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Objective: The coronavirus pandemic has presented a significant challenge and brought about 
dramatic changes for universities and their students. This study evaluated machine learning 
algorithms for estimating COVID-19 stress levels among Iranian university students.

Methods: We conducted an online survey from May 10th to November 20th, 2021, to determine 
how Iranian university students responded to the COVID-19 outbreak in Iran. The survey 
invitations were sent to Iranian university students via e-mail, forums, and social media 
platforms, such as internet advertisements. We collected data from 3490 university students, using 
sociodemographic characteristics and the COVID-19 Stress Scale (CSS; Nooripour et al. [2022]). 
The adaptive neuro-fuzzy inference system (ANFIS) network for prediction and fuzzy logic-based 
rules were used for analyzing the data. For classification, eight machine learning algorithms were 
employed: support vector machine (SVM), K-nearest neighbors (KNN), random forest, multilayer 
perceptron, decision tree, and passive-aggressive algorithm. These algorithms were selected based 
on their principles and suitability for stress detection in the desired category.

Results: Among the algorithms, the decision tree algorithm showed the best performance in 
accurately classifying the data into the correct stress intensity categories. Moreover, analyses 
revealed that gender, age group, and education significantly influenced stress intensity levels, 
with men experiencing less stress; stress intensity decreased with age, and higher education was 
associated with lower stress levels. The results indicated that education and marital status were 
the most influential parameters for all three top-performing algorithms (random forest, multi-
layer perceptron, and decision tree).

Conclusion: Our research suggests that innovative methods such as machine learning algorithms 
can be used to evaluate psychological distress caused by the COVID-19 outbreak, such as stress. 
Evaluating stress levels can help prevent mental health problems and enhance students’ coping 
capabilities.
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Introduction

he declaration of coronavirus disease 2019 
(COVID-19) as a global pandemic by the 
World Health Organization (WHO) in 
March 2020 led to the imposition of wide-
spread restrictions and lockdowns. This cri-

sis has had far-reaching effects on health, economy, and 
society. Previous viral outbreaks, including the SARS 
virus, have been associated with various psychological 
disorders such as depression, anxiety, panic attacks, psy-
chosis, stress, and even suicide (Zerbo et al., 2022). 

Traditionally, university students have been considered 
to experience more stress and suffer from more severe 
health problems than primary and middle school stu-
dents (Ge et al., 2020). Several studies have found that 
students’ primary sources of stress include interpersonal 
relationships, financial difficulties, and meeting their re-
sponsibilities. Some universities have reduced the pos-
sibility of COVID-19 transmission among participants 
by moving resident students off-campus. In recent years, 
distance education has become more prevalent due to so-
cial changes in the education sector, such as the sharing 
of educational resources and advancements in communi-
cation technology. This change has resulted in commu-
nication patterns between teachers and students shifting, 
with students becoming more isolated and independent. 
Consequently, stress has become a major issue among 
university students (Hurst, Baranik, & Daniel, 2012).

This process has adversely impacted students who are 
pursuing a university education. According to research, 

COVID-19 stress negatively impacts academic perfor-
mance and mental health (Ye et al., 2020). The Coro-
navirus disease caused psychological distress (Rehman 
et al., 2021), suicide (Galea, Merchant, & Lurie, 2020), 
confusion, and anger over the loss of life-sustaining re-
sources (Nooripour, Hosseinian, et al., 2022), as well 
as stress (Nooripour, Ghanbari, et al., 2022). Several 
students could not access mental health care due to the 
closure of student health centers. According to anecdotal 
reports, students have difficulty adjusting to the ambi-
guities associated with the unprecedented open-ended 
COVID-19 pandemic.

Traditional models of stress and its treatment may need 
to be revised due to the worldwide prevalence and in-
frequency of the provoking event. Limitations, isolation, 
and changes in daily routines and education pose a risk 
of stress. For students, changing academic settings and 
contacting clinical settings, friends, university officials, 
instructors, and relatives can be stressful (Funkhouser, 
Klemballa, & Shankman, 2022). Identifying and mea-
suring COVID-19 stress during sensitive periods could 
enhance our understanding of who is vulnerable to the 
adverse effects of coronavirus stress, the mechanisms 
linking stress exposure to health decline, and effective 
intervention strategies.

During the pandemic, maintaining good mental health 
is just as imperative as maintaining good physical health. 
As the coronavirus may adversely affect students’ psy-
chological health, it is essential to investigate psycho-
logical factors, such as stress, that affect mental health. 
In numerous countries, a mental health crisis is likely 

Highlights 

• Machine learning is effective in assessing COVID-19-induced stress in Iranian college students.

• A decision tree algorithm can accurately classify the COVID-19-related stress levels among Iranian college students.

• Gender, age, and academic degree can significantly affect COVID-19-induced stress intensity, where older male 
students with higher academic degree have lower stress.

Plain Language Summary 

This research explored the COVID-19-induced stress level of 3490 Iranian college students using machine-learning 
algorithms. We found that factors like age, gender, and academic degree significantly affected the stress level of college 
students. The decision tree algorithm was significantly more effective in identifying various stress levels. The results 
highlight the broader impact of the COVID-19 pandemic on mental health of young adults. It also demonstrates the 
potential of technology in understanding and addressing mental health problem. More support is needed for younger 
students, or those with lower academic degree who are more at risk for developing stress during the pandemic.
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due to the COVID-19 pandemic. Interventions will like-
ly be required on both an individual and societal level. 
Traditional models of stress and its treatment may not 
be adequate because of the prevalence and frequency 
of the provoking events worldwide (Xiang et al., 2020). 
We must evaluate the potential utility stress regarding 
COVID-19 in clinical practice and research to facilitate 
decisions about its use.

The COVID-19 pandemic, despite seemingly being re-
solved, has left a lasting impact on society. The lessons 
learned from this crisis underscore the ongoing neces-
sity of research to comprehend and address the chal-
lenges posed by pandemics. While the goal is to prevent 
or effectively manage future pandemics, it is crucial to 
acknowledge the potential for similar global health emer-
gencies. Consequently, conducting research that evaluates 
the stress and mental health implications on university 
students during pandemics remains paramount, as this 
knowledge can be applied to future outbreaks. Impor-
tantly, the significance of research in understanding and 
addressing pandemic-related challenges is further under-
scored by the incorporation of evaluation based on ma-
chine learning (ML) algorithms. By leveraging these ad-
vanced computational methods, researchers can analyze 
extensive datasets to identify patterns, risk factors, and 
effective coping mechanisms applicable in future crises. 
This approach enables a more comprehensive examina-
tion of the socio-demographic characteristics of students 
and their experiences during the COVID-19 pandemic, 
thereby enhancing the accuracy and reliability of the find-
ings. The use of ML allowed us to identify nonlinear and 
relatively insignificant but vital factors that were difficult 
to identify using traditional approaches. We were able to 
quickly remove extensive data using machine learning 
methods and make predictions with greater accuracy. Our 
contribution to the current literature on stress and health 
is unique, as this is the first study to use machine learn-
ing algorithms to explore the stress levels of university 
students during the coronavirus outbreak. This research 
not only enables educational institutions to proactively 
prepare for and respond to potential future pandemics but 
also equips policymakers and healthcare professionals 
with evidence-based strategies for supporting the mental 
well-being of students during times of crisis. By recogniz-
ing the necessity of research on pandemic-related stress 
among university students, we can better protect and sup-
port the resilience of individuals and communities amidst 
uncertainty. Through thorough research, including the uti-
lization of machine learning algorithms, we can enhance 
our understanding of the challenges faced by students 
during pandemics and develop effective strategies to ad-
dress their mental health needs.

The incorporation of evaluation based on machine 
learning algorithms further emphasizes the importance 
and necessity of research to comprehend and address 
the challenges brought about by pandemics. By exam-
ining the experiences of university students and evalu-
ating their mental health implications using advanced 
computational methods, we can gather valuable insights 
to aid future crisis management. This research enables 
educational institutions, policymakers, and healthcare 
professionals to proactively prepare for potential future 
pandemics and effectively support the well-being of stu-
dents during such crises. 

This research evaluated COVID-19 stress in university 
students according to their socio-demographic character-
istics based on machine learning algorithms.

Materials and Methods

This study used a cross-sectional design for collecting data.

Setting and procedure

The study was conducted within a specific timeframe, 
spanning from May 10th to November 20th, 2021, to 
examine the impact of COVID-19 stress on Iranian uni-
versity students. The statistical population of the study 
consisted of university students from various institutions 
across the country. Convenience sampling was employed 
to obtain a sample size of 3490 participants, who vol-
untarily agreed to take part in the study. Convenience 
sampling was chosen as the sampling method due to its 
practicality and feasibility within the given resources 
and time constraints. Participants were selected based on 
their availability and willingness to participate, allow-
ing for a diverse representation of university students. 
It is important to note that while convenience sampling 
provides valuable insights, it may not guarantee the rep-
resentativeness of the entire population of Iranian uni-
versity students. To collect data, an online questionnaire 
was utilized as a convenient and efficient method. This 
approach offered several advantages, including a broader 
reach, faster data collection, and easier accessibility for 
participants. Invitations to participate in the study were 
sent out through various channels, such as email and 
social forums, including internet advertisements. The 
questionnaire itself was designed to be user-friendly and 
required approximately 5 minutes to complete. Partici-
pants had the opportunity to review their answers before 
submission. To ensure ethical considerations of the study, 
participants were assured of confidentiality, and the re-
quirement to provide personal names was not obligatory. 
It is crucial to emphasize that while the sample included 
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university students from various institutions in Iran, the 
study did not encompass all universities in the country. 
The focus was on obtaining a representative sample of 
Iranian university students through online convenience 
sampling. As a result, the specific number of universities 
included in the study was not explicitly reported. 

Participants

To be eligible for participation in this study, individuals 
were required to be residents of Iran, have access to one 
platform, and have fluency in the Farsi language. A total 
of 3490 participants were included in this study, com-
prising 1542 women (44%) and 1948 men (56%) out 
of the total population. Data were classified according 
to age groups, which were assigned to three categories 
(1=20-30, 2=31-40, and 3=over 40), as well as gender, 
level of education, and marital status. The five levels 
of education were categorized as follows: 0=seminary 
education, 1=BA, 3=MA, 4=PhD., and 5=postdoctoral 
degree. The researcher collected all the data.

Measures

The sociodemographic characteristics comprised partici-
pants’ marital status, level of education, gender, and age.

COVID-19 Stress Scale (CSS)

 The 7-item COVID-19 stress scale (CSS) used in this 
study was developed by Nooripour et al. (2022) employ-
ing a Likert-type scale consisting of five levels, with a 
minimum score of one and a maximum score of five. 
The total score is calculated based on the item scores, 
which range from 7 to 35, with higher scores indicat-
ing more stress related to COVID-19. The Cronbach al-
pha coefficient for this scale was reported 0.76 among 
Iranian participants (Nooripour et al., 2021). In a study 
conducted among Iranian students, the Cronbach alpha 
coefficient was reported as 0.87 (Nooripour et al., 2021).

Data analysis

The collected data was analyzed using an ML model. 
The proposed ML-based model is described in the fol-
lowing paragraphs.

Machine learning algorithms

Artificial intelligence (AI) is one of the most signifi-
cant accomplishments of modern times. AI can solve 
complex and intractable problems that were previously 
impossible to solve using classical methods. Intelligent 
models can be built using ML algorithms that learn a 

system’s behavior and apply that knowledge to solve 
problems in various fields, including industry, social 
science, neuroscience, psychology, etc. Several studies 
in the neuroscience field have used ML-based methods, 
and in this paper, machine learning is employed to find 
an approximation model for evaluating stress based on 
psychological inputs (Nooripour et al., 2021).

We used the adaptive neuro-fuzzy inference system 
(ANFIS) network to make predictions. A neural network 
that employs a fuzzy inference system (FIS) is used to 
learn the underlying data’s details. The fuzzy member-
ship function parameters are adjusted by a dynamic en-
vironment. Networks can solve a wide range of complex 
and nonlinear problems. We considered a FIS with two 
inputs, x, and y, and one output, z. We presented two rules 
based on FIS using the first-order polynomial Sugo fuzzy 
model, as described by Güneri, Ertay, and Yücel (2011): 

Rule 1: If X is A1 and B1 then f1 = p1x + q1y + r1.

Rule 2: If X is A2 and B2 then f2 = p2x + q2y + r2.

Classification algorithms

Supervised algorithms are a common task for so-called 
intelligent systems. In recent years, various techniques 
based on artificial intelligence (such as logic-based and 
perceptron-based techniques) and statistics (such as 
Bayesian networks and sample-based techniques) have 
been developed. By analyzing the predictive properties 
of the distribution of class labels, supervised learning 
makes it possible to create a concise model of their dis-
tribution. The algorithm tests participants whose predic-
tive features are known through class labels.

Various ML algorithms can predict issues related to 
stress detection in the desired category. In this study, we 
used and evaluated eight different algorithms to select 
the best one with the selected features. We used support 
vector machine (SVM), K-nearest neighbors (KNN) al-
gorithm, random forest algorithm, multilayer perceptron 
(MLP), decision tree, and passive-aggressive algorithm. 
These eight algorithms represent different principles 
used in ML.

Results

Participants’ profile

The survey included a total of 3490 participants, of 
which 1542 were female students (44%) and 1948 were 
male students (56%). In terms of education, 86 partici-
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pants had a seminary education (2.46%), 1,298 had a BA 
(37.19%), 1342 had an MA (38.45%), 699 had a Ph.D. 
(20.02%), and 65 had a postdoctoral degree (1.86%). 
The participants were divided into three age groups: 
The first group consisted of 1745 people between 20 
and 30 years old (50%), the second group consisted of 
1709 people between 31 and 40 years old (48.96%), and 
the third group consisted of 36 people over 40 years old 
(1.03%). In addition, 2950 participants (84.52%) were 
married (or cohabiting), and 540 (15.47%) were single.

After classifying the data using various algorithms, we 
reported the accuracy values of each algorithm in Table 
1. According to the accuracy levels obtained in this re-
search, the decision tree, random forest, and MLP algo-
rithms showed the best results. The accuracy values of 
each algorithm are presented in the first bar chart. We 
also evaluated the performance of the algorithms using a 
confusion matrix.

We categorized the data into four categories (1=no, 
2=low, 3=moderate, and 4=severe). The accuracy of 
each algorithm was evaluated based on how accurately 
it classified the data into the correct class. The decision 
tree algorithm performed the best, and most of the data 
were predicted in the correct class.

Table 1 shows the accuracy values of each algorithm. 
The closer the value is to one, the higher the accuracy, in-
dicating that the algorithm is suitable for use in the study.

In the following, we present the confusion matrix of each 
algorithm. A confusion matrix is a square matrix that dem-
onstrates the predictions of each algorithm (Figure 1).

According to Figure 2, the RF algorithm correctly 
predicted 1332 participants in class 3 but incorrectly 
predicted 87 and 97 participants for classes 2 and 4, re-
spectively. The Perceptron (P) algorithm had the weak-
est performance compared to the other algorithms as 
it predicted most of the data in only two classes while 
distributing the remaining data in different classes. The 
MLP algorithm had higher accuracy with larger diam-
eter numbers, specifically correctly predicting 677 out 
of 915 participants in class 4 according to the matrix. 
Logistic regression also had good performance, cor-
rectly predicting 1326 out of 1520 participants. It is im-
portant to note that while the decision tree algorithm has 
the highest accuracy among the algorithms used in the 
study, it may not necessarily be the best algorithm for all 
situations. The choice of algorithm depends on various 
factors, such as the nature of the data, the problem be-
ing addressed, and the resources available. Therefore, it 
is essential to consider all these factors before deciding 
on the appropriate algorithm for a particular task. The 
passive-aggressive algorithm predicted most of the data 
into three classes, with 393 participants in class 2 being 
predicted as class 3. It is also important to note that these 
algorithms and their performance have implications for 
psychiatric illnesses, as they can help in accurately pre-
dicting and identifying patients who require treatment.

Pearson correlation coefficient

The Pearson correlation coefficient can be used to 
evaluate the mutual effect of two parameters on each 
other. The values in this matrix range between -1 and 1, 
where values closer to 1 indicate a stronger dependence 
between the two parameters. The sign (+ or -) indicates 
the direction of the relationship.

Figure 1. Accuracy values of algorithms
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Based on Figure 3, which presents the correlation coef-
ficient using the Kendall method, we can observe that 
gender, age group, and education have a significant im-
pact on stress intensity. A higher correlation coefficient 
indicates a stronger influence between the two parame-
ters. In this case, men experience less stress than women, 
and stress intensity decreases with increasing age. Fur-
thermore, an increase in education is associated with a 
decrease in stress levels.

The influence of parameters on the performance 
of algorithms

To identify the most important feature (parameter) 
among the input parameters, we analyzed the top three 
algorithms. Each parameter was systematically removed 

from person to person, and the accuracy was recalculat-
ed. The results are presented in Table 2. Across all three 
algorithms, education emerged as the most influential 
parameter, followed by marital status. However, there 
was a variation in the third most important parameter: 
Age group for RF and MLP, and family history of disor-
der for DT. The impact of education on the algorithm’s 
performance is significant as it allows for a clearer divi-
sion of data into distinct groups. Removing the educa-
tion parameter led to a more substantial decrease in accu-
racy compared to the other parameters. The importance 
of marital status for the algorithms can be explained 
similarly.

Figure 2. Random forest algorithm

Figure 3. Correlation coefficient
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Table 2 shows that the top-performing algorithms are 
RF, MLP, and DT. We selected these algorithms for fur-
ther analysis in Table 2. We removed each parameter one 
by one to determine the most critical parameter and then 
recalculated the algorithm’s accuracy. The change in ac-
curacy determined the importance of each parameter. 
For instance, when we removed education from the RF 
algorithm, the accuracy decreased from 0.834 to 0.8162. 
We repeated this process for all parameters and all three 
algorithms, and the resulting accuracy values are report-
ed in Table 2.

Table 3 shows the most influential parameters for the 
three algorithms.

Discussion

In this study, we assessed the stress of COVID-19 using 
ML algorithms based on sociodemographic characteris-
tics such as marital status, education level, gender, and 
age among Iranian university students. The COVID-19 
pandemic not only poses a threat to individuals’ physi-
cal well-being but also to their mental well-being (Cullen, 

Gulati, & Kelly, 2020; Dalila Talevi et al., 2020). Although 
some research has investigated psychological issues dur-
ing COVID-19 (Lee, 2020), there has been no evaluation 
of COVID-19-related stress using ML algorithms. 

We identified gender differences in the perception of 
stress among university students during the COVID-19 
pandemic. Our findings indicate that female students re-
ported higher levels of stress than male students. While 
the existing literature on COVID-19 is not specific to 
student populations, recent studies suggest that females 
are more likely to report high levels of stress during the 
pandemic (Aslan & Pekince, 2021; Pieh, Budimir, & 
Probst, 2020). Other studies have reported no associa-
tion between gender and stress levels during COVID-19 
(Li et al., 2020; Limcaoco, Mateos, Fernández, & Ron-
cero, 2020; Wang et al., 2020). However, research has 
shown that females have experienced more psychologi-
cal distress during the pandemic (Best, Law, Roach, & 
Wilbiks, 2021), possibly due to the stress of caring for 
family members (Balhara, Verma, & Gupta, 2012).

Table 1. Accuracy values of each algorithm

Algorithm Accuracy

SVM 0.7842

KNN 0.7641

RF 0.834

P 0.5773

MLP 0.8338

LP 0.7859

DT 0.8343

PA 0.7186

Abbreviations: SVM: Used support vector machine; KNN: K-nearest neighbor; RF: Random forest; P: Perceptron; MLP: Multi-
layer perceptron; DT: Decision tree; PA: Passive-aggressive.

Table 2. The most influential parameters for random forest, multilayer perceptron, and decision tree algorithms

Algorithms Gender Age Groups PsychD Disorder Family Disease Marital Status Education

RF 0.8245 0.8243 0.8274 0.8283 0.8268 0.8191 0.8162

MLP 0.8243 0.8241 0.8275 0.8286 0.8266 0.8189 0.8160

DT 0.8248 0.8246 0.8280 0.8291 0.8271 0.8194 0.8165

Abbreviations: RF: Random forest; MLP: Multilayer perceptron; DT: Decision tree.
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This study suggests that female university students 
experience higher stress levels than male students, po-
tentially due to differences in stress responses related to 
their hormonal system and the multiple roles they are 
expected to fulfill. These gender differences in stress 
are not unique to the COVID-19 pandemic, but the pan-
demic may exacerbate them. While further research is 
needed to fully understand these gender differences in 
perceived and reported stress levels, these results can in-
form the development of guidance policies and teaching 
materials. It should be noted that the study only focused 
on samples within one country, so caution should be ex-
ercised when interpreting the results.

Additionally, we found that higher levels of education 
were associated with lower levels of COVID-19 stress. 
This research aligns with other studies demonstrating 
that certain subgroups of students experience significant 
distress during pandemics (Clabaugh, Duque, & Fields, 
2021). Despite most university students experiencing 
stress related to COVID-19, increasing educational lev-
els may help reduce this stress during the pandemic (Jar-
rett et al., 2021).

Another finding of our study is that older university 
students experienced less stress related to COVID-19. 
This is consistent with research conducted on a sample 
of quarantined individuals from 41 countries, where age 
and stress levels significantly correlated (Limcaoco et al., 
2020). However, a study conducted on Chinese individu-
als found no correlation between stress and age (Wang et 
al., 2020). These findings are supported by other studies 
in the field (Scott, Sliwinski, & Blanchard-Fields, 2013; 
Stone, Schneider, & Broderick, 2017; Stone, Schwartz, 
Broderick, & Deaton, 2010).

Observing that older university students can avoid events 
that trigger negative emotions, being surrounded by close 
friends and family members, and having health problems 
effectively controlled by medication, may explain their low-
er susceptibility to stress. Age differences in chronic stress, 
such as the ongoing stress caused by COVID-19, could be 
attributed to the antecedent emotion regulation strategies 

predicted by socio-emotional selectivity theory (Carstensen, 
1995). As university students with decreasing energy levels 
prioritize emotional goals, they tend to invest in valuable 
and rewarding social relationships (Carstensen, 2006).

Our study indicates that married or cohabiting individuals 
experience less stress compared to single people. Several 
previous studies have emphasized the benefits of intimate 
relationships (Braithwaite, Delevi, & Fincham, 2010). It is 
noteworthy that we did not find any significant differences 
in perceived stress based on marital status, which is in con-
trast to previous research (Wang et al., 2020).

Conclusion

In conclusion, our study demonstrates that incorporat-
ing ML algorithms into the evaluation of COVID-19 
stress on university students and taking into account 
their socio-demographic characteristics provides valu-
able insights and tools for addressing this pressing is-
sue. By recognizing the diversity of student backgrounds 
and circumstances, educational institutions can tailor 
their support efforts effectively and prioritize the mental 
health and well-being of their students.

The utilization of ML algorithms enables the analysis 
of vast datasets, revealing intricate patterns, correlations, 
and trends that might go unnoticed through traditional 
statistical methods. Through this approach, researchers 
gain a deeper understanding of the complex interplay be-
tween socio-demographic factors and the manifestation 
of COVID-19 stress among students.

Moreover, the application of ML algorithms empow-
ers the development of personalized interventions and 
support systems. By considering individual socio-de-
mographic characteristics such as age, gender, ethnic-
ity, and socioeconomic status, these algorithms generate 
targeted recommendations and strategies to address spe-
cific stressors faced by each student. This personalized 
approach maximizes the effectiveness of interventions 
and ensures that resources are efficiently allocated based 
on individual needs.

Table 3. The most significant parameters in RF, MLP, and DT algorithms

ThirdSecondFirstAlgorithms

Age Marital StatusEducationRF

Age Marital StatusEducationMLP

Disorder familyMarital status EducationDT

Abbreviations: RF: Random forest; MLP: Multilayer perceptron; DT: Decision tree.
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Also, ML algorithms facilitate early detection and in-
tervention for students who are at a higher risk of expe-
riencing severe COVID-19 stress. By analyzing histori-
cal data and real-time information, these algorithms can 
identify warning signs and provide timely interventions, 
preventing the escalation of stress-related issues and en-
suring timely access to support services.

In summary, integrating ML algorithms into the evalu-
ation of COVID-19 stress among university students and 
considering their socio-demographic characteristics of-
fers tremendous potential for enhancing student support 
and well-being. This comprehensive approach, powered 
by data analysis and predictive capabilities, enables edu-
cational institutions to develop evidence-based strategies 
that effectively address the unique challenges faced by 
students during these uncertain times. By prioritizing 
mental health, expanding consultation programs, and 
implementing targeted interventions, universities can 
support their students effectively and promote a positive 
learning environment even in the face of adversity.

Strengths and limitations

With further advancements in causality analysis, such 
as Bayesian networks, it will become possible to con-
struct an intervention model. Machine learning methods 
enable us to process data more efficiently than conven-
tional approaches, making it possible to quickly process 
large and complex datasets. Using a machine learning 
approach is faster and more reliable, producing better 
results. However, there are trade-offs in forecasting be-
tween precision and explainability. Therefore, this study 
optimized the feature selection process, and the inter-
pretability of predictors needs to be addressed in detail.

Despite some limitations, this study contributes sig-
nificant findings to the literature. Firstly, the study fo-
cused only on university students. This limitation could 
be overcome in future studies by collecting data from 
high school students and extending the age range of par-
ticipants. Additionally, the use of observations and inter-
views alongside self-report scales could reduce the limi-
tations associated with the exclusive use of self-report 
scales. Another limitation of this study is that it was con-
ducted only on Iranian university students, which may 
limit the generalizability of the findings. To minimize 
this limitation, data from participants of different nation-
alities and ethnicities could be included in future studies. 
Lastly, the survey used in this study was voluntary, and 
therefore, selection bias could be a potential concern.

Ethical Considerations

Compliance with ethical guidelines

All human research was conducted according to the 
ethical standards established by the National Research 
Committee of the National Academy of Sciences, the 
Helsinki Declaration of 1964, and subsequent revisions, 
or equivalent ethical standards. Participants voluntarily 
completed all questionnaires anonymously and had the 
option to withdraw from the study at any time.
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