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ABSTRACT

Social networking websites have become a vast ‘archive’ of human expression, containing hu-
man emotions from across the globe. Recognizing stress signals within this dynamic landscape
is crucial for mental health monitoring, offering opportunities for timely intervention and sup-
port. This paper introduces a methodology integrating advanced machine learning techniques,
notably Ensemble Learning and Self-Training, with Explainable Artificial Intelligence (XAT)
to enhance stress detection capabilities. Our research follows a methodical approach, begin-
ning with foundational steps of data collection and exploratory data analysis, providing insight
into sentiments within social media interactions. Prioritizing the interpretability of model pre-
dictions, our methodology aims to build trust and offer meaningful insights for end-users and
mental health professionals. Subsequent phases involve data preprocessing, and refining textual
data to extract subtle indicators of stress. The core of our methodology is the fusion of En-

ible Learning and Self-Training, strategically combining diverse learners to iteratively refine
the model using labeled and unlabeled data. With the help of XAl we seek to deliver clearly
and straightforwardly noticeable insights relating to decision-making produced by our stress de-
tection model. Summing up the presented approach significantly contributes to mental health
analyties taking a step forward toward better stress detection by a technical framework with an

enhanced accuracy of 91.67%.

Keywords: Sentiments, Mental Health, Stress, Ensemble Learning, Self-Training, Explainable
Artificial Intelligence (XATI).
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The following list provides descriptions of various symbols and abbreviations that will be uti-

lized in the subsequent sections of the document.
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LR : Linear Regression

EST : EnsembleSelfTrain
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Chapter 1

Introduction

1.1 Overview

The widespread use of digital communication has turned social media platforms into vast spaces
where people express their thoughts and feelings. In this extensive online world, detecting stress
signals becomes crucial for monitoring tal health and providing timely support to those
dealing with stress. Drawing inspiration from the works of Nijhawan et al. [1], KVTKN et al.
[2], Khan and Sarkar [3], Yu and Sano [4] and others in the field, our thesis introduces a novel
approach that integrates Explainable Artificial Intelligence (XAI) with Ensemble Learning and

Self-Training to enhance stress detection in the domain of social media.

We started our exploration by taking essential steps in collecting and analyzing data and un-
covering complex patterns in social media texts. Importantly, our method focuses on making
model predictions easy to understand, aiming to build trust among users and mental health
professionals. Following steps carefully prepare the data, distilling expressions related to stress.
Building upon the insights provided by, Rabani et al. [5], Ansari et al. [6], Martino and Del-
mastro [7], Webb and Zheng [8] and others who explore the domain of ensemble learning, the
fusion of Ensemble Learning and Self-Training eulminates in a model that continuously refines

itself through exposure to hoth labeled and unlabeled data.

Our thesis aims to provide insight into the XAl world regarding how one makes decisiopgaising a
stress detection model. By integrating XAl techniques, inspired by the works of Uban et al. [9],
Angelov et al. [10], Arrieta et al. [11] and others, our objective is to provide transparent insights
into the features and patterns influencing stress predictions, fostering a profound understanding

of the model’s outcomes.




Chapter 1. Introduction 2

In summary, “EST: A Semi-supervised ensemble approach for Explainable Al-driven stress de-
tection in social media.” represents noteworthy progress in developing strong and transparent
stress detection models. With Ensemble Learning, Self-Training, and XAl at its core, this
methodology seeks to provide effective and easily understandable solutions in the crucial do-

main of mental health monitoring,.

This study presents several key contributions:

Introduced a method of combining Ensemble Learning, Self-Training and XAI. Thus,

increasing accuracy while maintaining transparency in the analytics of mental health.

Enhanced stress detection by utilizing Word2Vec Word Embedding Models, enabling the

model to decipher subtle stress patterns in diverse social media texts.

e Created a model which shows greater sensitivity to various stress indicators, contributing

to a more resilient and effective stress signal decoding process.

Ensured transparency and interpretability through the incorporation of Explainable Al
techniques, allowing for deeper insight into what is happening in the stress detection

algorithm.

1.2 Motivation and Scope of the Research

Influenced by increasing instances of stress in digital spaces, our research aims to develop a
methodology at the intersection of machine learning and mental health analytics. The imme-
diate need for early stress identification serves as the driving force, highlighting the significant
contribution of cutting-edge machine learning. Our scope includes building a strong model using
Explainable Al, Ensemble Learning, and Self-Training combined for improved transparency and
accuracy. Our goal goes bevond theoretical developments to practical application, promoting

mental health support in virtual spaces.

1.3 Problem Statement

In the era of widespread digital communication and social media interaction, there exists an
escalating need for effective and interpretable methods to detect stress signals within the vast

landscape of online expressions. The challenge lies in developing a stress detection model that
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not only achieves high accuracy but also provides transparent insights into its decision-making
processes. Traditional machine learning models may lack the capacity to offer explanations for
their predictions, hindering their utility in applications requiring a deep understanding of stress
indicators. Addressing this gap becomes imperative for advancing mental health monitoring
capabilities and facilitating timely support for individuals experiencing stressors in their online
interactions. The research aims to devise an innovative solution by fusing Ensemble Learning
and Self-Training methodologies. To clarify our results, we emploved explainable Al provid-
ing insights into how our model functions effectively. Additionally, we used visualizations to

highlight specific words that significantly influence the results.

1.4 Research Objectives

The primary goals that we are tried to achieve with this work here:

e We aimed to develop and va@ate an integrated methodology (Ensemble Learning, Self-
Training, and XAI) for stress detection in social media, with the goal of advancing accuracy

and transparency in mental health analytics.

e Qur objective was to investigate Word Embedding Models with Word2Vec to capture
nuanced stress patterns. We seek to increase sensitivity to diverse indicators, making the

stress detection model more robust and effective.

e Our goal was to ensure practical applicability in machine learning and mental health

analytics.

e Our research aimed to explore real-world applications and implications of the methodology,
providing valuable insights for both academic research and practical implementations in

mental health contexts.

1.5 Organization of the Thesis

The thesis sees a systematic approach to the study of topic under research question. The
proposed methodology is based upon a comprehensive literature review presented in Chapter
2. In Chapter 3 we present the proposed methodology, focusing on Ensemble Learning, Self-
Training and Explainable Al. Chapter 4 discusses the experimentation setting and findings,
emphasizing subtle stress pattern capture as well as performance resilience. Chapter 5 addressed

contributions and future directions.




Chapter 2

Literature Review

This chapter addresses machine learning applications of mental health monitoring via social
media analysis from the literature review. Includes a range of studies on different ML algorithms
such as ensemble learning, semi-supervised learning and transparency issues in Al models. These
observations reveal the changing environment and threats in a sector; innovative methods, as
well as e¢lear models are necessary for using social media data respectively to be able to determine

positive indicators of mental health.

Nijhawan et al. [1] employed machine learning (ML), BERT, and Latent Dirichlet Allocation
(LDA) techniques to achieve high accuracy in stress detection from social media interactions.
Their study suggested exploring the integration of additional health parameters and enhancing
the interpretability of LDA results to further advance stress detection methodologies. By focus-
ing on the nuanced interactions on social media platforms, this work provides valuable insights
into the complex dy ics of stress expression and detection in online communities. The find-
ings from this study contribute to the development of more effective strategies for monitoring

mental health indicators in digital environments.

KVTKN, Prashanth, and Tene Ramakrishnudu [2] proposed a novel semi-supervised stress
detection method named 'SMTSD,” which leverages logistic regression and sarcasm information.
Their approach outperformed existing techniques, addressing the challenge of limited labeled
data and underutilization of sarcasm in stress detection. By filling a critical research gap,
this study opens up avenues for further exploration in semi-supervised learning approaches for
stress detection, suggesting future research directions such as multi-task learning to enhance
stress and sarcasm detection concurrently. This work not only enhances our understanding of
stress detection in social media discourse but also provides practical implications for improving

mental health monitoring strategies.
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Nibraas Khan and Nilanjan Sarkar [3] utilized Semi-Supervised Generative Adversarial Net-
works (GANS) for cost-efficient stress detection nsing partially labeled physiological data. Their
study addressed the challenge of expensive labeling by demonstrating %ﬂ, effectiveness of semi-
supervised learning algorithms on the WESAD dataset. However, the research highlighted the
need for further investigation into the expensive labeling of physiological data for affective state
detection. By exploring cost-efficient methods for stress detection, future studies can contribute

to the development of scalable and accessible mental health monitoring solutions.

Han Yu and Akane Eo [4] leveraged laheled wearable sensor data for stress detection using
data augmentation, auto-encoder pre-training, and semi-supervised learning techniques. While
their study demonstrated significant performance improvements on three datasets, it also em-
phasized the importance of model interpretability. Future work suggested by the research in-
cludes investigating personalization and interpretation techniques to enhance stress detection
accuracy and usability. By addressing these research gaps, future studies can develop more

effective and user-friendly stress monitoring systems for diverse populations.

?i!ed Tanzeel Rabani, Qamar Rayees Khan, and Akib Mohi Ud Din Khanday [5] analyzed
suicidal ideation on Twitter using manual annotation and machine learning techniques such
as Random Forest. While their study acknowledged the power of prediction uncertainty, it
also identified several areas for future research, including incorporating questionnaire inputs,
analyzing user connectivity, exploring blog posts, and investigating deep learning algorithms
for multi-class classification. By addressing these research gaps, future studies can advance our
understanding of suicidal behavior detection on social media platforms and improve intervention

strategies to support at-risk individuals.

In their study, Luna Ansari et al. [ﬁ] trained text classifiers for depression detection, demon-
strating that ensemble models outperformed individual classifiers. Despite their findings, the
research identified a need for further exploration, including experimenting with different text
classification madels and incorporating features like Part-Of-Speech (POS) tags for enhanced
performance. ? addressing this research gap, future studies can contribute to the development
of more robust and accurate depression detection systems, ultimately improving mental health

monitoring and intervention strategies.

F. D. Martino and F. Delmastro [7] utilized c;emble learners and Recurrent Neural Networks
(RNNs) on the WESAD dataset for high-resolution stress detection. While their work demon-

ated advancements in physiological stress prediction, it identified a research gap in exploring
%impact of COVID-19 on older adults’ stress levels and the effectiveness of transfer learn-

ing in stress detection tasks. This study highlights the need for further investigation into the
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intersection of stress monitoring and global health crises, as well as the potential benefits of

leveraging transfer learning techniques for improved stress detection models.

Webh, aoﬁ'rey I, and Zijian Zheng [8] explored multistrategy ensemble learning to improve
accuracy by increasing diversity. Their study developed techniques with higher accuracy and
highlighte need for further investigation with different base learners and ensemble sizes. By
addl‘essingdﬁ trade-off between diversity and test error, future studies can optimize ensemble

learning strategies for better performance across diverse datasets and applications.

Uban et al. [9] explored the explainability of depression detection on social media platforms
using neural network models and linguistic features. Their study identified a gap in the limited
exploration of explainability in mental disorder detection and highlighted%qe potential henefits
of multimodal approaches. By investigating the explainability of depression detection models,
future studies can enhance our understanding of model behavior and improve the interpretability

of mental health monitoring systems in digital environments.

Angelov, Plamen P., et al. [10] conducted an analytical review of explainable artificial intel-
ligence (XAI), emphasizing the importance of XAI and outlining its applications, challenges,
and future directions. The study identified challenges in XAl and stressed the importance of
user rights aﬁ trustworthy Al systems. By providing a comprehensive analysis of XAl this
work serves as a valuable resource for researchers and practitioners interested in developing

transparent and interpretable Al systems.

Arrieta, Alejandro Barredo, et al. [11] conducted a literature review on explainable artificial
intelligence (XAI), providing a taxonomy of recent contributions and discussing challenges and
opportunities for responsible AIl. The study highlighted the need for a comprehensive under-
standing of the potential and limitations of XAl techniques. By addresqingru challenges and
opportunities in XAl, this work lays the foundation for developing responsible and trustworthy

AT systems.

Quader et al. [1& conducted a comprehensive study spanning from 2017 to 2021, focusing on
utilizing various machine learning, ensemble, and deep learning techniques to classify depressive
posts on Reddit. Their research showcased the effectiveness of models like BERT and LSTM
in accurately identifying depressive content, especially in recent data. The study addressed
a notable research gap, highlighting the scarcity of recent, advanced studies on depression
detection, with traditional methods dominating the field. By emphasizing the need for advanced
models such as BERT and LSTM for more context-aware deﬁtion‘ this work sets a foundation
for future research in leveraging sophisticated techniques for mental health monitoring on social

media platforms.
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51
Osman et al. [13] conducted a comprehensive review of 52 studies employing machine learning

L) and deep learning (DL) techniques in mental health analysis, with a specific focus on
%pport Vector Machines (SVM) and Convolutional Neural Networks (CNN). Despite significant
progress in the field, the study identified persistent challenges, including the incorporation of
diverse criteria and biases arising from the reliance on social media data. By critically evaluating
existing methodologies, this work provides valuable insights into the current landscape of ML
and DL applications in mental health analysis, guiding future research towards addressing key
challenges and improving the efficacy of computational approaches for mental disorder detection

and monitoring,

Alban Maxhuni et al. [14] employed mi-supervised learning, ensemble methods, and transfer
learning for stress modeling using scarce smartphone data. While their work demonstrated
promising results, it also identified a research gap in understanding the detrimental effects of
transfer learning from dissimilar subjects. This study emphasizes the need for further explo-
ration to enhance our understanding of transfer learning techniques and their implications for
stress prediction models, ultimately improving the accuracy and reliability of stress monitoring

systems in real-world settings.

Huijie Lin @al. [15] developed a hybrid model (FGM + CNN) for stress detection on social
media platforms. Their study found a higher number of sparse social structures among stressed
users, highlighting the importance of understanding social dynamics in stress detection. How-
ever, the research identified a gap in understanding the reasons for social structure differences

d their implications for stress detection. By addressing this research gap, future studies can
improve the accuracy and reliability of stress detection models by incorporating social network
analysis techniques.

Xin Wang et al. [L6] proposed a meta-learning-based stress category detection framework using

a Dependency Graph Convolutiongl Network, Mixture of Experts, and Relation Module. Their
study addressed the challenge of ?@tecting rarely appeared stress categories on social media
platforms without relying on lexicon-hased methods. By demonstrating strong generalization
capabilities with limited labeled data, this research provides valuable insights into the develop-
-79' of robust stress category detection models. Future studies can build upon these findings

to improve the accuracy and scalability of stress monitoring systems in digital environments.

Banerjee et al. [17] conducted an analysis of stress among tech professionals using explainable
AT (XAI) techniques. While their study provided valuable insights into the factors contributing
to work-related stress, it also identified a research gap in the lack of reported research on flexible

systems using XAl to identify work stressors affecting tech professionals. By addressing this
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gap, future studies can develop more effective and user-centered Al systems for identifving and

mitigating work-related stress in the tech industry.

Dong, Xibin, et al. [18] conducted a survey on ensemble learning approaches, acknowledging
the need for more efforts to enhance ensemble model performance, especially with complex
pattern data. The study identified several challenges in ensemble learning and suggested fur-
ther research to address these challenges. By providing a comprehensive overview of ensemble
learning methodologies, this work serves as a valuable resource for researchers and practitioners

interested in leveraging ensemble techniques for various applications.

Zhou, Zhi-Hua [19] presented an overview of various ensemble learning techniques, focusing
on presenting ensemble learning methodologies. The study provided insights into the princi-
ples and applications of ensemble learning, serving as a valuable reference for researchers and
practitioners interested in leveraging ensemble techniques for machine learning tasks.

65
Seeger, Matthias [20] proposed a taxonomy for categorizing semi-supervised learning methods,

addressing the need for a systematic classification. By providing a structured framework for
understanding semi-supervised learning techniques, this work facilitates the comparison and
evaluation of different approaches, guiding researchers in selecting the most appropriate methods

for their specific applications.

Hady, Mohamed Farouk Abdel, Schwenker [21] discussed various aspects of semi-supervised
learning, providing insights into the principles, algorithms, and applications of semi-supervised
learning. While the study did not specify a particular research gap, it contributed to the un-
derstanding g#:emi-supervised learning technicques and their potential implications for machine

learning tasks.

Zou, Yang, al. [22] proposed a Confidence Regnlarized Self-Training (CRST) framework for
unsupervised domain adaptation, addressing the research gap in exploring novel regularizations
for improved inductive biases in unsupervised domain adaptation and semi-supervised learning
problems. By introducing a novel regularization technique, this work extends the capabilities
of self-training methods and provides insights into enhancing the generalization performance of

machine learning models in domain adaptation scenarios.

Vilogg, Ginlia, and Luca Longo [23] conducted a systematic review of X AT studies, highlighting
the lack of consensus on the definition and assessment of explanation validity. The study
emphasized the importance of developing standardized evaluation approaches for XAl methods.
By addressing the challenges in XAl evaluation, this work contributes to the advancement of

transparent and interpretable Al systems.
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Dwivedi, Rudresh, et al. [24] conducted a survey on state-of-the-art programming techniques

for explainable Al (XAI), emphasizing the importance of transparency and interpretability
in intelligent machines. The study discussed various XAl techniques and their applications
across different domains. By providing insights into core ideas and techniques in XAl this
work facilitates the development of transparent and interpretable Al systems for real-world

applications.

Dosilovié, Filip Karlo, Mario Bréié, and Nikica Hlupié [25] reviewed recent developments in
explainable artificial intelligence (X AT), addressing trust-related problems and incomplete for-
malization of complex notions. The study highlighted the importance of transparency and
interpretability in Al systems and proposed directions for future research. By providing a
comprehensive overview of XAl, this work contributes to the advancement of transparent and

trustworthy Al systems.

Nadhila Nurdin et al. [26] proposed gdirectional LSTM and Bi-GRU-LSTM-CNN models
for Sentiment Analysis, analyzing using XAI methods. The research suggests exploring pre-
trained word embeddings for improved sentiment extension. This study lays the foundation
for enhancing the interpretability of NLP models and understanding the underlying factors

influencing model predictions.

E—\DIA FELIX F. DA SILVA, LUIZ F. 5. COLETTA, and %UARDO R. HRUSCHKA [27]
conducted a comprehensive survey and comparative study of Semi-Supervised Learning (SSL)
approaches for tweet sentiment analysis. The research identified challenges and proposed future
research directions. This work provides valuable insights into the application of semi-supervised

learning techniques for sentiment analysis tasks, guiding future research in this domain.

Xin Wang et al. [28] developed stress-speciﬁc word embedding learning framework based on
the pre-trained language model BERT. The study addressed the need for better stress-specific
embeddings by leveraging BERT and proposed self-supervised contrastive learning tasks for
enhanced sensitivity to stressors and stressful emotions. By improving the representation of
stress-related concepts in word embeddings, this research enhances the performance of stress

detection models, particularly in scenarios with limited labeled data.

In summary, t papers collectively offer a comprehensive view of the current state and ad-
vancements in machine learning, ensemble learning, and XAl in the context of mental health
monitoring. They underscore the importance of innovative me ologies to address data limi-
tations, the need for transparent and explainable models, and the potential of social media as

a rich source of mental health indicators.
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Methodology

3.1 Introduction

In this study, a structured approach is used to analyvze a dataset. Using the Datalrame, we
performed data preprocessing, conduct Word2Vec for text analysis and then refine these mod-
els by applying Self-Training as well as a Voting Classifier. Explainable artificial intelligence

increases interpretability of models leading to subtle conclusions.

3.2 Experimental Setup

Integrated Development Environment (IDE): We implemented our suggested concept
using Google Pro, which is the premium version of Google Colab. It gives high runtime on
the one hand and common rungimes for shaping. The experiment was then run on a PC with
Windgws 11 installed, an 11th @neration Intel Core i5-1135G7 processor clocked at 2.40 and
2.42%
Python.

z, 8.00 GB of RAM, and a 64-bit operating system. Our programming language was

3.3 Data Preprocessing

%ter reading the CSV file, there are some data preparation operations performed on it so that
we can have clean and transformed raw data. To ensure that the work is easy and efficient,

we pre-process data after extraction using different NLP tools. But some data don't play any

10
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role in stress detection since they only imply a process that is more repetitive. In such a case,

preprocessing becomes an important concern.

Datiset Drop Unnecessary Encodxlng Target
Columns variables
: . Remove Empty Remove User Word2Vec
Remove Emails HRemove HyperlmkH Soacs Mentions Fpmeenisiion

Fig. 3.1. Data preprocessing steps

Remove

Stopwords Decontrating

Drop Unnecessary Columns: The first datasets were checked, and columns that seemed
useless or irrelevant for the stress detection analysis process were then dropped to clear up data
in order to simplify it.

Encoding Target Variables: The target variables were converted into the numerical values
that symbolize stress levels. This encoding is a step that plays an important role in helping
machine learning algorithms understand the stress labels.

Remove Stopwords: The natural language process removed common stopwords such as “the”,

“and”, “an”, and “is”, were irrelevant to meaningful content. This step serves as a noise-reducing
measure to improve stress detection models’ accuracy.

Decontraction: The text was expanded to include contractions like “won’t” to “will not” and
“can’t” to "cannot”. The process of decontraction ensures consistency in word representation
and standardizes the language.

Remove Emails: Emails that appeared in the patient information were deleted. Not being
associated with stress pattern identification, email addresses as variables are extraneous and
that is why their omission simplifies the dataset.

Remove Hyperlinks: Text hyperlink was not included. These links frequently have no relation
to stress detection and may contain noise that affects the accuracy of models.

Remove Empty Space: Any remaining gaps or unnecessary random spaces in the text were
deleted. This step monitors the consistency of data and improves stress model recognition
patterns.

Remove User Mentions: The User mentions, like “@username”, were removed instances.
Mentions of users could be regarded as noise in the dataset, and they might not make much

contribution to stress detection.
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Fig. 3.2. Stress Word Visualization of a dataset

3.4 Feature Extraction

The transformation of raw textual data into meaningful features is crucial for effective stress
detection. Two key techniques were employed for feature extraction: Bigrams and Word Em-
beddings (Word2Vec).

Bigrams: Bigrams capture the co-occurrence of consecutive words in the text, represented as

Bi(w;, w;r1). The bigram set B is defined as
B = {Bi(wi, wist1)} (3.1)

Incorporating bigrams enhances the model’s sensitivity to specific word combinations or phrases

associated with stress, providing a localized understanding of language patterns.

a
Word Embeddings (Word2Vec): Word2Vec repgesents words as dense vectors in a contin-

uous vector space. The embedding function W for a word w is defined as
W(w) — R¢ (3.2)

where d is the dimensionality of the vector space. The Word2Vec representations enable the

model to capture semantic relationships and contextual meanings of words.
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3.5 Feature Selection

Feature selection involved filtering out irrelevant or redundant features to optimize model per-
formance. Let X represent the set of features extracted from both bigrams and Word2Vec

representations. The selected feature set X' is obtained through a feature selection function £'S

X' = FS(X) (3.3)

62
The goal of feature selection is to retain the most informative features while discarding less

relevant ones.

By combining localized insights from bigrams and contextual understanding from Word2Vec,
our feature extraction and selection process ensures a comprehensive representation of textual
content. This strategic approach enhances the subsequent stages of the stress detection model,
contributing to its accuracy and effectiveness in deciphering stress signals within social media

interactions.

3.6 Model Selection and Training

This section explores the methodology involved in constgucting an efficient stress detection
model. This involves carefully selecting ensemble models, including Random Forest, Gradient
Boosting, Support Vector Machine, k-Nearest Neighbors, Naive Bayes, and Decision Tree. The
central aspect of the process revolves around incorporating these classifiers into the innova-
tive EST model. The subsequent stages navigate the complexities of self-training, integrating
pseudo-labeling to angment the labeled dataset with confident predictions from the ensemble.
This section provides a brief but analytical review of the selected models and the training
method, explaining how ensemble learning combined with self-training approaches is brought

together.

3.6.1 Voting Ensemble Classifier:

The Voting Ensemble Classifier represents a sophisticated fusion of multiple classification mod-
els, each offering its unique perspective on the data. This ensemble approach capitalizes on
the diversity among the base classifiers to enhance the overall predictive performance. The
ensemble’s strength lies in its ability to mitigate the weaknesses of individual classifiers while

leveraging their collective intelligence.
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In building a Voting Ensemble, the selection of base classifiers is paramount. Each classifier
should exhibit complementary strengths and weaknesses, ensuring that they capture diverse
aspects of the data distribution. For example, a combination of decision tree-based algorithms
like RandomForest and GradientBoosting with linear classifiers like Support Vector Machines
(SVM) or logistic regression can offer a rich blend of model characteristics, leading to improved

generalization and robustness.

Furthermore, the aggregation strategy employed in the voting process can significantly impact
the ensemble’s performance. While simple majority voting is often effective, more sophisticated
approaches, such as weighted voting or stacking, can further optimize the decision-making pro-
cess by assigning different weights to each base classifier based on their individual performance

metrics or domain expertise.

RF
Classifier
KINN
Prediction 2

» SVM —
— Classifier Prediction 3
I~ Ensemble
Input Data Sample Data Soft Voting / Ersente
T E

Classifier

oT -
—>»  Classifier Prediction 5

GB o
Prediction 6

Fig. 3.3. Soft Voting Ensemble Classifier

To maintain diversity and garevent overfitting, hniques like bagging and boosting can be
applied. Bagging involves training multiple instances of the same base classifier on different
subsets of the trainige data and aggregating their predictions, thereby reducing variance and
improving stability. Boosting, on the other hand, focuses on sequentially training weak learners,
with each subsequent learner aiming to correct the errors of its predecessors, resulting in a more

accurate final model.

The versatility of the Voting Ensemble Classifier makes it well-suited for various machine learn-
ing tasks, ranging from classification and regression to anomaly detection and ensemble pruning.
Its ability to harness the collective wisdom of diverse classifiers not only enhances predictive
performance but also fosters interpretability and trust, crucial aspects in real-world applications

where model decisions impact human lives and decision-making processes.
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3.6.2 Self-Training:

Self-Training, also known as self-supervised learning or pseudo-labeling, represents a paradigm
shift in supervised learning by embracing the vast amounts of unlabeled data available in many
real-world scenarios. The core principle behind self-training is to iteratively refine a model’s
predictions on unlabeled data and incorporate them into the training process to improve its

per formance.

At the heart of the self-training loop lies the generation of pseudo-labels for unlabeled data.
These pseudo-labels are essentially model predictions, treated as ground truth labels during
the training phase. However, the reliability of pseudo-labels can vary significantly, posing a

significant challenge in the self-training framework.

To address this challenge, various strategies can be employed to filter out unreliable pseudo-
labels. Confidence thresholds, for instance, can be used to accept only those pseudo-labels for
which the model exhibits a high level of confidence. Alternatively, ensemble-based approaches,
where pseudo-labels are validated across multiple models or iterations, can help improve the

robustness of the self-training process.

Train a Model with —\

m Labeled Data
Labeled
U&ff\ln-_? Data
se Model Step -4
to label gtg?J Pseudo-Labeled Data
Unlabeled Data : °“t!“”f is added to
7= o) el > ‘< Labeled Data
Both are used in
Model training
Pseudo-
Un:;m:t{:ed , | Labeled
Data
Step-3
Examples labeled with

high confidence are

accepted as Pseudo-Labeled

and removed from
Unlabeled Data

Fig. 3.4. Self Training
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Another critical aspect of self-trajning is the augmentation of the training dataset with pseudo-
labeled instances. By combining labeled and pseundo-labeled data, the model gains access to a
more diverse and representative sample of the underlying data distribution, leading to improved

generalization and robustness.

The iterative nature of self-training allows the model to continuously refine its predictions and
adapt to evolving data distributions over time. Through multiple training iterations, the model

gradually learns to generalize better, resulting in improved performance on the target task.

Despite its effectiveness, self-training is not without limitations. The reliance on pseudo-labels
introduces the risk of error propagation, where incorrect labels may propagate through sub-
sequent iterations, leading to model degradation. Additionally, self-training requires careful
tuning of hyperparameters and validation strategies to ensure optimal performance and prevent

overfitting,

3.6.3 Explainable Al (XAI):

Explainable Al (ﬁl) encompasses a diverse set of techniques and methodologies aimed at
enhancine the interpretability, transparency, and accountability of machine learning models. In
an era where Al systems are increasingly integrated into critical decision-making processes, XAl

plays a erucial role in building trust and understanding among users and stakeholders.

Feature importance analysis is a foundational component of XAl providing insights into the
relative contribution of input features to the model’s predictions. By quantifying feature im-
portance scores, stakeholders can identify influential features, discern relevant patterns in the
data, and validate the model's decision-making process. Here is an example:

In addition to feature importance analysis, visualization techniques such as partial dependence

plots individual conditional expectation (ICE) plots offer intuitive visual representations
of the relati ip between input features and model predictions. These visualizations enable
stakeholders to explore the effects of individual features on the model’s output, uncover complex

interactions, and gain deeper insights into the underlying data dynamics.

Local interpretability techniques, such as SHAP (SHapley Additive exﬁnations} values, pro-
vide fine-grained explanations for individual predictions. By attributing the contribution of each
feature to the model's output for a specific instance, SHAP values offer localized insights into

the rationale behind the model’s decisions, facilitating trust, and understanding among users.
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Explainable Al (XAl) [ Stakeholders |

| Domain Expert
Managers!
Business Owners

Fig. 3.5. Example of Explainable Al (XAl)
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Furthermore, model-agnostic approaches to XAIL such as LIME (Local Interpretable Model-
agnostic Explanations), provide interpretable explanations for complex black-box models. By
generating locally faithful approximations of model behavior, LIME enables users to understand

and validate model predictions across a wide range of applications and domains.

Overall, XAl serves as a bridge between complex machine learning models and end-users, fa-
cilitating transparent, accountable, and trustworthy Al systems. By providing interpretable
explanations for model predictions, XAl empowers users to make informed decisions, diagnose
model behavior, and address potential biases or errors, ultimately enhancing the adoption and

acceptance of Al technologies in real-world applications.
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3.7 Work Procedure

The research used a systematic methodology of analysis for the data set under investigation.
A Data Frame structure was used to load the dataset that involved categorical variables in a
specific way using appropriate actions aimed at improving data quality. A number of different
text preprocessing approaches were performed that included methods for cleaning up the texts,
and filtering mechanisms to identify relevant words in preparation for further analysis.

The use of this word embedding model with the help of Word2Vec was developed and imple-
mented. This was achieved by training the Word2Vec model on the dataset and via Vectors
produced from a trained Word2Vec Model, which deepens understanding of textual content.
For ease of analysis in the subsequent step,lque dataset was divided into labeled and unla-
beled data sets. In turn, the Self-Training methodology was implemented on both labeled and

unlabeled data to allow models iteratively improve their accuracy.
Ly=LUlU (3.4)

here L, is the labeled set at iteration #, L is the initial labeled set, and U, is the set of pseu-
dolabeled instances selected based on confidence at iteration f.
A complex Voting Classifier was developed based on the partitioned data, with several algo-

rithms used to improve the forecasting power of ensemble model.

Usaft = 72%} W}.-I}
> j=1 W

here N is the number of models. ﬁhe prediction of model j, and W} is the weight assigned
to j.

Moreover, Explainable Al methods were used to illuminate the decision-making process of the
models and reveal some factors that made predictions as they did.

In general, the methodology emploved a comprehensive approach in which text preprocessing
was used along with advanced modelling techniques and Explainable Al to extract valuable

insights from the dataset for improving model interpretability.
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3.8 Schematic Diagram of the Proposed Model:
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3.9 Proposed Algorithm

The algorithm presented in our work follows a sequential approach and consists of the following

steps:

Algorithm 1: EnsembleSelfTrain

1. Require:
Whole dataset D?aining set ratio a; Ensemble of algorithms (h, hl, h2, h3);
Tteration times i; Set of labeled training instances L;
Set of unlabeled training instances U;Confidence threshold C';

2. Pre-process:
Split D into labeled L and unlabeled U;
U Initialize individual models within an ensemble E;
Train the ensemble E on the labeled training data L:

3. Procedure:

1. for each iteration in thegmnee 1 to i do

2 Use the ensemble E to predict pseudo-labels for the unlabeled data U
3: Filter pseudo-labels based on the confidence threshold C.

4 Combine pseudo-labels with the original labeled data L

5: enJ—letrain the ensemble E on the combined data.




[10)]
Chapter 4

Results and Discussions

4.1 Introduction

In this chapter, we provide the findings of our research and discuss several issues surrounding
them. The section below will elaborate on the predominant conclusions and offer some implica-
tions and significance of results. The aim of the discussion is to provide a synthesis between the
study outcomes and their broader implications from what was discussed in research objectives,

hence offering an overall comprehension on how such contributions can be implemented.

4.2 Dataset Description

nhe data used in this study comes from Kaggle and concerns conversations on mental health
topics via Twitter or Reddit. The labeled and unlabeled Mental Health Corpus from Twit-
ter is large reaching nearly 28,000 tweets. The Human Stress Prediction dataset for Reddit
wherein only stress-related language was focused and labeled posts were used for future learn-
ing. Dreaddit, another Reddit dataset that strives to be smaller though labeled and able for
targeted analysis. The Depression: The Reddit Dataset consists of more than 7,700 posts fo-

cusing on stress content with a bigger volume suitable for comprehensive analysis.

21
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Data Feature | Number | Labeled | Unlabeled
Dataset -

Source Type of posts | posts posts
Mental Health -\ 5o | Textual | 27077 | 5506 | 22381
Corpus
Human Stress | oo j4it | Textual | 2838 568 2270
Prediction
Dreaddit Reddit | Textual | 715 143 572
Depression: . - - .
Reddit Dataset Reddit | Textual | 7731 1546 6185

TabLE 4.1: The details of posts

4.3 FEvaluation Metrics:

The Confysion Matrix serves as a pivotal tool in assessing the effectiveness of various machine
learning models, aiding in the selection of the most suitable model among ﬁse employed.
When evaluating a model based not only on accuracy but als metrics like precision, recall,
and Fl-score, the Confusion Matrix plays a crucial role. It comprises four key values: True
Positive, True Negative, False Egsitive, and False Negative. The interpretation of these values
is elucidated below to calculate %Zcu.racy, Precision, Recall, and Fl-score.

True Positive (IP): Indicates how accurately the model classified positive samples as posi-
tive. Conversely, Ealse Positive (FP) represents instances where the model incorrectly classified
negative samples as positive.

True Negative (TN): Signifies the instances in which the model correctly identified negative
samples as negative. False Negatives (FN) denote the frequency with which the model erro-
neously identified positive samples as negative.

Accuracy: A measure of the percentage of correct predictions, accounting for both positive

and negative cases. The formula is given by:

%curac —| | (4.1)
Y=TP+TN+FP+FN :

Precisi@ The ratio of correctly predicted positive cases to all predicted positive cases, demon-

strating the accuracy of positive predictions. The formula is expressed as:
e TP
recision = ———— 4.2
TP+ FP (42)

Recall (Sensi‘@ity): Indicates the percentage of positive class instances out of all positive

cases identified by the model. It is calculated as:

TP

eall = ————
Reca TP+ FN

(4.3)
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F1 Score: A composite metric assessing.the model’'s accuracy based on precision and recall. It

is computed by averaging the precision and recall values and is given hy:

- 2 x Precision x Recall
~ Precision + Recall

(4.4)

The F1 Score becomes particularly relevant when False Positive and False Negative haw@if—
fering costs, making it a valuable metric to consider alongside Accuracy. The inclusion of both
false positives and false negatives in the calculation underscores the F'1 Score's comprehensive

evaluation of model performance.

4.4 Result Anaylsis

The insembleSelfTrain (EST) model, leveraging a diverse ensemble encompassing Random For-
est, @radient Boosting, Support Vector Machine, k-Nearest Neighbors, Naive Bayes, and Deci-
sion Tree, coupled with a self-training mechanism, exhibits healthy and consistent performance
across various datasets. The iterative self-training process involves predicting pseudo-labels for
unlabeled data using Soft Voting ensemble, filtering these pseudo-labels based on a predefined
confidence threshold, and merging them with the original labeled data to create an augmented
training set. The Soft Voting ensemble model is then retrained on this augmented data, iterat-

ing through this process within a specified range.

Dataset Accuracy (%) | Recall | Precision | F1-Score
Mental Health | g o 0.8929 | 0.9124 | 0.9025
Corpus

Human Stress | o 7) 08971 | 0.9146 | 0.9057
Prediction

Dreaddit 91.67 0.0167 | 0.9271 | 0.9218
Depression: 89.52 0.8952 | 0.8944 | 0.9044

Reddit Dataset

TABLE 4.2: Results of EST in our datasets

The outcomes, as presented in the tabulated results, showcase notable achievements of the EST
model. Consistently high accuracy is observed across all datasets, with Dreaddit reachigg an
impressive 91.67%. F1-Score values, reflecting a balance betweengmrecision and recall, range
from 0.892 to 0.914, indicating the model’s proficiency in handling both false positives and false
negatives. Strong recall values (0.8929 to 0.9167) highlight the model’s effectiveness in identi-

fying positive instances, a crucial aspect in stress detection. Precision values (0.8944 to 0.9271)
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underscore the model’s capability to minimize false positives. The accuracy, Fl-score, recall,

and precision metrics are displayed for the EST model across the fonr datasets are shown in

Accuracy F1-Score Recall Precision

Figure 4.1

0.

o]

0.

[=)]

0.

I

0.

M

® Mental Health Corpus  ® Human Stress Prediction m Dreaddit m Depression: Reddit Dataset
Fig. 4.1. Results of EST in our datasets

The iterative self-training process enhances the model’s adaptability, enabling it to iteratively
refine predictions. This adaptability is evident in the consistent improvement of performance
metrics. With its diverse ensemble and effective self-training strategy, the EST model emerges
as a promising approach for stress detection, showcasing versatility and potential for practical

applications in the domain of mental health analytics.

Explainable Artificial Intelligence (X AI) Insights:

In our pursuit of ensuring transparency in stress predictions, we implemented Explainable Ar-
tificial Intelligence (XAI) techniques to present the underlying logie of the EnsembleSelfTrain
(EST) model. This section focuses on providing a glimpse into the interpretability achieved

through prediction probabilities and highlighted words.

For each post, the EST model generates prediction probabilities for stress and non-stress cat-
egories. These probabilities offer insights into g model’s confidence in its predictions. For
instance, a probability of 0.77 for “stressed” indicates a high likelihood of the post being cat-

egorized as stressed, while 0.23 for “Not stressed” implies a lower confidence in the non-stress
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classification. This transparency aids users and stakeholders understanding the model’s
decision-making process. To further enhance transparency, we present highlichted words that
contribute significantly to the model’s predictions. In the first example, words like “self-harm”,
“suicide” | “overwhelmed” | and “panic attack” carry higher weights, influencing the classification
towards stress. Contrastingly, the second example includes words like “encourage,” “happiness”,

and “well-being,” which contribute to a non-stress classification.

No stressed ressed Text with highlighted words
Prediction probabilities
Mo li_f; fusck anoth second thisiv fnit Bl fock long tri sever time think get well lmao was not [ m bad ever hate everyth [l fuck go
S— =3 anywher seem make mistak mistak Fuck rant everyon el lmae fuck dude guess shitti live hub feel terribl T m go friend care
stressed [N b.91 o0 honestli [ m point realli barrier SEJHS0R 188 siraw final happen tiat awesom I m tran ftm two year still dysphos mind noth
lanyince chiang much that even bad though lol week ago drink friend hous get blackowt drank realli bad night | m pretri sure someon

fisck Imao definit condom anyth even though take plan b think fuck bad thing couldv happen happen there sympsom everyth
sone gross momn bruis there scatter memori someon sex know consent even even sober enough stand definit state get sexual
assault sex aumar remind super dysphoria induc avoid cost do right mind | ve nonsiop anxiet aack B8 week even period
wear plu ahahahaly appar motli § m unlueki focker aliv that fock Bl everyth goe wrong | m sick I m sick fore get motion top
"r‘_",:f" even think put name liter retch dysphoria anoth panic attack skip school go cri car today fisck man even think what happen
right make WAl go grab knife get one dad gun hell there plenti Inke around hard Jol T ve WS excus loag I ve know fedilag
take care | m state requir pare consent tell one they Il fisck mad might let get rid they I Liter ruin [l afierward tell know fisck
happen rememb consent pha physic abl 1 ve get bmi get persod liter testosteron fuck vear way appar notli | m fuck miser sex
even decis § m one stick consequ that [l nonstop trumat event T ve get helln mental ill Bt fuck deal BISHRBE care enough
futar give damn recoveri i m sorri friend sister know fuck break heart fuck go anyth el end

Fig. 4.2. gesult of dataset 1's “Stressed” post
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Fig. 4.3. Result of dataset 1's “Not Stressed” post
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E  Prediction probabilities
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Fig. 4.6. Result of dataset 3's “Stressed” post
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Fig. 4.7. Result of dataset 3's “Not Stressed” post
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Fig. 4.8. Result of dataset 4's “Stressed” post
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Fig. 4.9. Result of dataset 4's “Not Stressed” post

By combining prediction probabilities and highlighted words, our X AT approach aims to demys-
tify the EST model’s decision rationale, empowering users to comprehend and trust the stress
predictions made by the system. This transparency is crucial in the context of mental health

analyties, fostering user confidence and facilitating meaningful interpretability.
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4.5 Comparison with the previous work

In our comprehensive evaluation, the EnsembleSelfTrain (EST) model consistently demonstrated
superior performance in stress detection compared to a range of baseline models applied to
various datasets. Across distinct datasets such as the Mental Health Corpus, Human Stress
Prediction, Dreaddit, and Depression: Reddit Dataset, EST consistently achieved remarkable
accuracy, outshining models like Self Training, Logistic Regression, SVM, RF, NB, and Bi-
LSTM. Figure 4.10 shows how Baseline models compare to EST in terms of accuracy and

Fl-score.
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Fig. 4.10. Comparison of Base line models with EST

The results shown in Table 4.3 underscore EST’s effectiveness in deciphering stress patterns
within social media posts, with accuracy percentages reaching 89.29%, 89.71%, 91.67%, and
80.52% across the respective datasets. Additionally, the F1-Scores of 0.892, 0.896, 0.914, and
0.894 further solidify EST's superiority over alternative models. This consistent trend establishes

EST as a strong and reliable tool for stress detection in diverse online contexts.
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Mental Health Human Stress . Depression:
L Dreaddit i

Model A? Corpus Prediction Reddit Dataset

Accuracy | F1-Score | Accuracy | F1-Score | Accuracy | F1-Score | Accuracy | F1-Score

EST 89.29 0.9025 89.71 0.9057 91.67 0.9218 89.52 0.9044
Self Training 83.32 0.874 85.58 0.882 R6.61 0.891 84.63 0.865
LR 82.94 0.846 81.25 0.837 83.94 0.884 81.44 0.827
SVM T9.85 0.806 80.54 0.846 R82.81 0.852 R1.87 0.835
R T7.97 0.796 79.68 0.824 84,68 0.875 82.49 0.831
NB T8.64 0.794 79.29 0.797 83.66 0.829 80.37 0.816
Bi-LSTM 79.58 0.502 80.14 0.816 84.15 0.857 82.64 0.838

TapLE 4.3: Comparison of Base line models with EST

The comparison with baseline models highlights EST's ability, emphasizing the utility of ensem-

ble model and self-training techniques for enhanced accuracy and reliability in mental health

analyties applied to social media discourse. These findings signify a significant advancement in

stress detection methodologies, with EST emerging as a promising solution for understanding

and addressing mental health concerns within online communities.




Chapter 5
Conclusion

5.1 Research Summary

In conclusion, the research presents a methodology integrating Ensemble Learning, Self-Training,
and Explainable Artificial Intelligence (XAI) for Stressggtection in social media texts. The uti-
lization of Ensemble Learning and Self-Training has shown promise in enhancing accuracy, while
the integration of Word Embedding Models with Word2Vec contributes to capturing nuanced
stress patterns. The incorporation of XAl techniques further ensures transparency and inter-
pretability, providing valuable insights into the decision-making processes gthe stress detection
model. Our findings demonstrate the potential of the proposed methodology in advancing stress
detection capabilities, marking a significant stride in the intersection of machine learning and
mental health analytics. The model’s highest accuracy of 91.67% underscores its robust perfor-

mance in deciphering stress signals within social media interactions.

29
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5.2 Contribution of the work
The following are some contributions of the work:

e In this work, we brought a new methodology to use for stress detection of social media
texts based on Ensemble Learning and Self-Training integrated with Explainable Artifi-
cial Intelligence (XAI). This novel methodology not only improves accuracy by means of
Ensemble Learning and Self-Training but also enables XAl that makes a leap forward in

mental health analytics.

e We supplemented by utilizing Word Embedding Models using Word2Vec, allowing the
model to underscore subtle stress patterns in social media posts. This addition improved
sensitivity to the various agents of stress and increased their information power and ability

to interpret signals from within interactions.

e The overall accuracy of our research stood at a remarkable 91.67%, drawing attention
to the excellent performance of an integrated approach we followed in this study. This
highlighted its ability to support real-world applications, in such a way that it is essentially

situated at the intersection between machine learning and mental health analvtics.

@
5.3 Future Work

Future endeavors could focus on expanding the dataset to encompass diverse lingnistic expres-
sions and cultural differences, ensuring the model’s applicability across a broader spectrum.
Further refining of the XAI algorithms should also be investigated to provide more detailed

insights into individual variables driving stress predictions.

The integration of real-time monitoring and continuous learning mechanisms could be inves-
tigated to enhance the model’s adaptability to evolving language trends and emerging stress-
related expressions on social media platforms. Collaborations with mental health professionals

and user feedback incorporation may also enrich the model’s practical utility and ensure its
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alignment with the evolving landscape of mental health awareness in digital spaces. Continued
research in this direction holds the potential for even more effective and socially responsible

stress detection solutions.
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