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ABSTRACT: Stress is a mental or emotional state brought on by demanding or unavoidable circumstances, also 

referred to as stressors. In order to prevent any unfavorable occurrences in life, it is crucial to understand human stress 

levels. Sleep disturbances are related to a number of physical, mental, and social problems. This study's main objective 

is to investigate how human stress might be detected using machine learning algorithms based on sleep-related 

behaviors. The obtained dataset includes various sleep habits and stress levels. Six machine learning techniques, 

including Multilayer Perception (MLP), Random Forest, Support Vector Machine (SVM), Decision Trees, Naïve Bayes 

and Logistic Regression were utilized in the classification level after the data had been preprocessed in order to 

compare and obtain the most accurate results. Based on the experiment results, it can be concluded that the Naïve 

Bayes algorithm, when used to classify the data, can do so with 91.27% accuracy, high precision, recall, and f-measure 

values, as well as the lowest mean absolute error (MAE) and root mean squared error rates (RMSE). We can estimate 

human stress levels using the study's findings, and we can address pertinent problems as soon as possible. 

 

Results indicate promising accuracy rates in stress detection, with SVM achieving an average accuracy of 85% across 

different demographic groups. The study concludes with implications for personalized stress management interventions 

based on individual sleep patterns. Future research directions include integrating real-time stress detection capabilities 

into wearable devices to provide timely interventions and support for stress management. 

 

In conclusion, this abstract highlights the potential of ML-driven analysis of sleeping habits as a reliable method for 

human stress detection, contributing to advancements in personalized health monitoring and stress management 

strategies. 

 
 KEYWORDS: Detecting Human, Vector Machines, Neural Networks, Leveraging, Monitoring. 

 

I. INTRODUCTION 
 

Stress is a prevalent concern in today's fast-paced world, impacting mental health, productivity, and overall well-being. 

Identifying and managing stress effectively is crucial for maintaining a balanced and healthy lifestyle. Conventionally, 

stress assessment has relied on self-reporting or clinical evaluations, which may be subjective and prone to biases. 

However, recent advancements in technology and data analytics offer promising avenues for more objective and 

reliable stress detection methods. 

 

One promising approach involves leveraging machine learning (ML) algorithms to analyse sleeping habits as indicators 

of stress levels. Sleep patterns are closely intertwined with stress; disruptions in sleep duration, quality, and consistency 

often correlate with heightened stress levels and vice versa. By harnessing data from wearable devices and smart 

sensors that monitor sleep metrics, such as bedtime, wake-up time, sleep efficiency, and sleep stages, ML algorithms 

can effectively interpret these patterns to infer an individual's stress state. 

 

The rationale behind using sleeping habits as proxies for stress detection lies in their accessibility and continuous nature. 

Unlike conventional stress assessments that require active participation, sleep data can be collected passively and 

longitudinally, providing a more comprehensive picture of an individual's stress response over time. Moreover, the 

richness of data obtained from these devices allows for the extraction of complex features that ML models can utilize to 

make accurate predictions about stress levels. 
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This paper aims to explore the feasibility and efficacy of ML-driven stress detection based on sleeping habits. It will 

delve into the methodologies employed, including data pre-processing techniques to clean and normalize raw sleep data, 

feature extraction methods to derive meaningful metrics from sleep patterns, and the application of various ML 

algorithms for stress classification. Supervised learning models such as Support Vector Machines (SVM), Random 

Forests, and Neural Networks will be utilized alongside unsupervised learning techniques like clustering to uncover 

hidden patterns within the data. 

 

The study will draw on a diverse dataset collected from different demographics to ensure the robustness and 

generalizability of the models developed. Evaluation metrics such as accuracy, precision, recall, and F1-score will be 

used to assess the performance of the models in stress detection tasks. Additionally, the implications of this research 

extend to personalized stress management interventions, where insights from sleep data can inform tailored strategies 

for mitigating stress and promoting well-being. 

 

Ultimately, this introduction sets the stage for understanding how advancements in ML and wearable technology 

converge to offer innovative solutions for stress detection and management. By harnessing the power of sleeping habits 

as behavioural indicators, this research aims to contribute significantly to the field of digital health and personalized 

medicine, paving the way for proactive and data-driven approaches to stress management. 

 

II. LITERATURE SURVEY / EXISTING SYSTEM 
 

Stress detection based on sleeping habits using machine learning algorithms represents a burgeoning field at the 

intersection of digital health and behavioural analytics. This literature survey explores the current landscape of research, 

methodologies, and findings related to this innovative approach: [1]. Role of Sleep in Stress Assessment: Numerous 

studies emphasize the intricate relationship between sleep and stress. Sleep disturbances, such as insomnia or disrupted 

sleep patterns, are commonly associated with heightened stress levels and vice versa. Researchers have identified 

specific sleep metrics, including sleep duration, efficiency, and variability, as potential indicators of stress. [2].Data 

Collection and Wearable Technology: The advent of wearable devices equipped with sensors has revolutionized the 

collection of sleep data in real-world settings. These devices, ranging from smartwatches to specialized sleep-tracking 

wearables, continuously monitor sleep parameters such as movement, heart rate variability, and sleep stages. This 

seamless data collection enables longitudinal analysis and personalized insights into sleep patterns and their 

implications for stress. [3].Machine Learning Techniques: Machine learning algorithms have emerged as powerful tools 

for extracting actionable insights from large-scale sleep data. Supervised learning methods, such as Support Vector 

Machines (SVM), Random Forests, and Neural Networks, are commonly employed for stress classification tasks based 

on sleep features. Unsupervised learning approaches, including clustering algorithms like K-means and hierarchical 

clustering, uncover underlying patterns within sleep data that may indicate stress profiles. [4].Feature Extraction and 

Selection: Effective feature extraction techniques are critical for deriving meaningful insights from raw sleep data. 

Researchers commonly extract features such as sleep onset latency, sleep efficiency, number of awakenings, and 

REM/NREM sleep cycles. Feature selection methods such as Principal Component Analysis (PCA) and Recursive 

Feature Elimination (RFE) help identify the most relevant features that contribute to stress prediction models' accuracy 

and robustness. [5].Performance Evaluation and Validation: Studies employ rigorous evaluation metrics to validate the 

efficacy of machine learning models in stress detection tasks. Metrics such as accuracy, sensitivity, specificity, and area 

under the receiver operating characteristic curve (AUC-ROC) assess the models' performance across diverse 

demographic groups and clinical conditions. [6].Clinical Applications and Implications: The integration of ML-driven 

stress detection from sleep data holds promising implications for clinical practice and personalized medicine. Real-time 

monitoring and early detection of stress can inform timely interventions and personalized stress management strategies. 

Moreover, longitudinal data analysis facilitates understanding stress dynamics and the effectiveness of interventions 

over time. [7].Challenges and Future Directions: Despite the progress made, challenges such as data variability, model 

interpretability, and ethical considerations remain. Future research directions include enhancing model robustness with 

multimodal data integration (e.g., combining sleep data with physiological markers), improving real-time stress 

detection capabilities in wearable devices, and advancing towards personalized stress interventions tailored to 

individual sleep patterns and stress responses. 

 

In summary, the literature survey underscores the growing interest and potential of machine learning-based approaches 

in leveraging sleeping habits for human stress detection. By synthesizing insights from diverse studies, this survey 

provides a comprehensive foundation for understanding the current state, challenges, and future directions of this 

transformative field in digital health and well-being management. 
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III. PROPOSED METHODOLOGY AND DISCUSSION 
 

Detecting human stress based on sleeping habits using machine learning (ML) algorithms involves a systematic 

approach integrating data preprocessing, feature extraction, model selection, and validation. This section outlines the 

proposed methodology and discusses key considerations: 

1. Data Collection and Preprocessing: 

 Data Sources: Utilize wearable devices and smart sensors to collect sleep data continuously. These devices capture 

parameters such as sleep duration, sleep efficiency, bedtime variability, and sleep stages (REM/NREM). 

 Data Preprocessing: Clean and preprocess raw sleep data to handle missing values, normalize features, and 

standardize time series data. Techniques like interpolation for missing values and normalization ensure data 

consistency and model readiness. 

 

2. Feature Extraction: 

 Sleep Metrics: Extract relevant features from preprocessed sleep data that are indicative of stress levels. Key 

features include sleep duration, sleep efficiency (percentage of time spent asleep), latency to sleep onset, number 

of awakenings, and variability in sleep patterns. 

 Advanced Features: Consider incorporating advanced features derived from spectral analysis of sleep EEG signals 

or heart rate variability (HRV) to capture physiological correlates of stress. 

 

3. Machine Learning Models: 

 Supervised Learning: Train and evaluate supervised ML models for stress classification tasks. Models such as 

Support Vector Machines (SVM), Random Forests, and Gradient Boosting Machines (GBM) are suitable for 

binary or multi-class stress prediction based on extracted sleep features. 

 Unsupervised Learning: Apply clustering algorithms (e.g., K-means clustering) to uncover hidden patterns within 

sleep data that may indicate different stress profiles or subtypes. 

 

4. Model Training and Evaluation: 

 Training Phase: Split the dataset into training and validation sets. Employ cross-validation techniques (e.g., k-fold 

cross-validation) to optimize model hyper parameters and mitigate overfitting. 

 Evaluation Metrics: Assess model performance using metrics such as accuracy, precision, and recall, F1-score, and 

AUC-ROC curve to quantify the models' ability to distinguish between stress and non-stress states. 

 

5. Interpretability and Validation: 

 Feature Importance: Use techniques like feature importance ranking (e.g., permutation importance) to interpret the 

contribution of different sleep metrics to stress detection models. 

 External Validation: Validate model robustness and generalizability across diverse demographic groups and 

clinical conditions using external datasets or independent studies. 

 

Discussion: 

The proposed methodology addresses several challenges and considerations in leveraging sleeping habits for stress 

detection:- Data Quality and Variability: Ensuring high-quality, standardized data collection is crucial for reliable stress 

inference. Addressing variability in sleep patterns across individuals and contexts enhances model accuracy and 

applicability. Model Complexity vs. Interpretability: Balancing model complexity with interpretability is essential for 

clinical adoption. Techniques like SHAP (Shapley Additive explanations) values or feature importance provide insights 

into model decision-making processes. Ethical Considerations: Safeguarding data privacy and ensuring ethical use of 

wearable technology data is paramount. Adhering to regulatory frameworks (e.g., GDPR) and obtaining informed 

consent from participants are integral to ethical research practices. Clinical Relevance: Integrating ML-driven stress 

detection into clinical practice requires validation in real-world settings and collaboration with healthcare professionals. 

Tailoring interventions based on individual stress profiles derived from sleep data can enhance personalized medicine 

approaches. 

 

In conclusion, the proposed methodology leverages advances in ML and wearable technology to transform stress 

detection based on sleeping habits into a robust and scalable approach. By systematically integrating data science 

principles with clinical insights, this research aims to contribute significantly to enhancing mental health monitoring 

and personalized stress management strategies. 
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IV. EXPERIMENTAL RESULTS 
 

 Fig.4.1 shows the problem of the stress level detector hoe it works and what is the problem statement. 

 

  

 

 

 

 

 

 

 

 

Fig.4.1 
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 Fig.4.2 shows the home page of the dataset of the stress level to predict. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.4.2 

 

 Fig.4.3 shows the prediction page to enter the details of psychological data to predict the stress. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.4.3 

 

 Fig.4.4 visualize the predicted data and the actual data. 
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V. CONCLUSIONS 
 

As a result, our study demonstrates the efficacy of the stress detection and modeling system we've suggested, with high 

accuracy rates made possible by the application of classification algorithms. Our system has the potential to be used as 

a diagnostic and therapeutic tool for children with basic mental health issues. The dataset used in our experiments 

might be expanded in future studies, and our suggested system might be put to the test in actual-world scenarios.  

 

Data preparation and processing, missing value analysis, exploratory analysis, and model construction and evaluation 

came first in the analytical process. It will be determined which algorithm has the highest accuracy score on the public 

test set. The application that can assist in determining the patient's human stress uses the founded one. 
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