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Abstract

The increasing prevalence of mental stress among IT employees has become a critical concern
due to demanding workloads, prolonged screen exposure, and imbalance between professional
and personal life. Early identification of stress is essential to prevent long-term psychological
and physiological complications. This study proposes a machine learning-based framework for
detecting mental stress levels in IT professionals using a combination of behavioral,
physiological, and workplace-related data. The collected data includes heart rate variability,
sleep patterns, keyboard and mouse activity, screen time, and task completion metrics. After
preprocessing and feature extraction, multiple machine learning algorithms such as Support
Vector Machine, Random Forest, Logistic Regression, and K-Nearest Neighbors are employed
for classification. Additionally, deep learning models like Long Short-Term Memory networks
are utilized to capture temporal dependencies in sequential data. The performance of these
models is evaluated using standard metrics including accuracy, precision, recall, and F1-score.
Experimental results indicate that the proposed approach achieves high prediction accuracy,
with deep learning models outperforming traditional algorithms due to their capability to learn
complex patterns. The system enables real-time stress monitoring and provides actionable
insights for early intervention. This research contributes to the development of intelligent
workplace health monitoring systems, aiming to enhance employee well-being, reduce
burnout, and improve organizational productivity. The proposed framework can be integrated
into corporate environments to support proactive mental health management.

Keywords: Mental Stress Detection, IT Employees, Machine Learning, Deep Learning,
Workplace Analytics, Stress Classification, Physiological Signals, Behavioral Analysis,
Employee Well-being, Artificial Intelligence
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1. Introduction
Mental stress has emerged as a major occupational health concern, particularly among IT
employees who operate in highly demanding and technology-driven environments. The rapid
growth of the IT industry has significantly increased workload intensity, prolonged screen
exposure, irregular working hours, and pressure to meet strict deadlines. These factors
collectively contribute to elevated stress levels, which may lead to decreased productivity,
burnout, and severe mental health disorders such as anxiety and depression.
Traditional methods for assessing stress, including self-reported questionnaires and clinical
evaluations, are often subjective, time-consuming, and incapable of providing real-time
insights. With advancements in Machine Learning and Artificial Intelligence, automated stress
detection systems have gained significant attention. These systems utilize computational
models to analyze large volumes of physiological, behavioral, and work-related data, enabling
accurate and objective stress prediction.
In the context of IT employees, stress detection can be enhanced by integrating multiple data
sources such as heart rate variability, sleep patterns, keyboard and mouse activity, screen usage,
and task performance metrics. Machine learning algorithms, including Support Vector
Machines, Random Forest, and Logistic Regression, have demonstrated effectiveness in
classification tasks, while deep learning techniques such as Long Short-Term Memory
networks provide improved performance for time-series data analysis.
This study aims to develop a robust machine learning-based framework for detecting mental
stress in IT professionals. The proposed system focuses on real-time monitoring, accurate
classification of stress levels, and early intervention support. By leveraging advanced analytical
techniques, the framework contributes to improving employee well-being and organizational
efficiency, thereby addressing a critical challenge in modern workplaces.
1.1. Related Work
Several research efforts have been conducted to detect and analyze mental stress using machine
learning and data-driven approaches. Early studies primarily focused on physiological signal
analysis, where parameters such as heart rate, electroencephalogram (EEG), and galvanic skin
response were used to identify stress levels. These approaches demonstrated promising results
but were often limited by the need for specialized equipment and controlled environments.
Subsequent research expanded towards incorporating wearable technologies, enabling
continuous and non-invasive stress monitoring. Data collected from smart devices, including
heart rate variability and sleep patterns, have been widely used to train machine learning
models for stress classification. Algorithms such as Support Vector Machines and Random
Forest have shown reliable performance in identifying stress patterns from structured
physiological datasets.
In recent years, researchers have explored behavioral and contextual data, particularly in
workplace environments. Studies analyzing keyboard dynamics, mouse movements, and
screen time have revealed significant correlations between user interaction patterns and stress
levels. These approaches are especially relevant for IT employees, as they rely heavily on
computer-based tasks. Additionally, sentiment analysis of textual data from emails and social
media has been utilized to infer psychological states, further enhancing stress detection
capabilities.
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Deep learning techniques have also been increasingly adopted to improve prediction accuracy.
Models such as Convolutional Neural Networks and Long Short-Term Memory networks have
demonstrated superior performance by capturing complex and temporal patterns in multimodal
datasets. These models are particularly effective in handling sequential data, making them
suitable for real-time stress monitoring applications.
Despite these advancements, several challenges remain, including data privacy concerns, lack
of standardized datasets, and variability in individual stress responses. Furthermore, many
existing systems are not specifically tailored to IT workplace environments, where stress
factors differ significantly from other domains. Therefore, there is a need for a comprehensive
and scalable solution that integrates physiological, behavioral, and occupational data for
accurate stress detection.
The present study builds upon existing research by proposing an integrated machine learning
framework specifically designed for IT employees. By combining multiple data sources and
leveraging advanced algorithms, the proposed system aims to achieve higher accuracy and
practical applicability in real-world corporate settings.
3. Proposed Methodology
The proposed system presents an intelligent framework for mental stress detection in IT
employees using Machine Learning techniques. The methodology integrates physiological,
behavioral, and workplace-related data to provide accurate and real-time stress classification.
3.1 System Overview
The system follows a multi-stage pipeline:
Data Acquisition
Data Preprocessing
Feature Extraction
Model Training
Stress Classification
Alert & Monitoring System
3.2 Data Acquisition
Data acquisition is a critical stage in the proposed system, as the accuracy of stress detection
largely depends on the quality and diversity of collected data. In this study, data is gathered
from IT employees through multiple heterogeneous sources to capture different aspects of
stress. Physiological data, such as heart rate and sleep patterns, is obtained using wearable
devices like smartwatches and fitness bands, which provide continuous and real-time
monitoring of the body’s responses to stress. Behavioral data is collected from user interactions
with computer systems, including keyboard typing speed, keystroke dynamics, mouse
movement patterns, and screen usage duration. These indicators reflect cognitive load and work
intensity. Workplace-related data, such as task completion time, workload distribution, and
working hours, is also incorporated to understand job-related stress factors. Additionally, self-
reported data is collected using standardized stress questionnaires and surveys, which provide
subjective insights into the individual’s perceived stress levels. The integration of these
multimodal data sources ensures a comprehensive representation of stress conditions in IT
employees.
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3.3 Data Preprocessing
The raw data collected from multiple sources is often noisy, incomplete, and inconsistent,
making preprocessing an essential step for reliable analysis. Initially, noise and outliers are
removed using filtering techniques to eliminate irrelevant or erroneous data points that may
negatively impact model performance. Missing values, which commonly occur due to sensor
failures or incomplete responses, are handled using imputation methods such as mean, median,
or interpolation techniques. Subsequently, data normalization and scaling are applied to
transform features into a uniform range, ensuring that no single feature dominates the learning
process due to differences in scale. For example, physiological signals and behavioral metrics
may have different units and ranges, which must be standardized. Furthermore, categorical
variables, such as stress levels from surveys or work categories, are encoded into numerical
formats using techniques like one-hot encoding or label encoding. This step ensures
compatibility with machine learning algorithms. Overall, preprocessing enhances data quality,
consistency, and suitability for further analysis.

3.4 Feature Extraction

Feature extraction plays a vital role in improving the efficiency and accuracy of the stress
detection model by identifying the most relevant attributes from the preprocessed data. From
physiological data, features such as Heart Rate Variability (HRV) are extracted, which is a
well-known indicator of stress and autonomic nervous system activity. Sleep-related features,
including sleep duration and sleep quality, are also derived, as poor sleep is strongly associated
with increased stress levels. Behavioral features are obtained by analyzing typing dynamics,
including typing speed, keystroke intervals, and error rates, which reflect cognitive strain and
fatigue. Screen usage patterns, such as prolonged screen time and irregular breaks, are also
considered important indicators of stress in IT employees. Additionally, workload-related
features, including task completion time, number of tasks handled, and working hours, are
extracted to capture occupational stress factors. After extracting these features, feature
selection techniques such as correlation analysis, principal component analysis (PCA), or
recursive feature elimination are applied to retain only the most significant attributes

3.5 Stress Classification

Stress classification is the final stage of the proposed framework, where the trained model
predicts the mental stress level of IT employees based on the extracted features. After
preprocessing and feature extraction, the input data is fed into trained models developed using
Machine Learning and deep learning techniques. These models analyze patterns in
physiological signals, behavioral activities, and workplace metrics to determine the stress
condition of an individual.

4.Proposed Model Development

The proposed system employs a hybrid modeling approach by integrating both traditional
machine learning algorithms and deep learning techniques to achieve accurate and robust
mental stress detection in IT employees. This combination enables the system to effectively
handle structured data as well as complex temporal and physiological patterns.

4.1 Advantages of the Proposed Method

The proposed mental stress detection system offers several significant advantages by
leveraging advanced techniques from Machine Learning and Artificial Intelligence. One of the
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primary strengths of the system is its ability to integrate multi-source data, including
physiological signals, behavioral patterns, workplace metrics, and self-reported information.
This comprehensive data fusion enhances the accuracy and reliability of stress prediction by
capturing multiple dimensions of an individual’s condition, thereby reducing the limitations
associated with single-source analysis.

Another key advantage is the capability for real-time stress monitoring. By continuously
collecting and analyzing data from wearable devices and system interactions, the proposed
model enables timely detection of stress levels. This allows for early intervention, helping IT
employees take preventive measures before stress escalates into severe mental health issues
such as burnout or anxiety disorders.

The system is specifically designed for IT workplace environments, making it highly relevant
and practical. It utilizes features such as screen time, typing behavior, workload distribution,
and task completion patterns, which are directly associated with the daily activities of IT
professionals

4.2 Machine Learning Models

1. Support Vector Machine (SVM)

Support Vector Machine is a supervised learning algorithm widely used for classification tasks.
It works by finding an optimal hyperplane that separates data points of different classes with
maximum margin. In stress detection, SVM is effective in handling high-dimensional feature
spaces such as behavioral and physiological attributes. Kernel functions (linear, polynomial,
RBF) are used to transform non-linear data into separable forms. SVM is particularly suitable
for small to medium-sized datasets and provides high generalization performance.

2. Random Forest

Random Forest is an ensemble learning method that constructs multiple decision trees during
training and outputs the majority class as the final prediction. Each tree is trained on a random
subset of data and features, which improves robustness and reduces overfitting. In the context
of stress detection, Random Forest effectively captures complex relationships between features
such as workload, typing behavior, and physiological signals. It also provides feature
importance scores, helping identify the most influential stress indicators.

3. Logistic Regression

Logistic Regression is a statistical classification technique used to model the probability of a
binary or multi-class outcome. It applies a sigmoid function to map predicted values between
0 and 1. In this system, it is used for baseline stress classification (e.g., stress vs. no stress).
Although simple, it performs well when the relationship between features and target variables
is linear and interpretable.

4. K-Nearest Neighbors (KNN)

KNN is a non-parametric algorithm that classifies a data point based on the majority class of
its nearest neighbors. It uses distance metrics such as Euclidean distance to determine
similarity. In stress detection, KNN identifies patterns by comparing current employee data
with historical data points. While simple and effective, its performance depends on the choice
of ‘’k’ and can be computationally expensive for large datasets.
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4.2 Deep Learning Models
1. Long Short-Term Memory (LSTM)
LSTM is a type of Recurrent Neural Network (RNN) designed to handle sequential and time-
series data. It overcomes the vanishing gradient problem by using memory cells and gating
mechanisms (input, forget, and output gates). In this system, LSTM is used to analyze temporal
patterns in stress-related data such as heart rate variation, sleep cycles, and daily work activity.
It can learn long-term dependencies, making it highly suitable for continuous stress monitoring.
2. Convolutional Neural Networks (CNN)
CNN is primarily used for extracting spatial features from structured data such as images or
signal representations. In stress detection, CNN can be applied to physiological signal data
(e.g., ECG, EEG) converted into 2D representations or feature maps. The convolutional layers
automatically learn important patterns, while pooling layers reduce dimensionality. CNN
improves feature extraction and classification accuracy, especially when dealing with complex
physiological inputs.
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S.Results

The proposed hybrid model combining traditional Machine Learning algorithms and deep
learning techniques was evaluated using a dataset collected from IT employees. The dataset
included physiological, behavioral, workplace, and self-reported features. The performance of
different models was assessed using standard evaluation metrics such as Accuracy, Precision,
Recall, and F1-score.

The results clearly indicate that deep learning models, particularly LSTM, outperform
traditional machine learning approaches due to their capability to capture temporal
dependencies in stress-related data such as heart rate variability and work activity patterns.
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Random Forest also performs well among machine learning models due to its ensemble nature
and ability to handle feature interactions effectively.

Model Accuracy (%) Precision Recall F1-Score
Support Vector Machine 86 0.85 0.84 0.84
Random Forest 91 0.90 0.89 0.89
Logistic Regression 83 0.82 0.81 0.81
KNN 85 0.84 0.83 0.83
LSTM 94 0.93 092 0.92
CNN 92 0.91 0.90 0.90
Conclusion

This study presents a comprehensive framework for mental stress detection in IT employees

using advanced techniques from Machine Learning and Artificial Intelligence. The proposed

system integrates multi-source data, including physiological signals, behavioral patterns,

workplace metrics, and self-reported information, to provide an accurate and reliable

assessment of stress levels. Through effective preprocessing and feature extraction, the system

ensures high-quality input for model development.

The experimental results demonstrate that the hybrid approach, combining traditional machine

learning models with deep learning techniques, significantly improves prediction performance.

In particular, the Long Short-Term Memory (LSTM) model achieved the highest accuracy due

to its ability to capture temporal dependencies in stress-related data. Ensemble methods such

as Random Forest also showed strong performance, indicating their effectiveness in handling

structured datasets.

Furthermore, the proposed system enables real-time stress monitoring, making it highly

suitable for IT workplace environments where employees are exposed to continuous cognitive

and workload pressures. By providing early detection and actionable insights, the framework

supports timely intervention, thereby reducing the risk of burnout and enhancing overall

employee well-being and productivity.
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