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Abstract—Stress has emerged as a critical factor that affects
both physical and mental health in today’s fast paced lifestyle.
Early detection of stress levels can enable timely interventions
and preventive healthcare. This study presents a data driven
approach for stress level classification using physiological and
lifestyle features derived from a publicly available dataset. Key
variables include age, occupation, cholesterol level, sleep quality,
physical activity, and other health related metrics. A Random
Forest Classifier is used to model and classify individuals into
three stress levels, i.e., low, moderate, and high. The model
achieves a classification accuracy of (.74, with an averaged F1
score of (.71, indicating a strong generalization performance.
Feature importance analysis reveals that occupation, age, and
cholesterol level are the most influential predictors of stress.
Deeper analysis shows that individuals in high response profes-
sions, within the age range of 30 to 40 years, and with elevated
cholesterol levels are more prone to high stress. Moreover, the
model offers insight into the relative importance of each feature,
enhancing the interpretability and potential clinical utility. The
proposed model demonstrates that integrating machine learning
with wearable and lifestyle data serves as a powerful tool for
proactive stress management and personalized healthcare.
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I. INTRODUCTION

In recent years, the integration of Internet of Things (IoT)
technologies with wearable devices has revolutionized health-
care by enabling real time monitoring and predictive health
analytics. Traditional wearable devices, such as smart watches
and fitness trackers, offer limited functionality, high costs, and
often lack adaptability to predictive insights, particularly in
stress management. Chronic stress, which can lead to cardio-
vascular diseases, anxiety disorders, and weakened immunity,
remains under monitored due to the lack of continuous, af-
fordable, and intelligent monitoring systems. A key innovation
of the HOT Watch lies in its machine learning capabilities,
particularly in detecting stress based on user health data. Using
a publicly available stress detection dataset, a machine learning
analysis is performed to identify the most critical features
that influence stress. The Random Forest model revealed that
occupation, age, and cholesterol Level are dominant indicators
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of stress. This paper presents the machine learning method-
ology, and detailed insights into stress prediction, thereby
demonstrating the feasibility of HOT Watch for intelligent
health monitoring.

II. LITERATURE REVIEW

Wearable health monitoring systems have gained consider-
able attention in recent years due to their potential for real-
time tracking of physiological parameters and early detection
of health conditions [1]. Traditional wearables like Fitbit,
Apple Watch, and Samsung Galaxy Watch monitor basic vitals
such as heart rate and activity levels, but most lack advanced
analytics capabilities and fail to provide contextual health
insights such as stress prediction.

Recent research has explored the use of machine learning
(ML) techniques in wearable-based health monitoring [2], [3].
Use of physiological signals such as heart rate variability and
skin temperature to detect stress levels using Support Vector
Machines and Decision Trees are mentioned in literature [4]—
[7]. Their results showed moderate success, but the systems
were not optimized for deployment in resource-constrained
wearable devices. Similarly, studies were performed to see the
effect of contextual data (location, movement) with physiolog-
ical metrics to improve stress prediction accuracy, but it shows
that these require complex and non scalable hardware [8].

In the domain of IoT-based health monitoring, wearable
sensor network architecture was suggested to monitor elderly
patients remotely [9]. However, the work focused more on
data transmission and less on intelligent decision-making.
Attempts were made to incorporate Al into wearable systems
for cardiovascular risk detection, demonstrating how real-time
analytics could improve preventive care [10]. However, they
lacked focus on stress, which remains a critical mental and
physical health factor.

A few studies have systematically identified and validated
dominant features affecting stress [11], [12]. While most
wearable systems simply log raw data, they do not analyze
patterns or provide actionable insights. Moreover, there is
limited exploration into affordable, customizable, and energy-
efficient wearables that can be adapted for various age groups
and occupational risks.
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This paper addresses how machine learning models can
predict stress levels induced due to various factors. It further
identifies Occupation, Age, and Cholesterol Level as the most
significant features contributing to stress, making it more ac-
tionable for personalized healthcare. This paper also proposes
the development of a low cost, machine learning enabled, and
user friendly system capable of collecting physiological data
from individuals and utilizing a pre trained model to predict
their stress levels.

III. SYSTEM DESIGN OF HOT WATCH

The HOT Watch (Health-Oriented Tracker Watch) is a
compact, wearable health monitoring device designed for
continuous stress detection using physiological signals [13].
The system integrates low power sensors, IoT connectivity, and
intelligent algorithms to deliver real time, context aware health
monitoring [14]. The architecture of HOT Watch consists of
four key layers:

1) Sensor Layer: Gathers raw physiological data using
onboard biomedical sensors.

2) Processing Layer: Performs signal preprocessing, fea-
ture extraction, and classification using embedded or
cloud-based ML models.

3) Communication Layer: Uses IoT protocols (e.g., MQTT,
HTTP) to transmit data securely to cloud or mobile
applications.

4) Application Layer: Visualizes the user’s stress level and
alerts healthcare providers or caregivers when abnormal
readings are detected.

IV. MACHINE LEARNING MODEL - RANDOM FOREST
CLASSIFIER

Random Forest is a powerful supervised machine learning
algorithm widely used for classification and regression tasks.
It belongs to the family of ensemble methods, which aim
to combine multiple individual models (called base learners)
to produce a more accurate and robust overall model [15]-
[17]. The fundamental idea behind Random Forest is to build
a “forest” of decision trees during training and output the
class that is the mode (majority vote) of the individual trees’
predictions. It mitigates the tendency of decision trees to
overfit on the training data by introducing two layers of
randomness. Each tree is trained on a randomly selected subset
of the training data, with replacement. At each split in the
tree, a random subset of features is considered, rather than
evaluating all possible features. This randomization ensures
that individual trees are decorrelated, and their errors are less
likely to overlap, improving overall performance [18].

One of the key strengths of this approach lies in its non
parametric nature and its ability to estimate feature importance
[19]-[21]. Being non-parametric means that the classifier does
not make any assumptions about the underlying distribution of
the data, making it highly flexible and suitable for a wide range
of real-world problems [22]. Additionally, Random Forest pro-
vides a mechanism to evaluate the relative importance of input
features by analyzing how much each variable contributes to
the predictive performance of the model [23], [24].
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Although Random Forest is a well established algorithm,
the novelty of this work lies in its application to a three-
class stress detection problem (low, medium, high) using
physiological and behavioral features from the Kaggle dataset.
Random Forest was chosen for its robustness, interpretability,
and capability to rank feature importance, which is crucial
for understanding stress related predictors. This work thus
emphasizes both the practical applicability and interpretability
of the approach rather than algorithmic novelty, providing a
foundation for future research on more advanced models and
enriched datasets.

V. MACHINE LEARNING MODEL DESIGN

The core intelligence of the HOT Watch system lies in its
ability to predict stress levels using machine learning (ML)
algorithms based on physiological and demographic data. This
section presents the feature selection and model evaluation in
model development process.

A. Data Description

The machine learning model was trained using a publicly
available Stress Detection in Students Dataset from Kaggle,
consisting of 733 entries whose attributes are as categorised
as follows.

1) Demographic: Age, Occupation, Gender, Marital Status.

2) Health condition: Cholesterol Level, Blood Sugar Level,
Blood Pressure.

3) Lifestyle: Physical Activity, Sleep Duration, Sleep Qual-
ity, Caffeine Intake, Screen Time, Exercise Type, Med-
itation Practice, Social Interactions, Alcohol Intake,
Smoking Habit, Work Hours, Travel Time.

4) Target Variable: Stress Detection (Low, Medium, High).

B. Data Preprocessing

The following steps were included before using the data for

learning purpose.

1) Handling Missing Values: Rows with missing target
labels were removed.

2) Label Encoding: This includes target label encoding and
categorical feature encoding. The target stress levels
are encoded as ‘High’: 0, ‘Low’: 1, ‘Medium’: 2. In
categorical encoding, variables like Gender, Occupation,
Marital Status, Smoking Habit, Meditation Practice,
Exercise Type were encoded numerically.

3) Drop irrelevant columns: Time-based columns like
Wake Up Time, Bed Time are hard to interpret without
extra parsing. Hence they are omitted.

4) Training - testing data split: The data is splitted into
80% for training and 20% for testing.

5) Feature Scaling: Normalization of continuous features
using Min-Max scaling.

C. Feature Selection and Feature Importance Identification

A Random Forest Classifier was used to compute the
feature importance scores. The top contributors to stress level
prediction are identified as age, occupation and cholesterol
level in Fig. 1.
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Fig. 1. Feature Importance from Random Forest Classifier

TABLE I: PERFORMANCE METRICS FOR STRESS LEVEL CLASSIFICATION

Stress Level ~ Precision ~ Recall ~ Fl-score  Support

Low (0) 0.85 0.78 0.82 60

Medium (1) 0.71 0.45 0.56 33

High (2) 0.67 0.85 0.75 62
VI. RESULTS

This section presents the experimental results of applying
the Random Forest classifier to the stress detection dataset.
The model was trained and evaluated to classify user stress
levels into three categories: low (0), medium (1), and high
(2), based on physiological and lifestyle features.

A. Model Performance Overview

The Random Forest classifier achieved an accuracy of 0.74
and F1 Score of 0.71.

The classification model performed well in identifying high
and low stress levels, but the moderate class showed weaker
results (Table I). This can be attributed to the overlap of the
feature distributions between the moderate and the other two
categories. This overlap makes the model less confident in
distinguishing moderate stress instances. Since the data set
was sourced from Kaggle, no additional data is currently
available to expand or balance the classes. This limitation
restricts further improvement in the present study. Future work
could explore advanced techniques such as hierarchical clas-
sification, ensemble approaches, or synthetic data generation
to enhance moderate class recognition.

B. Top Contributing Features

Using the Random Forest’s feature importance method, the
following were identified as dominant stress predictors: (a)
occupation, (b) age and (c) cholesterol level.

C. Detailed Category-Wise Risk Analysis

The average feature value for various stress levels are tab-
ulated below in Tables II-VI. Following inferences are made
after evaluating the experimental outcomes for the features
selected.

1) Occupation: High-Stress Group (Stress Level 2) had an
average occupation code of 90.3. Moderate-Stress Group
had a higher average of 96.4, indicating that certain
demanding or high-responsibility occupations may lead
to stress. Low-Stress Group had the lowest occupation
code average (78.3), possibly linked to more flexible or
lower-pressure professions.

2) Age: The Low-Stress Group had the highest average
age: 41.5 years. Moderate and High-Stress groups had
younger averages: 36.1 and 37.8 years, respectively.
Older individuals (possibly due to experience or lifestyle
stability) tend to report lower stress, while younger
adults in their mid 30s are more prone to stress likely
due to career and life transitions.

3) Cholesterol Level: Low stress individuals had higher
average cholesterol, suggesting that cholesterol may not
directly correlate with stress in a linear way. However,
extreme fluctuations, especially in the moderate stress
group, could indicate poor health management practices
under stress.

It is also noted that meditation practice and physical activity
were slightly higher in the low stress group. Screen time,
work hours, and alcohol intake were highest in the low
stress group which points that this may indicate compensatory
mechanisms like social support, flexibility, or better coping
strategies despite longer work exposure.
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TABLE II: CATEGORYWISE DETAILS - 1

Stress Level Age Gender Occup. Marital Status Sleep Duration
0 41.485050  0.594684  78.265781 1.225914 6.164784
1 36.123457  0.438272  96.425926 1.506173 6.671605
2 37.809677  0.448387  90.322581 1.461290 6.332903

TABLE III: CATEGORYWISE DETAILS - 2

Stress Level Sleep Quality ~ Physical Activity Screen Time  Caffeine Intake
0 3.878738 3.435216 4.599668 2.292359
1 3.880247 2.570988 3.577160 1.302469
2 3.801613 2.750000 3.901613 1.629032

TABLE IV: CATEGORYWISE DETAILS - 3

Stress Level ~ Alcohol Intake Smoking Habit ~ Work Hours ~ Travel Time
0 1.222591 0.730897 8.647841 3.403654
1 0.524691 0.370370 8.080247 2.290123
2 0.754839 0.435484 7.974194 2.625806

TABLE V: CATEGORYWISE DETAILS - 4

Stress Level

Social Interactions ~ Meditation Practice ~ Exercise Type

0 3.375415 0.820598 3.342193
1 3.191358 0.530864 3.691358
2 3.025806 0.477419 3.464516

TABLE VI: CATEGORYWISE DETAILS - 5

Stress Level

Blood Pressure Cholesterol Level Blood Sugar Level

0 145.348837 232.956811 119.335548
1 128.024691 206.419753 103.395062
2 135.935484 216.596774 108.790323

VII. CONCLUSION

The model reveals that stress is not random but it is greatly
influenced by a combination of demographic factors (occu-
pation, age) and physiological health (cholesterol). These in-
sights strengthen the need for systems which can continuously
monitor these indicators and alert users to early signs of stress.
This will guide them toward preventive or corrective action.
The relatively lower performance for medium stress suggests
the need for more training data, better feature engineering or
use of more advanced models.
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