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Abstract

This research paper investigates the efficacy of various machine learning
algorithms in predicting stress levels. By employing a diverse set of
algorithms, including [List of Algorithms], we aim to identify the most
accurate and reliable model for stress prediction. The study utilizes
[Dataset Information] to train and test the algorithms, evaluating their
performance based on metrics such as accuracy, precision, recall, and F1
score. The findings will contribute to the development of more effective
stress prediction models, with potential applications in healthcare,
workplace wellness, and personal well-being.
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1. Introduction

In today's fast-paced and demanding world, stress has become a pervasive concern affecting individuals across
various domains of life. Despite the growing awareness of stress-related issues, predicting and managing stress
levels remains a complex task, often relying on subjective assessments or limited predictive models. This
research seeks to enhance the accuracy and reliability of stress prediction by conducting a comparative analysis
of various machine learning algorithms, ultimately identifying the most effective approach for predicting stress
levels. The findings of this study have the potential to revolutionize stress prediction, providing more accurate
and timely insights that could inform personalized interventions, improve mental health outcomes, and
contribute to a better understanding of the factors influencing stress levels. To achieve our research objectives,
we conducted a comprehensive comparative analysis of machine learning algorithms, including [list of
algorithms], using a dataset sourced from [describe the dataset]. This approach allowed us to evaluate the
performance of each algorithm in predicting stress levels. In the following sections, we delve into the
methodology, present our findings, and discuss the implications of our research. By the conclusion, we aim to
provide valuable insights into the selection of machine learning algorithms for accurate stress prediction.

1.1 Commonly used algorithms for predictive modelling of stress levels:

The machine learning algorithms for stress prediction depends on various factors, including the nature of the
data, the complexity of the problem, and the desired interpretability of the model. Here are some commonly
used algorithms for predictive modelling of stress levels:
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Support Vector Machines (SVM): SVMs are effective for classification tasks, and they work well in scenarios
with clear class boundaries. They can be suitable for stress prediction when the data has distinct patterns.
Random Forest: Random Forest is an ensemble learning algorithm that combines multiple decision trees to
improve accuracy and robustness. It can handle non-linear relationships and interactions in the data, making it
a good candidate for stress prediction.

Logistic Regression: Despite its simplicity, logistic regression can be effective for binary classification tasks.
It provides a clear interpretation of feature importance and is computationally efficient.

K-Nearest Neighbors (KNN): KNN is a non-parametric algorithm that classifies data points based on the
majority class of their neighbors. It can be suitable for stress prediction if the underlying structure of the data
is well-represented by local patterns.

Decision Trees: Decision trees are interpretable and can capture non-linear relationships in the data. They are
easy to understand, and their results can be visually represented.

Gradient Boosting Algorithms (e.g., XGBoost, LightGBM): These algorithms build a series of weak
learners to create a strong predictive model. They often perform well in predictive tasks and can capture
complex relationships within the data.

Neural Networks: Deep learning models, such as neural networks, can be powerful for capturing intricate
patterns in data. They may be suitable for stress prediction if the dataset is large and the problem is highly
complex.

2. Research Significance

The significance of our study on predictive modelling of stress levels using machine learning algorithms lies
in its potential to address a growing concern in modern society—increasing stress-related issues. By filling
existing gaps in current approaches to stress assessment and management, our research aims to make a positive
impact on mental health outcomes. The development of accurate stress prediction models holds the promise of
early interventions and personalized strategies, ultimately improving overall well-being for individuals.
Furthermore, our findings have the potential to advance healthcare practices by contributing to the development
of more effective screening tools and intervention strategies. Workplace wellness programs can benefit from
the insights provided by predictive models, enabling employers to design targeted interventions and create
healthier work environments.

In addition to practical applications, our study contributes to the scientific community by offering a
comparative analysis of machine learning algorithms. This analysis provides valuable insights into the strengths
and weaknesses of different approaches, advancing the understanding of stress prediction methodologies.

The personalized nature of our predictive models opens up possibilities for tailored interventions, ensuring
more efficient and targeted stress management strategies for individuals. Importantly, the applicability of our
research extends beyond specific contexts, making it relevant in healthcare, education, and workplace settings.
As a foundation for future research, our study guides the way for further investigations, identifying specific
areas where additional research is needed to build on the insights gained from our comparative analysis.
Overall, the significance of our research lies in its potential to contribute to improved mental health, inform
practical interventions, and advance the scientific understanding of stress prediction.

3. Literature Review

AlSagri et al. (2020): The objective of this paper is Identify depression in users based on tweet analysis.
Methods are used by research as Data preparation, feature extraction, 10-fold cross-validation, and the use of
Decision Tree and Support Vector Machine algorithms.

Sampson et al. (2021): They find the Develop a classification tree for incident depression using methods such
as Used a 10-fold cross-validation random forest for men and women separately. Ramalingam et al. (2021):
The main finding objective is Predict depression stages using SVM algorithm, used by method as Pre-
processing, feature extraction, and SVM training.

Key Points are used textual inputs from social media with semantic algorithms for emotion analysis; achieved
detection accuracy of 82.2% for males and 70.5% for females. Narayanrao et al. (2021): The main objective is
analysing machine learning algorithms for forecasting depression using video data.

Methods: Recognition of facial emotions in videos; statistical model development. Priya et al. (2021):
Objective is analyse and predict depression and stress using stress scale questionnaire using is encoded
participant responses numerically; separated data into training and test sets.
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Key Points: Used stress scale questionnaire responses to analyse depression and stress across employed and
unemployed individuals. Zhao et al. (2021):

The is main objective being evaluate machine learning methods for measuring depression in Chinese
recruits. They used applied Beck Depression Inventory-I1 (BDI-II); assessed depression severity. Asare et al.
(2021): They studded about Investigate the potential of anticipating depression through human behaviour
analysis have studied about this and used methodology as Explored longitudinal study with smartphone data;
used machine learning techniques.

Key Points: Explored correlations between behavioural variables and depression; employed five supervised
machine learning techniques. Usman et al. (2021):

The main objective is to finding Predict depression using a machine learning approach based on facial
images.by using methods Pre-processed facial images, conducted feature extraction, and compared images.

Research Gap

The literature | have studied focuses on depression prediction using various machine learning approaches, my
paper is centred around the predictive modelling of stress levels. Although both topics are related to mental
health, it's crucial to identify specific gaps in the literature that pertain to stress prediction and the comparative
analysis of machine learning algorithms for stress-related studies

4. Methodology

The data has been collected through a series of surveys for all years from 2014 to 2020 (excluding the year
2015) conducted by OSMI (Open Sourcing Mental IlIness), "Mental Health in Tech™ [7]. It is important to note
that this survey covers both Tech and Non-Tech companies. Surveys were inspected, column names obtained,
and column headers reconciled (column headers that had the same meaning had slightly different wording:
these were reconciled to be the same). Column headers were converted into an appropriate format (hames were
shortened, and spaces were removed). For example: "Do you have a family history of mental illness?" became
"family_history_mental_illness". It was observed that the surveys from 2017 to 2020 had the same questions
in a slightly different format. The 2016 and 2014 surveys had other formats. An amalgamation of surveys from
2017 to 2020 contained 1705 responses, representing a reasonable overall sample size for undertaking
predictive modelling. Further, these surveys also included information about participants having specific
Mental Health disorders (unlike the 2014 survey). Hence, these particular surveys were chosen for analysis.

Table 1: Related work summary.

Ref. Approach Model Aim Dataset/Features
Schmidt et al. ML LDA, RF, DT, Stress detection Self-generated dataset using physical
(2018) AB using machine examination
learning
Koldijk, Neerincx & ML SVM Stress detection Human body features such as body
Kraaij (2018) using machine postures and facial expressions.
learning
Rizwan et al. (2019) ML SVM Stress detection ECG signals.
using machine
learning
Ahuja & Banga ML SVM Stress detection Self-generated dataset using physical
(2019) using machine examination

learning

Gaussian SVM Stress detection GSR, HR, breath features
using machine

learning

Salazar-Ramirez et ML
al. (2018)

Alberdi et al. (2018)

ML

SVM
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Ref. Approach Model Aim Dataset/Features
Lim et al. (2018) DL Artificial neural Stress detection EEG data
networks using machine
learning
Mahajan (2018) DL Feedforward Stress detection Temporal and peak features of EEG
neural network  using machine data
learning
Bichindaritz et al. ML K star Stress detection ECG, foot GSR, EMG, RR, and
(2017) using machine intermittent HR features
learning
Lee & Chung ML SVM Stress detection Self-reports, standard deviation,
(2016) using machine median, SC Mean, variance,
learning magnitude as feature set

subreddit_Cistribution

relationships

annety
food_pantry
sress

amosthomeless

homeless

&mesticriclence

surviversefabuse

asistance

Data Splitting

[Training] [ Testing ]

v

Stress Dataset
Hybrid Model
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Conclusion

hybrid learning approach integrating supervised, semi-supervised, self-supervised, unsupervised, and multi-
instance learning techniques can offer a more comprehensive and robust solution for predicting stress levels,
especially in situations where data is limited or the problem is multifaceted. Hybrid learning techniques involve
combining multiple machine learning methods to address complex problems and enhance overall model
performance. In the context of finding stress levels, each learning technique has its unique advantages. So
hybrid learning techniques incorporating supervised, semi-supervised, self-supervised, unsupervised, and
multi-instance learning could be beneficial.

Considerations for Hybrid Learning in Stress Prediction

Data Availability: Assess the availability of labeled and unlabeled data.

Problem Complexity: Consider the complexity of stress prediction, and choose the appropriate combination
of learning techniques.

Model Interpretability: Depending on the application, consider the interpretability of the hybrid model.
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