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Abstract. Stress impacts students in a great number of ways, influencing not only how they feel but also their
academic performance and the management of daily responsibilities. Measuring it, though, is difficult because
most measures rely on self-reporting by students, which often lacks reliability. In this work, we investigate
whether machine-learning methods can contribute to better stress level predictions based on data from a short
online survey. The online survey consisted of basic demographic information, a few questions related to lifestyle,
and all 21 items of the University Stress Scale (USS). It yielded a total of 110 completed responses. Four widely
used classification models, namely Logistic Regression, Support Vector Machine (SVM), Random Forest, and
XGBoost, were trained on three feature combinations to investigate the individual and combined contributions of
psychological and non-psychological variables to the prediction. In the experiments conducted, the greatest
contribution towards raising the quality of the prediction was made by the psychological features, while among
the different models, the best results were obtained using the XGBoost model. The paper also analyses the
comparison of the self-reported stress of students with their stress categories computed from the USS and found
significant differences between the two, which points to the suspicion that personal judgment may not reflect the
actual stress pattern. The results indicated in this paper show that a combination of structured psychological scales
and machine-learning methods may provide a more reliable approach to understanding student stress.
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learning

1. Introduction

Stress has become a very important issue among university students these days because they tackle academic
demands, personal responsibilities and everyday challenges. Challenges when not handled properly lead to
deterioration of focus, academic track, emotional and mental health. Research and studies conducted earlier show
that stress accumulates over time and lead to more dangerous mental health issues. It leads us to having deeper
understanding and measures to tackle them. [1], [2], [3]

However, despite considerable research in this area, a significant limitation was identified, mainly that most
methods used to assess this area are based on self-report questionnaires. Although this method is simple and
efficient, it is based on self-perception, which does not always correlate with actual psychological conditions [4].
Students may incorrectly perceive their levels of stress and might ignore changes in their emotional conditions.
Students or adolescents may not know how they feel because they lack emotional self-awareness, which limits
their ability to notice, identify, and label their emotions.[5]

To address this limitation, other methods were developed to provide more accurate and stable results. One such
method is the University Stress Scale, which includes 21 questions that address all levels and types of stressors
experienced by students [6]. This method was used in various studies and found to be more sensitive to changes
in levels and types of stress factors. Other studies were conducted to identify that students do not experience stress
from only one source, but rather how they cope with their emotions, how they react in critical situations, and how
they are connected to certain personality traits such as resilience and alexithymia [7], [8]. Another factor that was
identified is that students experience sudden changes in their levels of stress in response to unexpected events,
such as university closures [1].

These results show the nature of stress and its need for both psychological and lifestyle analysis. We used the 110
responses that we collected in the survey with features categorized into three groups: first includes non-
psychological i.e. demographic and lifestyle-related features, second was psychological i.e. 21 USS features and
third was simply the combination of the first two feature sets. We used four different classification methods to
calculate their relative effectiveness: Logistic Regression, Support Vector Machine, Random Forest and XGBoost.
Beside developing a predictive model, our focus was also on comparing and understanding the impact of both
psychological and non-psychological feature sets. Moreover, the study also aimed at the comparison of
psychological test-based stress reports with the self-reported stress. Thus, to summarize, our study has the
following objectives:

1. To develop a predictive model with the help of a machine learning algorithm that can predict stress level
using psychological or non-psychological survey data.
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2. To determine how combining both psychological and non-psychological features improve prediction
results.

3. To compare the self-reported levels of stress, USS identified stress levels and categorized them into
categories and determined how well the subjective self-assessment does in comparison to objective
measurement

2. Related Work

The research on student stress can be viewed through different perspectives. It uses established tools and ways to
measure, exploring both the contextual and individual influences [9-12]. In this field, University Stress Scale is a
very important tool that was developed by Stallman and Hurst to measure multiple different types of stress factors
that are common in university environments and their overall intensity [6]. It is very different from a self-rating
model where it offers an evaluative framework of how students perceive academic, personal, financial and
environmental pressures [6]. The contextual factors have been found to significantly affect stress expectations.
For example, an instant sudden change in the learning environment, like campuses closing during the COVID-19
pandemic which led to a significant change in stress level reported by the university students and an increase in
study-related stress levels following the 2020 campus closure and shifting to virtual learning was observed. [1].
Beside contextual factors, psychological traits also play a major role in how one reacts to stress. For example, the
coping methods and levels of stress are linked to how students experience and deal with stress [7]. Psychological
traits like resilience and emotional blindness which relate to the difficulty in identifying and describing emotions,
are also found to affect university-related stress among female students [8]. Such stress eventually gives rise to
other issues like anxiety and substance abuse [8]. Other studies have also observed that sensitivity to emotions
and societal pressures lead to significant stress, anxiety and depression especially among female students [13]. A
lot of people have also assessed how emotional health and adjustment patterns contribute to the way young adults
deal with stressful situations [4]. Structured evidence tells that stress is a very common issue faced by students
around the world and this perception may be caused by academic pressure, personal factors or any other reasons
[31].

When combined together these studies show an underlying cause that students get stress from a lot of external and
internal psychological conditions. More specifically, the prior work shows that both contextual stressors and
internal psychological traits such as coping style , resilience and alexithymia shape distress [2,3,7,8]. These
traditional assessment methods give us a very useful point of view but they often overlook subtle patterns that
individuals might not recognize fully [1-3]. Moreover, the self-reporting tools utilized in the above studies have
been observed to suffer from limitations which included factors like bias and failure to identify underlying
conditions [4]. This shows that there is a need to incorporate advance automated methods like machine learning
with the standard structured scales to create a more clear and thorough understanding of stress levels Recent
studies that combine standardized psychological scale and data driven or machine learning approach have shown
both hybrid method to capture more complex stress signature amd improve the predication or early identification
of at risk student [14-16].

3. Methodology

3.1 Data Collection and Pre-processing

An online survey was conducted from 1st Nov 2025 to 10th Nov 2025. The dataset used in this study was collected
through a self-administered online survey conducted among university students between 1st Nov 2025 and 10th
Nov 2025 [17]. The survey consisted of several questions divided into four categories: (i) Generic information of
a student like course, year and stream; (ii) Lifestyle-based questions, like number of sleeping hours per night,
number of study hours, etc. (iii) 21 questions, one for each USS item; (iv) Self-reported stress-based questions.
During data preparation, categorical variables were numerically encoded, and continuous features were
standardized.
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Fig. 1. Proposed architecture of the stress classification framework.
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3.2 Model Training and Prediction

Because of the emphasis on the contribution of psychological versus non-psychological factors, features were
grouped into three configurations. The first configuration corresponds to non-psychological features such as
demographic and lifestyle variables. The second configuration incorporated responses to the 21 questions
pertaining to USS-21 items, thereby focusing on psychological features. The third configuration combined the
features from both first and second i.e. assessing non-psychological and psychological features together. As the
study aims to test the capability of different feature configuration in predicting stress using a machine learning
model, we labelled each model as follows:

e Model A (Non-Psychological Features): A machine learning model trained on demographic and lifestyle
variables.

e Model B (Psychological Features): A machine learning model trained on a USS-21 questionnaire item.

e Full Model: A machine learning model trained on the combination of both non-psychological and
psychological features.

The target variable to be predicted was the self-reported stress, which was measured on a 03 scale. During the
preparation of the data, the categorical variables were numerically encoded, continuous features were
standardized, and missing values imputed. Further, the data was divided in a ratio of 80:20 for training and testing.
For each configuration of the features, four different supervised machine-learning models were implemented [18]:
Logistic Regression, Support Vector Machine (SVM), Random Forest, and XGBoost. Parameters were filtered to
obtain stable and reliable performance. Logistic regression gives us the linear relationship between the features
and probabilities, SVM helps in identifying a hyperplane which gives us the most optimal result giving the
maximum margin that separates classes. Random forest uses multiple decision trees to improve the generalization
by ensemble learning where multiple models are combined to improve performance. XGBoost applied gradient
boosting repeatedly to reduce errors and enhance the prediction accuracy. The performance of these models is
reported using accuracy, weighted F1-score, and Matthews Correlation Coefficient (MCC) that offer total correct
values, class balanced behavior and overall classification quality.

4. Result and Discussion

4.1 Model Performance on the basis of Full Feature Set

The first research objective aims to evaluate the predictive performance of the machine learning algorithms when
they are trained on the combined set of psychological and non-psychological features. This approach is made to
find out a more systematic and broad representation of student behavior, lifestyle and emotional states which will
provide a broad basis to identify the stress levels.

The difference between the performance across the models in Table 1 show how the choice of algorithms majorly
affects the stress prediction. Logistic Regression and SVM were struggling to achieve high accuracy, indicating
their limited capability in the model overlapping and nonlinear stress patterns. Random Forest achieved a slightly
better generalization due to ensemble averaging. However, XGBoost performed better than all the models with
an accuracy of 0.695 and an MCC score of 0.557, showing its great ability to capture complex interactions within
varying feature space [ 15]. These results ensure that combining the psychological and non-psychological variables
make the stress prediction stronger especially when we use gradient boosting frameworks.

Table 1. Performance of ML Models Using the Full Feature Set

Model Accuracy MCC Weighted F1 Score
Logistic Regression 0.434 0.128 0.381
SVM 0.434 0.185 0.432
Random Forest 0.521 0.294 0.515
XGBoost 0.695 0.557 0.694

4.2. Comparing Psychological vs Non-Psychological Features

The second research objective is focused on understanding how the predictive performance is different when the
training model uses only non-psychological features, psychological features and the combined set. This
comparison is critical to determine the predictive strength of USS-21 psychological indicators as compared to
demographic or lifestyle variables.As seen in Figure 1, the Model B which uses only the USS-21 psychological
indicators, gave the highest accuracy of all (0.739) and weighted F1-score too (0.739) but the MCC score was on
the lower side (0.355). The higher weighted F1 score shows better precision or recall in the dominant classes
while the lower MCC means a decline in the balanced prediction quality across all the classes.
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However, when we compare the performance of a machine learning model which was trained on the psychological
features with the one trained on the non-psychological features then we can see the psychological features one did

better than the latter (Table 2).

To sum up we can say that the performance of a machine learning model is most useful when it is trained on both
the psychological and non-psychological features. The non-psychological features based on lifestyle have been
found to be related with the level of happiness in studies conducted earlier [19] which show a major negative

correlation with recognized stress.

Performance Comparison: Model A vs Model B vs Full Model
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Fig. 2. Comparison of Accuracy, MCC, and F1-Score Across Model A, Model B, and the Full Model Using

Table 2. XGBoost Performance Across Three Feature Configurations

XGBoost

Model Accuracy MCC Weighted F1 Score
Model A (Non-Psychological) 0.565 0.363 0.564
Model B (USS-21 only) 0.739 0.355 0.739
Full Model 0.695 0.557 0.694

4.3 Self-Reported vs USS-Derived Stress
The third research objective examines the pattern between self-reported stress levels and USS-derived stress
categories. This comparison helps in finding out whether the perception of a student's stress from their own view
corresponds to a standard psychological measurement scale.
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Fig. 3. Heatmap Comparing Self-Reported Stress and USS-Derived Stress Categories.
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The heatmap analysis (Figure 3) shows that we have 43 students that were classified as having high stress in both
the self-reports and USS scores while 35 students were classified as low stress all the time, showing the meaningful
patterns between the two measures. However, some discrepancies came up where 23 students reported having
high stress while having low USS scores and 9 students reported low stress levels while receiving high USS
scores. These differences show the important psychological refinement as some students overestimate their stress
due to emotional sensitivity, temporary situational factors or misinterpretation of their symptoms while the ones
with high USS scores and low self-reported stress show denial, less and limited self-awareness or emotional
suppression. Such inconsistencies could also happen due to the difference in individual interpretation of severity
of stress as compared to the fixed clinical threshold used by standard scales [20]. While the USS uses a uniform
cutoff score to categorize the stress levels, people’s personal tolerance and perception of stress can also vary which
can lead to differences between their subjective report and scale’s classification.

5. Conclusion

In this paper, we sought to understand how different kinds of information-basic lifestyle habits, general
background details, and the psychological items from the USS-can help in predicting how stressed students
actually are. Although we expected that the former would matter, the results showed just how much stronger these
features were compared to the non-psychological ones. Models with only demographic or lifestyle data often
failed to capture the difference in levels, but once the data with the USS items was brought in, the performance
noticeably improved. Among the four algorithms we tried, XGBoost consistently handled the data better than the
others, especially when both features were combined.

Another important observation was the inconsistency between what the students said about their stress and what
the scores on the USS suggested. Some students ranked themselves high ower than what the structured scale
showed. Such discrepancies show that self-reported stress may not be reliable to be used in most cases, as
psychological scales tend to capture patterns quite easily.

Although the sample size was very limited it suggests one thing that such a combination of psychological scale
and machine learning models can give you a more clear picture of the stress variable as compared to if obtained
by using either one alone. If more data and more detailed questions are taken this method can probably support
early warning tools or feedback system to help the students understand their own stress levels much better and get
help if required.
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