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Abstract. This research focuses on predicting student anxiety using advanced machine learning algorithms,
aiming to enhance prediction accuracy and robustness. Anxiety is a prevalent issue among students,
significantly impacting their academic performance and mental well-being. Traditional methods for
identifying anxiety, such as self-reported surveys, lack real-time analysis and can be subjective. To address
this, the proposed project leverages various machine learning techniques to develop more reliable predictive
models. These models utilize diverse datasets, including academic performance, behavioral data, and socio-
emotional factors, providing a comprehensive approach to anxiety prediction.The study explores traditional
algorithms like Support Vector Machines (SVM) and Decision Trees (DT) alongside advanced methods such
as AdaBoost, Gradient Boosting Machines (GBM), and deep learning models like Artificial Neural Networks
(ANN). A comparative analysis will be conducted to evaluate the effectiveness of each model, measuring key
performance metrics such as accuracy, precision, and recall.
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1. INTRODUCTION

Student anxiety is a growing concern in educational institutions worldwide, impacting academic performance, social
interactions, and overall well-being. With the increasing pressure to excel academically, students are more prone to
anxiety, which can lead to serious mental health issues if not addressed early. Traditional methods for identifying
anxiety, such as surveys and clinical assessments, often rely on self-reporting, which may be subjective and fail to
capture real-time emotional states [1-4]. Consequently, there is a need for more effective tools that can predict and
manage anxiety proactively.In recent years, machine learning (ML) has emerged as a powerful tool for predicting
mental health conditions [5]. By analyzing patterns in large datasets, ML algorithms can identify key predictors of
anxiety, such as academic performance, behavioral metrics, and socio-emotional factors, to provide real-time, data-
driven insights. The application of advanced machine learning techniques holds promise for early detection of student
anxiety, allowing for timely interventions [6-9].

2. BACKGROUND

I. Traditional Methods for Predicting Student Anxiety
Early methods for identifying student anxiety were primarily based on self-reported surveys, psychological
assessments, and expert evaluations. These approaches relied on students answering standardized questionnaires that
measured anxiety levels based on predefined psychological scales [10]. While these methods provided valuable
insights, they suffered from several limitations:
e Subjectivity: Responses could be influenced by a student's mood, willingness to disclose information, or
misunderstanding of the questions.
e Lack of Real-Time Monitoring: Traditional methods failed to provide continuous tracking of anxiety
levels, making it difficult to detect fluctuations over time.
e Limited Generalizability: Since these methods relied heavily on predefined psychological models, they
might not account for new or emerging stressors affecting students.
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To improve early detection, researchers explored statistical models that correlated academic performance, attendance,
and behavioral patterns with self-reported anxiety. However, these models struggled with complex, nonlinear
relationships and lacked adaptability to diverse student populations [11-13].
11. Emergence of Machine Learning in Anxiety Prediction
As traditional methods proved inadequate in capturing the complexity of student anxiety, machine learning (ML)
techniques emerged as a more data-driven and scalable approach [14]. ML algorithms could analyze diverse datasets,
including:
e Academic Records: Grades, exam performance, and assignment completion rates.
e Behavioral Patterns: Attendance, engagement in class activities, and participation in extracurriculars.
e Socio-Emotional Factors: Sleep patterns, social interactions, and online activity.
Supervised learning models, such as Support Vector Machines (SVM) and Decision Trees (DT), became popular for
classifying students based on their risk of anxiety. These models learned patterns from labeled datasets and could
generalize better than traditional statistical approaches. However, they faced challenges in handling high-dimensional
and noisy data [15].
I11. Advancements with Deep Learning
The real breakthrough in anxiety prediction came with the adoption of deep learning models, particularly Artificial
Neural Networks (ANNs) and Gradient Boosting Machines (GBM). These models offered several advantages:
e Automatic Feature Extraction: Unlike traditional ML models that required manual feature selection, deep
learning could identify hidden patterns in student data.
e Handling Nonlinear Relationships: Anxiety is influenced by multiple interrelated factors. Deep models
captured these complex dependencies more effectively.
e Improved Generalization: By training on large datasets, deep learning models could recognize anxiety
patterns across different student demographics.
Among deep learning techniques, Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM)
networks showed promise for tracking anxiety trends over time, allowing for early intervention based on real-time
monitoring [16-18].

Prediction of Student Anxiety Using Machine Learning

Y

e

- = N Precision an d .
i [ e | [z | [
\\\\ Selection - J _

o g

( Deploy Model )
Monitor
Performance

Collect
Feedback |

FIGURE 1.

Copyright@ REST Publisher 713



Manisha.et.al/ Journal on Innovations in Teaching and Learning, 4(1), March 2025, 712-716

3. LITERATURE REVIEW

TABLE 1.
Year RF.No | Author Title Source Key Findings
2024 [1] A. Almadhor Multi-Class Adaptive Recognition Proposed an adaptive active learning approach for
etal. Active Learning for accuracy multi-class anxiety prediction, improving classification
Predicting Student accuracy with minimal labeled data.
Anxiety
2021 [2] M.D. Predictive Modeling of Accuracy, Utilized electronic health records and Al-driven models
Nemesure et Depression and Anxiety Robustness for predicting anxiety and depression, demonstrating
al. Using Electronic the effectiveness of deep learning for mental health
assessment.
2023 [3] V. Sireesha et | Anxiety Prediction Using | Accuracy, Explored ML-based anxiety prediction, emphasizing
al. Machine Learning Training time feature selection and dataset preprocessing for
improved accuracy.
2023 [4] Mitra, A., Machine Learning-Based | Accuracy, CFocused on the impact of psychosocial factors (peer
Chakraborty, Anxiety Detection Among | Precision pressure, academic stress) in predicting student anxiety
A., & Dutta, Students Using using ML models.
S. Psychosocial Data
2020 [5] V. M. Khatik | Predicting Student Accuracy, Investigated behavioral indicators (attendance,
etal. Anxiety through Training loss engagement) for anxiety prediction, highlighting the
Behavioral Data role of real-time data analysis.
2023 [6] M. S.Ramet | Machine Learning-Based | Accuracy, Loss | Developed an ML-based anxiety detection framework
al. Student Anxiety integrating physiological and academic data for early
Prediction intervention.

4. METHODOLOGY

Machine learning methodology for predicting student anxiety includes several steps: data collection, preprocessing,
feature selection, model selection, training, evaluation, and deployment. First is to collect relevant datasets constituted
of various factors like academic performance, behavior patterns, and socio-emotional factors. Then preprocessing of
the data is done to handle missing values, outliers, and imbalanced classes. Feature-selection techniques are applied
at this stage to arrive at the most relevant predictors of anxiety. Support Vector Machines, Decision Trees, AdaBoost
Gradient Boosting Machines, and Avrtificial Neural Networks are those upon various machine learning [19-20], each
trained and optimized through hyperparameter tuning. Accuracy, precision, recall, and F1-score are some of the
foremost evaluable indices through which a model's efficacy can be gauged. The thus trained best one will go on to
make its way into a real-time anxiety-monitoring system, for early detection and intervention strategies of student
mental-health support.

True Label

5.

RESULTS

SVM Confusion Matrix

'
1
Predicted Label

FIGURE 2.

70

60

50

- 40

-20

Copyright@ REST Publisher

714




Manisha.et.al/ Journal on Innovations in Teaching and Learning, 4(1), March 2025, 712-716

Model Accuracy Comparison

Accuracy

SVM AdaBoost GBM ANN
Model

FIGURE 3.

Predicting the anxiety of students might consider building on deep learning models, like CNN and RNN, to discover
the patterns in missing or lagging data that allow real-time updates for prediction accuracy. Tuning the
hyperparameters through methods like Random Search, Bayesian Optimization, and Genetic Algorithms could
improve model performance but guard against overfitting or underfitting. Enhancing the time-dependent prediction
capacity by incorporating real-time monitoring of behavioral data could facilitate steady performance assessment and
live updates among anxiety trends pertaining to academic performance. Deployment on the AWS or Google Cloud
service provides the possibility of extending the accessibility of the model. It would allow for scalability and wide use
in higher education institutions, hence applicability for remote use. Feature engineering should also focus more on
context-sensitive approaches through the integration of domain knowledge for a more accurate representation of
student behavior with respect to anxiety and model interpretability.

6. CONCLUSION

The prediction of student anxiety using machine learning models involves leveraging a well-structured design that
analyzes various student-related factors such as demographic information, academic performance, and mental health
indicators. Anxiety in students is a growing concern as it can significantly affect both their academic success and
overall well-being. By using machine learning algorithms, we can create an efficient system that aids in early detection
and intervention. The project uses a dataset that includes various features like survey results and behavioral indicators.
Through machine learning techniques, the system can predict whether a student may be at risk of anxiety. Various
algorithms were applied, and the evaluation process allowed us to assess their accuracy and effectiveness. Python,
being a flexible and open-source language, was used for developing and testing these models, with cost-effective
implementation.
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