conventional methods,
such as multicollinearity, by uncovering associations that might otherwise have gone unnoticed. In this
study, we separately analyzed two samples of students from Health Sciences and Engineering and Exact
Sciences. We found significant correlations between sleep quality and attributes such as perceived sleep
quality, sleep latency, sleep duration, drug use, and the use of medication for depression and anxiety.
Decision trees identified different predictive attributes between the two samples. These findings offer
a novel insight into sleep quality among college students and may support informed decision-making

and targeted interventions.
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1. Introduction

Sleep is a physiological process that occupies nearly one-
third of the human lifespan [1]; it is characterized by
its reversibility and circadian periodicity, during which
immobility and muscle relaxation are accompanied by
a decrease in consciousness and responsiveness to ex-
ternal stimuli [2]. Given its crucial role in essential
functions, such as memory consolidation, metabolic, en-
docrine and immune regulation [2], maintaining good
sleep quality is vital.

College students are among the most extensively re-
searched populations in relation to sleep, with Health
Sciences students being the most studied subgroup.
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Poor sleep quality is highly prevalent in this population,
affecting over 50% of students [3, 4, 5]. In contrast, stu-
dents from other disciplines, such as Engineering and
Exact Sciences, have been scarcely researched. How-
ever, literature reports a prevalence of poor sleep quality
in this population between 48.7% and 67.8% [6, 7, 8.
Sleep quality is a multifactorial construct influenced
by elements such as age, sex, the sleep environment, and
comorbidities, among others [9]. Some of these factors
may increase the risk of poor sleep quality, while others
may serve as protective factors. Alghwiri et al., through
logistic regression analysis, identified electronics usage
hours, neck pain, headache, and other systemic diseases
as risk factors for sleep quality [10]. Similarly, Li et
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al. found that college students in lower academic years
(e.g., freshmen and sophomores), those who consumed
alcohol or engaged in gambling, exercised less than once
per week, or felt pressured during the academic year
were at higher risk of experiencing poor sleep quality
[11]. Although these approaches provide valuable infor-
mation regarding students’ sleep quality and may be the
basis of therapeutic management, they may be limited
by issues such as multicollinearity or imprecise estimates
when some variable categories have a small number of
cases. Data mining can help address these limitations,
especially in the development of predictive models and
in supporting clinical decision-making [12].

The aim of this study was to analyze the sleep qual-
ity of students from two campuses —Health Sciences
and Engineering and Exact Sciences— using a data min-
ing approach.

2. Method
2.1 Study design and participants

A cross-sectional study was conducted using probabilis-
tic sampling. A total of 805 students from the Health
Sciences Campus and 92 students from the Engineer-
ing and Exact Sciences Campus of the Universidad
Auténoma de Yucatdn (UADY) were recruited. The
distribution of students by academic program on each
campus was as follows:

e Health Sciences Campus: 32% medical students,
9.2% Nutrition students, 8.6% Rehabilitation stu-
dents, 20.4% Odontology students, 18% Pharma-
ceutical Chemist Biologist (PCB) students, 8.1%
Nursing students, and 3.7% Social Work Stu-
dents.

e Engineering and Exact Sciences Campus: 19.6%
Computer Sciences students, 2.8% Computer En-
gineering students, and 78.3% Software Engineer-
ing students.

All regular students of both sexes, aged 18 or older,
enrolled in the first to sixth school semester, who agreed
to participate voluntarily, were considered for inclusion.
Students who were pregnant or working night shifts
were excluded to minimize potential bias in sleep quality
assessment.

2.2 Instruments

2.2.1 Sociodemographic data

Data regarding sociodemographic information was col-
lected through a self-administered 28-item survey. As
with the other instruments, this questionnaire was ap-
plied using Microsoft Forms, which students could ac-
cess by scanning a QR code.

2.2.2 Sleep quality

The Pittsburgh Sleep Quality Index (PSQI) was admin-
istered to assess students’ sleep quality; the Spanish ver-

sion by Jimenez-Genchi et al. was used, with a Cron-
bach’s alpha reliability coefficient of 0.78 [13]. PSQI
is a self-administered 19-item questionnaire developed
by Buysse in 1989, that evaluates seven components of
sleep quality: subjective (perceived) sleep quality, sleep
latency, sleep duration, habitual sleep efficiency, sleep
disturbances, use of sleep medication, and daytime dys-
function [14]. A global score, given by the sum of each
component’s score, of more than five points indicate
poor sleep quality [13].

2.2.83 Daytime sleepiness

Since sleep quality is a multifactorial phenomenon, we
evaluated some confounding factors, daytime sleepiness
being one of them, which was evaluated by the Ep-
worth Sleepiness Scale (ESS). This self-administered 8-
item questionnaire was applied to evaluate students’
tendency to fall sleep in different situations; the Span-
ish version by Sandoval-Rincén et al. was used, with
a Cronbach’s alpha reliability coefficient of 0.89. A to-
tal score of 10 to 12 points is suggestive of marginal
sleepiness, while more than 12 points indicate excessive
sleepiness [15].

2.2.4 Internet addiction

Other confounding factor was the presence of Inter-
net addiction, assessed by the Internet Addiction Test
(TAT); the Spanish version by Puerta-Cortés et al. was
administered, with a Cronbach’s alpha reliability coef-
ficient of 0.91 [16]. This 20-item questionnaire distin-
guishes between four different levels of Internet addic-
tion: no addiction (total score of 0 to 30 points), mild
addiction (total score of 31 to 49 points), moderate ad-
diction (total score of 50 to 79 points) and severe ad-
diction (total score of 80 to 100 points) [17].

2.3 Data analysis

Data was analyzed through a data mining approach us-
ing the Waikato Environment for Knowledge Analysis
(WEKA), version 3.9.6 (Figure 1).

A separate dataset was constructed for each cam-
pus, enabling independent analysis of the two popula-
tions. Initially, both datasets underwent preprocessing,
which included removing inconsistent or incongruent in-
formation. A total of 55 attributes were selected for
analysis in each dataset. The Health Sciences dataset
included 805 instances, while the Engineering and Exact
Sciences dataset comprised 92 instances. Then, a dis-
cretization process was employed, to transform continu-
ous attributes into nominal ones, making data suitable
for data mining algorithms [18].

Three data mining techniques were used to analyze
data: tree-based classification, clustering, and associ-
ation rule mining. For the classification analysis, the
J48 decision tree algorithm was applied, with 10-fold
cross-validation and the Sleep Quality variable as the
reference attribute. For clustering, the SimpleKMeans
algorithm was applied, using the Sleep Quality attribute
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Figure 1. Study methodology. Data mining techniques used were tree-based classification (J48 algo-
rithm), clustering (SimpleKMeans algorithm) and association rule mining (Apriori algorithm).

to evaluate cluster alignment. For association analysis,
the Apriori algorithm was applied. All algorithms were
unsupervised, except for the J48 algorithm.

3. Results

From the total sample of 897 students, 89.7% were from
the Health Sciences Campus (n = 805), and 10.3% were
from the Engineering and Exact Sciences Campus (n =
92). The prevalence of poor sleep quality among Health
Sciences students —61.1% of whom were female— was
74.4%. Among Engineering and Exact Sciences stu-
dents —18.5% of whom were female— the prevalence
was 67.4%.

3.1 Data mining

All algorithms were applied separately for each campus
dataset in the following order: tree-based classification
to generate a decision tree for sleep quality prediction,
clustering analysis to characterize students with good
and poor sleep quality, and association rule mining to
extract the most relevant rules for each campus.

3.1.1 Tree-based classification algorithm

As previously mentioned, the J48 algorithm was used
to generate decision trees.

The algorithm was first applied to the Health Sci-
ences dataset. Sleep Quality was used as the reference
attribute, which has two possible values, according to
the PSQI: good (equal to or less than five points) or poor
(more than five points). A 10-fold cross-validation was

performed. To optimize model performance, the Min-
NumObj parameter was set to 5, and to reduce overfit-
ting, the confidence factor was set to 0.25. The accuracy
of the resulting decision tree was 84.9689%, correctly
classifying 684 out of 805 instances. Model performance
metrics were as follows: Kappa statistic = 0.5903, mean
absolute error = 0.2208, root mean squared error =
0.3463, relative absolute error = 57.9151%, and root
relative squared error = 79.351% (Figure 2).

Then, the algorithm was applied to the Engineering
and Exact Sciences dataset, again using Sleep Quality as
the reference attribute and 10-fold cross-validation. For
this analysis, the tree was left unpruned to maximize
accuracy and minimize error. The MinNumODbj param-
eter was set to 2. The resulting decision tree achieved
an accuracy of 81.5217%, correctly classifying 75 out of
92 instances. Model performance metrics were as fol-
lows: Kappa statistic = 0.5969, mean absolute error =
0.1964, root mean squared error = 0.4033, relative ab-
solute error = 44.5295%, and root relative squared error
= 86.0252% (Figure 3).

3.1.2 Clustering algorithm

The SimpleKMeans algorithm was employed for this
analysis. Using the classes to cluster evaluation mode,
Sleep Quality served as the reference for evaluating clus-
ter alignment. For each dataset, two clusters were gen-
erated: one predominantly associated with good sleep
quality and the other with poor sleep quality. The most
relevant attributes for each cluster are presented in Fig-
ures 4 and 5, respectively.
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Figure 2. Decision tree (J48 algorithm) for sleep quality among Health Sciences students. To optimize
model performance, the MinNumODbj parameter was set to 5, with a confidence factor of 0.25.
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The tree was left unpruned to maximize accuracy and minimize error; the MinNumObj parameter was set
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Figure 4. Generated clusters (SimpleKMeans algorithm) for the Health Sciences dataset, based on stu-
dents’ sleep quality. The most relevant attributes are presented.
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Figure 5. Generated clusters (SimpleKMeans algorithm) for the Engineering and Exact Sciences dataset,
based on students’ sleep quality. The most relevant attributes are presented.
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In terms of clustering accuracy, 34.4099% of in-
stances were incorrectly clustered in the Health Sciences
dataset. In contrast, only 53.26% of instances were cor-
rectly clustered in the Engineering and Exact Sciences
dataset. These results suggest that additional, unmea-
sured attributes may be influencing students’ sleep qual-
ity and limiting the clustering model’s discriminative
power.

To optimize clustering model performance, several
parameter configurations were tested. The most ac-
curate results were obtained using the following set-
tings: Fuclidean Distance as the distance function, k-
means++ as the initialization method, a maximum of
500 iterations, two clusters, preservation of instances
order enabled, and a random seed of 100. This configu-
ration was applied to both datasets.

3.1.83 Association algorithm

The Apriori algorithm was applied for this analysis. For
the Health Sciences dataset, the algorithm performed
79 cycles, using a minimum support threshold of 0.92
(741 instances) and a minimum confidence threshold of
0.4. For the Engineering and Exact Sciences Campus
dataset, 60 cycles were performed with a minimum sup-
port threshold of 0.94 (86 instances) and the same con-
fidence threshold of 0.4.

In both datasets, the algorithms were run with the
RemoveUseless filter enabled, and parameters were set
as follows: number of rules = 50, delta = 0.001, upper
bound of minimum support = 1.0, lower bound of min-
imum support = 0.3, and significance level = -1.0. The
most meaningful rules based on relevance, confidence,
lift, leverage and conviction metrics are presented in
Tables 1 and 2. Conviction values for all rules are
greater than 1, indicating reliable associations between
attributes. Additionally, lift values above 1 and lever-
age values greater than 0 suggest positive correlations
among the associated attributes.

4. Discussion

According to the tree-based classification algorithm,
perceived sleep quality emerged as a key variable in
evaluating a student’s overall sleep quality, as it served
as the root node in both decision trees. Since per-
ceived sleep quality is a component of the PSQI, in-
cluding this variable into a traditional logistic regression
model may introduce multicollinearity among indepen-
dent variables, limiting its value as a predictive factor.
However, in a real-world clinical context, this attribute
can provide useful information and help guide the as-
sessment toward a more informed evaluation.

When analyzing the decision tree for the Health
Sciences dataset, only three additional attributes —be-
sides the root node— were identified as predictors of
sleep quality: sleep duration, sleep latency and history
of COVID-19 within the previous six months. As in
the previous cases, the predictive value of sleep dura-
tion and sleep latency is limited. However, longer sleep
duration and shorter sleep latency contribute to a lower

PSQI overall score, which is interpreted as better sleep
quality [13].

Regarding the history of COVID-19 within the pre-
vious six months, current evidence presents an ambigu-
ous relationship with sleep quality, potentially linked to
the role of sleep in modulating the immune response
[19]. In their evaluation of the long-term effects of
COVID-19, Mekhael et al. found out that patients who
had recovered from the disease exhibited altered sleep
architecture, shorter sleep duration and longer sleep
latency [20], features commonly associated with poor
sleep quality. Interestingly, the decision tree for Health
Sciences students indicated that those who had COVID-
19 within the previous six months were more likely to
report good sleep quality. However, given the limited
evidence regarding the association between COVID-19
and sleep quality, it cannot be concluded that a posi-
tive history of COVID-19 predicts good sleep quality.
Yet, despite the evidence suggesting a negative impact
of COVID-19 on sleep, our results indicate that stu-
dents who had a positive history of COVID-19 within
the previous six months were more likely to report good
sleep quality, contradictory to the existing evidence.

The Engineering and Exact Sciences Campus deci-
sion tree also identified perceived sleep quality as the
root node. In addition to sleep duration and sleep
latency, other relevant predictors for sleep quality in-
cluded the frequency of sleep medication use, daytime
sleepiness, selling online and Internet addiction. Our re-
sults suggest that any frequency of sleep medication use
is associated with poor sleep quality. This aligns with
Alamir et al. findings, who reported that individuals
consuming anxiolytics and antidepressants experienced
nocturnal awakenings, daytime sleepiness and insomnia,
factors associated with poor sleep quality [21].

Regarding daytime sleepiness, de Sousa et al., using
an explanatory model, predicted a higher probability
of daytime sleepiness among college students with poor
sleep quality [22]. In contrast, our findings showed that
those with excessive daytime sleepiness were more likely
to report good sleep quality. This apparent contradic-
tion may be explained by the possibility of a distorted
perception of sleep as being restorative when the indi-
vidual experiences greater fatigue.

In this study, female students showed a higher prob-
ability of experiencing poor sleep quality, consistent
with the findings of Sanchez-Sanchez, who reported that
college-aged women had a 13% higher risk of developing
poor sleep quality [23]. According to Regal et al., this
may be related to the influence of female hormones, a
higher prevalence of stress and the onset of disorders
such as depression or anxiety [24].

In relation to Internet addiction, our results indi-
cate that students with no or mild addiction are more
likely to experience good sleep quality, whereas those
with moderate or severe addiction tend to experience
poor sleep quality. These findings are consistent with
a meta-analysis by Alimoradi et al., which concluded
that individuals with Internet addiction have twice the
risk of experiencing sleep disorders, daytime sleepiness,
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Table 1. Generated association rules (Apriori algorithm) for Health Sciences students.

Rule

Description

Confidence

Lift Leverage

Conviction

10

11

12

13

14

15

16

17

18

If a student never consumes drugs, then they do not
consume drugs.

If a student does not consume drugs, then they never
consume drugs.

If a student is single and never consumes drugs, then
they do not consume drugs.

If a student is single and does not consume drugs,
then they never consume drugs.

If a student never consumes drugs and does not take
medication for depression, then they do not consume
drugs.

If a student does not consume drugs and does not take
medication for depression, then they never consume
drugs.

If a student never consumes drugs, then they are sin-
gle and do not consume drugs.

If a student does not consume drugs, then they are
single and never consume drugs.

If a student never consumes drugs, then they do not
consume drugs and do not take medication for depres-
sion.

If a student does not consume drugs, then they never
consume drugs and do not take medication for depres-
sion.

If a student uses the Internet for communication but
does not take medication for anxiety, then they do not
take medication for depression.

If a student has normal sleep efficiency and does not
take medication for depression, then they do not take
medication for anxiety.

If a student does not take medication for anxiety, then
they do not take medication for depression.

If a student is single and does not take medication for
anxiety, then they do not take medication for depres-
sion.

If a student has normal sleep efficiency and does not
take medication for anxiety, then they do not take
medication for depression.

If a student does not take medication for depression,
then they do not take medication for anxiety.

If a student is single and does not take medication
for depression, then they do not take medication for
anxiety.

If a student uses the Internet for communication but
does not take medication for depression, then they do
not take medication for anxiety.

1.00

1.00

1.00

1.00

1.00

1.00

0.97

0.97

0.97

0.97

0.99

0.99

0.99

0.99

0.99

0.99

0.99

0.99

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.02

1.02

1.02

1.02

1.02

1.02

1.02

1.02

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

42.48

42.48

41.42

41.42

41.42

41.42

3.02

3.02

3.02

3.02

2.78

2.57

2.55

2.48

2.45

2.38

2.31

2.27
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Table 2. Generated association rules (Apriori algorithm) for Engineering and Exact Sciences students.

Rule

Description

Confidence

Lift Leverage

Conviction

1

10

11

12

13

14

15

If a student never consumes drugs, then they do not
consume drugs.

If a student does not consume drugs, then they never
consume drugs.

If a student is single and never consumes drugs, then
they do not consume drugs.

If a student is single and does not consume drugs,
then they never consume drugs.

If a student never consumes drugs and has no history
of COVID-19 within the previous six months, then
they do not consume drugs.

If a student does not consume drugs and has no his-
tory of COVID-19 within the previous six months,
then they never consume drugs.

If a student never consumes drugs, then they are sin-
gle and do not consume drugs.

If a student does not consume drugs, then they are
single and never consume drugs.

If a student never consumes drugs, then they do not
consume drugs and have no history of COVID-19
within the previous six months.

If a student does not consume drugs, then they never
consume drugs and have no history of COVID-19
within the previous six months.

If a student does not take medication for anxiety, then
they do not take medication for depression.

If a student does not take medication for anxiety and
has no history of COVID-19 within the previous six
months, then they do not take medication for depres-
sion.

If a student is single and does not take medication for
anxiety, then they do not take medication for depres-
sion.

If a student uses the Internet for entertainment but
does not take medication for anxiety, then they do not
take medication for depression.

If a student is single, does not take medication for
anxiety and has no history of COVID-19 within the
previous six months, then they do not take medica-
tion for depression.

1.00

1.00

1.00

1.00

1.00

1.00

0.99

0.99

0.99

0.99

1.00

1.00

1.00

1.00

1.00

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.02

1.02

1.02

1.02

1.02

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.02

0.02

0.02

0.02

0.02

4.73

4.73

4.67

4.67

4.67

4.67

2.84

2.84

2.84

2.84

1.93

1.91

1.89

1.87

1.87
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and consequently, poor sleep quality [25]. It is likely
that individuals with mild addiction share more char-
acteristics with those who have no addiction than with
those who have moderate or severe addiction, mak-
ing them more likely to experience good rather than
poor sleep quality, offering valuable insights not only
for the clinical approach to these individuals but also
for their management. Additionally, this attribute may
have been particularly relevant among Engineering and
Exact Sciences students, where the frequent use of elec-
tronic devices and constant Internet access is practi-
cally unavoidable due to the nature of their academic
programs.

When examining the generated clusters, poor sleep
quality appears to be prevalent across both datasets,
which is consistent with current evidence indicating a
prevalence rate above 60% [3, 4, 5]. Although specific
evidence regarding the Engineering and Exact Sciences
students is limited, since most existing studies focus on
college students in general or specifically in healthcare
students, the literature review revealed a prevalence of
poor sleep quality of 48.7% among students from the
fields of Informatics or Mechanical Engineering [8], and
between 65.1% and 67.8% among students from Sciences
and Engineering disciplines [6, 7].

Although the four generated clusters share some
attributes, it is important to highlight certain distin-
guishing features. For example, in the Health Sciences
campus, poor sleep quality was associated with female
students in their second school semester. This find-
ing aligns with the results reported by Li et al., who
stated that college students in lower academic years
are at a higher risk of experiencing poor sleep quality
[11]. In contrast, good sleep quality among these stu-
dents was associated with occasional consumption of al-
cohol, which has a sedative effect at low doses. However,
with repeated and chronic consumption, this substance
may lead to sleep disorders and poor sleep quality [26].
Conversely, unlike the cluster predominantly associated
with poor sleep quality in the Health Sciences dataset,
students from the Engineering and Exact Sciences cam-
pus showed an association between poor sleep quality
and alcohol consumption once a month. This contradic-
tory finding may be due to unexamined factors related
to alcohol use itself, such as quantity consumed or type
of alcohol.

Finally, according to the association algorithm, for
students of both campuses, particular attention should
be paid to the consumption of drugs, and medication for
depression and anxiety as this attributes where strongly
correlated with a confidence ranging between 0.97 and
1. As mentioned before, poor sleep quality is related
to the consumption of anxiolytics and antidepressants
[21], but also psychoactive substances, like alcohol, caf-
feine, or drugs, especially in those who consume them
chronically [26].

10

4.1 Proposal of a Decision Support System
based on AI models

Given the relevance of the identified predictors of sleep
quality and the structure of the generated models, we
propose the development of a simple, interpretable De-
cision Support System (DSS). This system would align
with Al-assisted mental health frameworks and serve as
an early identification tool for students at risk of poor
sleep quality, thereby promoting preventive strategies.

The proposed DSS would integrate the three model-
ing approaches used in this study —decision trees, clus-
tering, and association rule mining— and operate in the
following sequence:

1. Input module: The system receives data from
a brief student self-report instrument, including
key variables identified in this study, such as per-
ceived sleep quality, sleep latency, use of medica-
tions and Internet usage habits.

2. Risk classification: Using a trained decision tree
model, the system classifies each student as likely
to have good or poor sleep quality, supported by
interpretable rules derived from the tree struc-
ture.

3. Profiling and feedback: The student is matched
to one of the identified clusters (e.g., low-risk pro-
file, high-risk profile with medication use, etc.),
and a brief narrative is provided to describe
the student’s risk profile, including associated
lifestyle or academic habits.

4. Recommendation engine: Based on the most rel-
evant association rules, the system generates tai-
lored recommendations, such as seeking psycho-
logical counseling, limiting electronic device us-
age before bedtime, or referral to a health profes-
sional.

5. Follow-up planning: The system stores the classi-
fication result for follow-up or intervention plan-
ning.

This DSS would emphasize interpretability, trans-
parency and utility in non-specialized settings such as
universities, making it a valuable tool for early inter-
vention in students’ mental health.

5. Conclusions

Poor sleep quality is a highly prevalent problem among
students in both Health and Exact Sciences disciplines.
Current evidence indicates that several attributes are
associated with and can predict poor sleep quality.
However, analysis using a data mining approach re-
vealed additional, potentially unnoticed attributes, in-
cluding perceived sleep quality, sleep latency or sleep
duration. The decision trees and the profiles of students
with poor sleep quality differed between campuses, iden-
tifying key factors specific to each population.
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These findings underscore the importance of alter-
native analytical approaches that can overcome the lim-
itations of conventional statistical methods, such as
multicollinearity, and generate insights that may be
more applicable in real-world clinical scenarios for pre-
dicting diagnoses and supporting informed therapeutic
decision-making.

The proposed DSS may help address this problem
by integrating the data mining techniques used in this
study, offering a useful tool for early intervention in
students’ mental health in alignment with Al-assisted
frameworks.
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