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Abstract:

Stress among students is a growing concern, affecting both mental and physical health and potentially
leading to chronic conditions if unaddressed [1], [2]. An accurate assessment of stress levels is essential for
timely intervention and effective mental health support. Traditional methods rely on self-reported surveys
and clinical evaluations, which may be subjective and resource intensive [3], [4]. In this study, we present a
machine learning-based approach to predict stress levels (High, Medium, Low) using survey data collected
from students. Three models, Logistic Regression, Random Forest, and Support Vector Machine (SVM),
were trained and evaluated. The SVM model achieved the highest accuracy of 91.38. The model
performance was assessed using precision, recall, Fl-score, and confusion matrices. Additionally, we
reviewed physiological biomarkers, including cortisol, serotonin, heart rate variability, and sleep cycles, to
provide a biotechnological perspective on the effects of chronic stress. This study demonstrates the
feasibility of integrating survey data and biological insights for the early detection and intervention of
student stress [5]—-[12].

Keywords — Student Stress, Machine Learning, Biotechnological Biomarkers, Survey Data, Logistic
Regression, Random Forest, SVM
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subjective or limited by the availability of resources
[5]. Recent studies have highlighted the importance

Stress is a critical factor affecting students’ academic of physiological biomarkers, such as cortisol,
performance, mental health, and overall well-being Serotonin, heart rate variability, and sleep cycles, as
[1], [2]. Prolonged exposure to stress can induce objective indicators of stress [6]-[8]. Integrating
changes in the hypothalamic-pituitary-adrenal these  biomarkers ~with machine learning
(HPA) axis, immune, cardiovascular, and central approaches can enhance the prediction accuracy
nervous systems, potentially leading to chronic and provide actionable insights.

health conditions [3], [4]. Early detection of stress
levels enables timely preventive measures, thereby
reducing the risk of long-term complications.

I. INTRODUCTION

In this study, survey data were collected from
students and used to train Logistic Regression,
Random Forest, and SVM models to classify stress

Traditional stress assessment relies on self-reported levels into High, Medium, and Low categories. The
surveys and clinical evaluations, which may be model performance was evaluated using accuracy,
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precision, recall, Fl-score, and confusion
matrices, providing a comprehensive understanding
of predictive reliability. This approach offers a
scalable solution for the early identification and
intervention of student stress, bridging survey data

with biotechnological insights [9]-[12].

2. Literature Review

2.1 Impact of Chronic Stress on Students

The detrimental effects of chronic stress on students
have been extensively documented. Chronic stress
impairs reduces academic
performance, and increases the risk of developing
psychological and physiological disorders [13], [14].
Factors contributing to stress among students include
academic  workload, social pressures, time
management challenges, and lifestyle habits, all of
which may interact in complex ways to exacerbate
stress [15]..

cognitive function,

2.2 Biotechnological Insights - Physiological
Biomarkers

Biotechnological studies have revealed that stress
manifests as measurable physiological changes that
can serve as biomarkers for early detection.
Cortisol, often referred to as the “stress hormone,”
is a reliable indicator of HPA axis activity, with
elevated or dysregulated levels reflecting chronic
stress [16]. Serotonin, produced in both the central
nervous system and gut, regulates mood, cognition,
and sleep, and alterations in serotonin levels are
frequently observed in individuals experiencing
chronic stress [17]. Heart rate variability (HRV),
which measures the variation in time intervals
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2.3 Machine Learning Approaches for Stress
Prediction

In recent years, machine learning techniques have
been increasingly applied to predict stress levels,
offering advantages over traditional assessment
methods.  Logistic Regression
straightforward probabilistic

provides  a
model for
classification, Random Forest leverages ensemble
and
Support Vector Machine (SVM) identifies optimal
hyperplanes to separate classes with maximum
margin [20], [21].

learning to enhance prediction accuracy,

In this study, a dataset of 200 participants was
collected via surveys from local students in coaching
centers and colleges in India. The features included
self-reported stress levels, demographic information,
and physiological biomarkers. Data preprocessing
involved normalization and encoding to make them
suitable for ML modeling. The model performance
was evaluated using accuracy, precision, recall,
F1-score, and confusion matrices (Figures 1-3).

The integration of biomarker analysis with ML
models allows for the following:

1. Early detection of high-stress individuals
enables timely interventions.

2. Personalized stress management
recommendations based on physiological
and behavioral data.

3. The prediction accuracy was improved by
combining multiple models and feature sets.

3. Methodology

between consecutive heartbeats, provides insighs-1 Data Collection

into autonomic nervous system regulation and has
been linked to stress resilience and adaptability [18].
Furthermore, consistent disruption of sleep-wake
cycles correlates strongly with increased stress levels
and diminished cognitive performance [19].

Data for this study were collected through surveys
conducted among 200 students enrolled in various
coaching centers and colleges in India. The
participants were aged between 17 and 25 years and

ISSN : 2581-7175

©IJSRED: All Rights are Reserved

Page 434



International Journal of Scientific Research and Engineering Development-— Volume 8 Issue 5, Sep-Oct 2025

had diverse academic backgrounds. The survey
included questions regarding academic workload,
social pressures, lifestyle habits, sleep patterns, and
subjective stress levels. Each participant’s responses
were recorded anonymously to ensure privacy and to
encourage honest reporting. The dataset was
categorized into three stress levels: High, Medium,
and Low, based on self-reported measures combined
with observed behavioral indicators [1], [5].

3.2 Data Preprocessing

Preprocessing steps were applied to prepare the
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The hyperparameters for each model were optimized
using a grid search and cross-validation. Logistic
Regression used L2 regularization to prevent
overfitting, Random Forest utilized 100 decision
trees with a maximum depth optimized through
cross-validation, and SVM employed a radial basis

function kernel with a tuned regularization
parameter. The performance metrics included
accuracy, precision, recall, F1-score, and
confusion  matrices, which  provided a

comprehensive evaluation of predictive reliability
[10].

dataset for machine learning. Missing values werg§ 4 Feature Importance and Visualization

addressed using mean imputation for numerical
variables and mode imputation for categorical
variables. Categorical data, such as sex or lifestyle
habits, were converted into numerical form using
one-hot encoding. Continuous variables were
normalized to scale the data between 0 and 1, which
improved the convergence of the machine learning
models. The dataset was then split into training
(80%) and testing (20%) subsets to ensure an
unbiased evaluation of the models [6], [7].

3.3 Machine Learning Models

Three supervised learning models were implemented
to predict stress levels: Logistic Regression, Random
Forest, and Support Vector Machine (SVM).
Logistic Regression was selected for its simplicity
and interpretability, providing a baseline for
classification performance. Random Forest, an
ensemble learning technique, was chosen because of
its robustness against overfitting and ability to
capture complex relationships between features.
SVM was employed for its effectiveness in high-
dimensional spaces and its capability to identify
optimal separating hyperplanes between stress
categories [8], [9].

To interpret the model outputs and identify key stress
indicators, a feature importance analysis was
conducted using Random Forest. In addition,
visualizations such as pie charts illustrating stress-
level distribution, bar charts comparing model
pair plots showing relationships
between features, and heat maps representing
correlations among survey variables were generated.

accuracies,

These visualizations aided in understanding the
relative influence of each feature on stress prediction
and highlighted patterns that could inform
interventions [11], [12].

Perfect! Please update Section 4: Results to reflect
the 200-student dataset and include diagram
placeholders for your paper. Here is the detailed
version:

4. Results

The predictive performance of the three machine
learning models was evaluated using the testing
dataset, which consisted of 40 students (20% of 200)
reserved for the model evaluation. Logistic
Regression achieved an accuracy of 87.93%,
Random Forest reached 89.66%, and SVM
performed the best with an accuracy of 91.38%
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(Table 1). These results indicate that all three models
can reliably classify student stress levels, with the
SVM providing the highest predictive performance.

Table 1: Accuracy of Machine Learning Models

Model Accuracy (%)
Logistic 87.93
Regression

Random Forest 89.66

SVM 91.38

The confusion matrices provided further insights
into the model performance by illustrating the
distribution of correct and incorrect classifications
the stress levels. Logistic Regression
demonstrated perfect classification for high-stress

acCross

cases but showed minor misclassifications for
and low-stress levels. Random Forest
achieved higher precision for medium stress but

medium-

misclassified several medium stress cases as low
stress. The SVM exhibited the most balanced
performance, correctly classifying nearly all
instances and minimizing misclassifications across
categories.

Confusion Matrix: Logistic Regression
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Confusion Matrix: Random Forest
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Confusion Matrix: SVM
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Stress Distribution: The pie chart of stress-level
distribution among the 200 students revealed that
approximately 30% of students reported high
stress, 35% reported medium stress, and 35%
reported low stress. This distribution demonstrates
a fairly even spread across categories, providing
sufficient data for the machine learning
classification.

Stress Level Distribution Among Students

Low Stress

High Stress

~ Medium Stress

Model Comparison: A bar chart comparing the
accuracies of the three models shows that SVM
outperforms both Logistic Regression and Random
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Forest, highlighting its robustness in classifying
student stress levels

Comparison of Model Accuracies
100

89.66%

87.93%

Accuracy (%)

Logistic Regression Random Forest

Feature Correlations: A heat map was generated to
analyze the correlations among the key survey
features. The analysis revealed strong positive
correlations between academic workload and
perceived stress and between sleep disturbances and

high stress levels.

Feature Correlation Heatmap
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Feature Relationships: Pair plots were used to
visualize the relationships among critical survey
variables, such as study hours, sleep patterns, social
pressures, and stress scores. The plots highlighted
clear clustering patterns that distinguished High,
Medium, and Low stress categories.
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Pair Plot of Key Features

Feature Importance from Random Forest Model
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5. Discussion

The findings of this study demonstrate that machine
learning models can effectively predict student stress
levels using survey-based features complemented by
insights from biotechnological biomarkers.
Among the three models evaluated, the Support
Vector Machine (SVM) achieved the highest
accuracy of 91.38 %, indicating its superior ability to
capture complex patterns and reliably classify stress
categories. Logistic Regression, although simpler
and more interpretable, struggled to correctly
classify Medium stress cases, likely due to
overlapping feature distributions. Random Forest
provided a robust alternative, showing high overall
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accuracy but slightly lower recall for medium stress,
as illustrated in the confusion matrices (Insert
Confusion Matrix figures here) [1]-[3].

The integration of physiological biomarkers
significantly strengthens the predictive capabilities
of these models. Elevated cortisol levels [4],
disrupted sleep cycles [5], altered heart rate
variability [6], and imbalances in serotonin [7][8]
were commonly observed among students reporting
high stress. These findings align with previous
research identifying these biomarkers as key
indicators of chronic stress and its physiological
impact [4]-[8]. The combination of survey-based
features with biotechnological measures allows for
a more holistic understanding of stress, bridging the
psychological, behavioral, and physiological
domains.

Visualization provides clear insights into stress
patterns and feature interactions. The pie chart of
stress distribution shows that the student
population is almost evenly distributed across the
High, Medium, and Low stress categories, which is
beneficial for model training (Insert Pie Chart here)
[9]. The bar chart comparing model accuracies
confirms that SVM outperforms Logistic Regression
and Random Forest, providing a reliable tool for
stress prediction (Insert Bar Chart here) [1]-[3]. Heat
maps and pair plots revealed strong correlations
between academic workload, social pressure, sleep
quality, and stress levels (Insert Heat Map and Pair
Plot here), emphasizing the interplay between
environmental and physiological factors [4]-[6].

Feature importance analysis from Random Forest
highlighted academic workload, sleep quality, and
social pressure as the top predictors of stress (Insert
Feature Importance Chart here) [1]-[3]. When
combined with biomarker data, this suggests that
interventions targeting workload management, sleep
hygiene, and social support can effectively reduce
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stress. For educators, mental health professionals,
and biotechnology researchers, identifying both
behavioral and physiological predictors enables the
development of targeted strategies to monitor,
prevent, and manage student stress [4]—[8].

Overall, this study demonstrated the feasibility of
combining machine learning with
biotechnological markers for early stress detection.
Future research could include real-time monitoring
of cortisol, serotonin, heart rate, and sleep
patterns to enhance model accuracy and enable
personalized stress management programs [4]—[8].
Advanced deep learning approaches or hybrid
models could further improve the classification
performance, particularly for medium-stress cases,
where misclassification remains a challenge.

6. Conclusion

This study demonstrates the effective integration of
machine learning models and biotechnological
biomarkers to predict stress levels in students.
Using survey-based data collected from 200
participants and evaluating three classification
models—Logistic Regression, Random Forest,
and SVM—the SVM model achieved the highest
accuracy of 91.38%, indicating its robustness in
handling complex nonlinear patterns [1]—[3].

The inclusion of physiological markers such as
cortisol levels [4], serotonin concentrations [7][8],
heart rate variability [6], and sleep patterns [5]
provides deeper insights into stress mechanisms.
These biomarkers not only corroborate the survey
findings but also enhance the predictive capability of
machine learning models, offering a holistic
approach to stress assessment in the workplace.
Feature importance analysis further identified
academic workload, sleep quality, and social
pressure as the most influential predictors of stress

(Insert Feature Importance Chart here) [1]—[3].
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Visualizations, such as pie charts, bar charts, heat
maps, pair plots, and confusion matrices, enabled
a clear representation of the stress distribution,
model performance, and inter-feature relationships
(Insert respective visuals here) [1]-[9]. Together,
these results highlight the combined value of
behavioral data and biotechnological
measurements for understanding and mitigating
stress.

Future research should focus on integrating real-
time biomarker monitoring, larger and more
diverse datasets, and advanced deep learning or
hybrid models to further improve classification
accuracy, particularly for medium-stress cases.
Additionally, interventions targeting workload
management, sleep hygiene, and social support,
informed by both survey and biomarker data, can
provide effective stress reduction strategies.

In conclusion, this study emphasizes that combining
Al-driven models with biotechnological insights
can provide a reliable, data-driven framework for
early stress detection and personalized intervention
planning [4]—[8]. This approach has significant
potential for adoption in academic settings, mental
health programs, and public health strategies.
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