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Abstract: The growing needs of the IT enterprise often disclose experts to chronic stress, that could lead to
burnout and reduced productiveness. This paper gives a system for real-time strain detection among IT
specialists using the Logistic Regression technique. The proposed gadget leverages physiological statistics
from wearable sensors, including heart charge, to screen pressure ranges non-invasively. Logistic
Regression is used because the number one algorithm for classifying stress levels primarily based on the
amassed information. Existing techniques, including surveys and facial popularity, are frequently invasive
and unreliable for real-time packages. The proposed technique addresses these obstacles by means of
providing a more scalable and green solution that may be seamlessly integrated into place of work
environments. By allowing early detection and intervention, this machine no longer most effectively helps in
coping with stress however additionally promotes mental well-being and complements productiveness. The
paper indicates that the Logistic Regression-primarily based version may be tailored to be used in different
high-strain industries, inclusive of healthcare and education, presenting broader programs for strain
control.
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I. INTRODUCTION

The rapid advancements in technology and the digital transformation of industries have positioned the Information
Technology (IT) sector at the center of innovation and change. IT professionals are constantly involved in demanding
tasks such as troubleshooting complex systems, developing software solutions, and ensuring the seamless operation of
infrastructures. This highly dynamic and competitive environment often subjects employees to long working hours,
high workloads, and frequent deadline pressures. Consequently, stress has become a prevalent issue in the IT industry,
with prolonged exposure leading to mental fatigue, burnout, decreased job performance, and even severe mental health
conditions such as anxiety and depression.

Addressing workplace stress has thus become a priority for organizations, not only to protect employee well-being but
also to maintain productivity and overall organizational health. Traditional approaches to stress detection and
management, such as post-event surveys, self-reports, and counseling sessions, are reactive in nature. These methods
often fail to offer timely interventions and lack the capacity to provide continuous monitoring of stress levels.
Additionally, such approaches can be intrusive and subjective, often relying on personal self-assessments that may not
accurately capture real-time stress levels.

Given these limitations, there is a growing need for a more proactive and non-invasive method of stress detection that
can provide continuous, real-time monitoring. Recent advances in wearable technology and physiological data
collection offer promising avenues to address this issue. Wearable devices such as smartwatches and fitness bands are
capable of capturing a wide range of physiological indicators including heart rate, body temperature, and galvanic skin
response. These data points provide insights into an individual’s physical and emotional state, allowing for the detection
of stress before it escalates into burnout.

This paper proposes a real-time stress detection system tailored specifically for IT professionals. The system leverages
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Logistic Regression as the primary algorithm for analyzing physiological data and predicting.stsess levels. By utilizing
non-invasive wearable sensors, the system continuously monitors key physiological a/c cato Sownd uses machine
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learning to classify stress levels into categories such as low, medium, and high. The real-time nature of the system
ensures that stress is detected early, enabling timely interventions that can prevent more severe outcomes.

Unlike existing methods that rely on facial recognition or survey-based approaches, the proposed system offers several
advantages. It is less intrusive, scalable across different workplace environments, and capable of providing ongoing
stress assessments without requiring constant user input. The integration of the MERN stack (MongoDB, Express,
React, and Node.js) enables a robust and flexible platform for data collection, processing, and real-time feedback to
users.

This paper will explore the key challenges in stress detection, review the current state of the art, and detail the proposed
system’s architecture, implementation, and potential applications. Additionally, we discuss the scalability of the system
to other industries, such as healthcare, education, and finance, where real-time stress management is equally critical. By
fostering a deeper understanding of stress management through technological innovation, this work contributes to the
larger discourse on mental health in high-stress professional environments.

II. LITERATURE SURVEY & EXISTING SYSTEM
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III. EXISTING SYSTEM
Current stress recognition systems use machine learning algorithms and various traditional techniques. To assess stress
levels in individuals, especially IT professionals. These existing systems often rely on survey methods. face recognition
or image processing Combined with machine learning algorithms such as Convolutional Neural Networks (CNN)
Supported Vector Machines (SVM), Naive Bayes comes into existence.

Algorithm used:

e Convolutional neural networks (CNN): CNNs are often used for image-based stress detection, such as
analysing facial expressions captured by webcams or wearable cameras. The model recognizes stress by
identifying subtle expressions or facial features that indicate anxiety or stress.

e Support Vector Machine (SVM): SVM is used in stress recognition systems that focus on text analysis.
(sentiment analysis from social media or written surveys) and physiological data. (heart rate Electrical
conductance of the skin)

e Naive Bayes: Naive Bayes is used for emotional stress detection via text input. It recognizes written or verbal
signals. and analyse user response patterns to determine stress levels.

Advantages of the existing system:
e Ease of use: Some methods, such as surveys and text analysis, It is relatively easy to implement without
expensive hardware.
e High accuracy in controlled environments: Algorithms such as CNN can provide reasonably accurate stress
predictions when trained on large datasets and applied in a controlled environment. .
e Non-intrusive full recognition via image processing: Facial recognition and analysis provide a non-contact
method of stress detection. This eliminates the need for invasive physiological measurements.

Disadvantages of the existing system:

e Invasion: Many existing systems, such as those using surveys or facial recognition. It may make the user feel
disturbed.

e Lack of real-time data: Systems based on surveys or post-event analysis are not suitable for real-time stress
detection

e Hardware dependency: Image processing systems such as CNN require high-quality cameras, sensors, or
additional hardware.

e Bias and limited generalizability: Stress detection using facial expressions or written input may not generalize
well to different populations.

e Privacy and data security concerns: Systems that collect personal data, such as facial images or detailed survey
responses.

e Limited holistic assessment: Most existing systems focus on both psychological and physical stress. But the
two are rarely combined.

e slow adjustment According to the changing stress level: some algorithms Especially algorithms that rely on
historical data or periodic surveys.

e Resource-intensive models: Machine learning models such as CNN and SVM often require large amounts of
computing resources for training and real-time analysis

IV. PROPOSED SYSTEM
The proposed system focuses on real-time stress detection in IT professionals using a combination of modern web
technologies and machine learning. By leveraging the MERN stack for application development, Python for module
design, Email API for real-time alerts, and Logistic Regression for stress forecasting. The system addresses the
shortcomings of current stress detection systems. Workplace management also provides_ga=¢fficient and scalable
solution to manage stress. 4 :
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System Components:

MERNA stack (MongoDB, Express, Response, Node.js): The MERNA stack is used to create responsive
and dynamic web application interfaces that interact with backend systems. MongoDB will act as the main
database for storing user data. Stress information and save history for further analysis Express handles API
requests between the front-end and back-end. To ensure smooth communication React provides a user-friendly
interface. which IT professionals can log in View your stress levels in real time and can track past data Node.js
will act as the backend. Manage server side operations and manage data flows in real time

Python for designing modules: Python will be used to create the main modules of the system. Including data
processing and machine learning. It manages real-time data input from wearable devices. and pre-process data
for analysis Python libraries such as Pandas and NumPy are used for data manipulation, while scikit-learn uses
Logistic Regression models.

Logistic regression to identify stress: Logistic regression is used as the main algorithm to classify and predict
stress levels based on real-time data such as heart rate. body temperature and other physiological parameters
Algorithms continuously analyze data and classify stress levels as low, medium or high, allowing for early
intervention. Before burnout happens The model will be trained using a combination of wearable sensors and
behavioral data. To ensure high accuracy in real-world applications

Real-time notifications (email API): Email APIs are integrated to send real-time notifications to users to
increase system responsiveness. When the system detects high stress levels The system sends automatic email
notifications to advise users to take action, such as taking a break or seeking advice. This proactive approach
ensures immediate intervention. It helps prevent long-term health effects and loss of productivity.

V. MATHS

In this project, Logistic Regression is used as the core machine learning model to predict stress levels based on
physiological data such as heart rate, body temperature, and galvanic skin response. The logistic regression model is
formulated to classify stress into categories such as low, medium, or high. The relationship between the input features
and the probability of stress is expressed through the logistic function, which can be written as:

1

_ e—(Bot+fzr+fzeat...t fnzn)

(1)

Where:

P(y = 1|z) is the probability of high stress,
By is the intercept,

B, Ba, ..., B, are the coefficients associated with each feature &y, &5, ..., 2, (e.g.. heart rate,

temperature, etc),

e is Euler's number, representing the base of the natural logarithm.

The model coefficients are estimated using Maximum Likelihood Estimation (MLE) to minimize the error between
the predicted and actual outcomes. The classification decision is made by applying a threshold on the probability
output, such as:
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A. Equations

Equations in this manuscript are numbered consecutively with their equation numbers appearing in parentheses, aligned
with the right margin of the column, as seen in (1) and (2). To insert equations, the Microsoft Equation Editor or
MathType is used. Compact forms of equations may utilize exponents, the solidus ( /) operator, or the exp() function.
For instance, the equation for logistic regression in (1) can be rewritten as:

P(y =1|z) =

Where z = o+ 3., Bizi.

Symbols in equations must be defined either before or immediately following the equation. For example, in Equation
(1), P(y=11x)P(y=1 | x)P(y=1Ix) refers to the probability of high stress given the feature vector xxx. Italicize symbols
for clarity, but do not use underlining or boldface unless necessary for emphasis.

When referring to an equation in the text, use simply “(1)” rather than “Eq. (1)” or “equation (1),” except at the
beginning of a sentence, such as: "Equation (1) represents the logistic regression function."

B. Algorithms
The algorithm for stress classification based on logistic regression is described below:
Algorithm 1: Logistic Regression for Stress Detection

Input: Physiological data X = {:i‘:l, el :1".,1} from wearable sensors.
Initialize: Coefficients By, 81, ..., An.

For each data point z € X:

» (Calculate the linear combination z = fj + E:’zlﬁixi

1

14e™=

« Compute the probability of stress P(y = 1|z) =

» Apply threshold §j = 1 if P(y = 1|z) > 0.5, else §j = 0.

. Output: Predicted stress level .

Algorithms should be numbered and titled. As shown above, they are separated from the main text by horizontal rules
both above and below the algorithm block. The steps in the algorithm should be clear and concise, with the relevant
variables and calculations explained.

V. CONCLUSION

Stress has become a major issue in the demanding environment of the IT industry. This affects individual well-being
and organizational performance. This paper proposes a real-time stress detection system that uses Logistic Regression
to predict stress levels based on physiological and behavioural data. It integrates the MERN stack for application
development, Python for building modules, and the Email API for real-time notifications. The system addresses the
limitations of existing methods, such as invasiveness, delayed responses. and reliance on expensive hardware The
importance of the proposed system lies in its ability to quickly detect stress. This enables timely intervention to prevent
chronic mental health problems such as burnout. Anxiety and depression The combinatigpzafagal-time data analysis
f % techniques, The
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system also provides a user-friendly approach to managing stress. Promote a good working environment The wider
impact of this system extends beyond the IT sector. Such stress detection models can be adapted to high-stress
industries such as healthcare, education, finance, etc. Future research may explore the integration of more complex
machine learning models such as neural networks. To improve prediction accuracy and expand the applicability of the
system to a wider scope. Health conditions related to stress It not only helps solve pressing problems in today's
workplace; But it also opens the door to further innovation in mental health technology.
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