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ABSTRACT

In the rapidly evolving corporate landscape, employee mental well-being has become
integral to productivity and organizational success. This thesis introduces a ground-
breaking Neuro-Symbolic Artificial Intelligence (NSAI) framework that integrates con-
versational data analysis to monitor and enhance workplace mental health. At its core,
the Mentalisys Health Application leverages H2O Wave to provide user-friendly dash-
boards equipped with real-time sentiment analysis, stress, and depression detection
capabilities. A novel Commonsense-Driven Symbolic ReAct-NLI (CSR-NLI) tech-
nique, based on OpenAI’s language models, combines symbolic reasoning and natural
language inference to uncover causality in workplace communication. Through inter-
active admin and user-specific dashboards, the system fosters proactive mental health
interventions and personalized support, promoting a healthier workplace environment.

The study’s primary contribution lies in advancing NSAI for robust causal under-
standing, going beyond conventional sentiment analysis. Results demonstrate signifi-
cant potential in improving employee well-being and productivity via timely interven-
tions and precise health risk assessments. This work underscores the transformative
role of AI in addressing real-world mental health challenges, driving organizational
growth, and enhancing employee satisfaction, while setting a new benchmark for AI-
driven solutions in corporate mental health management.

Keywords: Neuro-Symbolic AI, Sentiment and Emotion Analysis, Commonsense Reasoning,

Natural Language Inference, Workplace Mental Health, Employee Productivity Enhancement,

Stress and Depression Detection, Corporate Communication Platforms, Mentalisys Health Ap-

plication, Real-Time Analytics, Proactive Workplace Monitoring, Explainable AI Solutions

iv



TABLE OF CONTENTS

Declaration of the Candidate & Supervisor i

Dedication ii

Acknowledgement iii

Abstract iv

Table of Contents v

1 Introduction 1

1.1 Background of the Study 1

1.2 Research Context 2

1.3 Research Problem 3

1.3.1 Research Gap 3

1.3.2 Significance of Addressing the Research Problem 6

1.4 Research Objectives 6

1.4.1 Rationale for Objectives 7

1.5 Justification of the Research 8

1.5.1 Enhancing Employee Well-being 8

1.5.2 Advancing Explainable AI Solutions 8

1.6 Scope and Limitations 8

1.6.1 Scope of the Research 8

1.6.2 Limitations of the Research 9

1.7 Structure of the Thesis 10

2 Literature Review 11

2.1 Historical Background and Development of the Field 11

2.2 Overview of Existing Studies 12

2.2.1 Employee Well-Being 12

2.2.2 Sentiment and Emotion Recognition in Conversation 14

2.2.3 Emotion Cause Analysis 17

2.2.4 Neuro Symbolic AI-Based Mental Health Detection 20

v



2.2.5 Natural Language Inference (NLI) 21

2.2.6 Commonsense Reasoning 22

2.2.7 Prompting in Natural Language Processing 23

2.2.8 Neuro-Symbolic AI for Workplace Mental Health Monitoring 24

3 Methodology 26

3.1 Mentalisys Health Application Development 26

3.1.1 Overview of the Mentalisys Health Application 26

3.1.2 Justification for Choosing Slack as the Primary Communica-

tion Platform 27

3.2 Application Architecture 28

3.2.1 Model 28

3.2.2 View 29

3.2.3 Controller 30

3.2.4 Integration of Slack APIs, MongoDB, and H2O Wave 31

3.2.5 Workflow Explanation 31

3.2.6 Benefits of the MVC Architecture 32

3.3 Slack Data Manager Bot 32

3.3.1 Core Functionalities 32

3.3.2 Slack Data Extraction Pipeline 33

3.3.3 Development Steps 35

3.3.4 Slack Bot Setup and Permissions 35

3.3.5 Future Enhancements 37

3.4 AI/ML Analytical Framework 37

3.4.1 Emotional State Analysis Module 37

3.4.2 Sentiment, Stress, and Depression Analysis Modules 40

3.4.3 Neuro-Symbolic Prompting Module 42

3.5 Data Storage and Integration 51

3.5.1 MongoDB Overview and Collections 51

3.5.2 Sample Data Models 52

3.5.3 Data Pipeline and Integration 54

3.5.4 Conclusion 54

vi



3.6 Visualization with H2O Wave 54

3.6.1 User Registration and Login System 54

3.6.2 Admin Dashboard with BI Analytics 57

3.6.3 Employee Dashboard with Personal Insights 65

4 Experiments and Results 70

4.1 Testing and Validation of Emotion Analysis Models 70

4.1.1 Dataset Description 70

4.1.2 Exploratory Data Analysis 70

4.1.3 Evaluation Metrics 71

4.1.4 Experimental Setup 72

4.1.5 Evaluation Summary of Emotion Analysis Models 75

4.1.6 Evaluation Graphs 76

4.1.7 Analysis of ROC and Precision-Recall Curves 78

4.1.8 Conclusion 79

4.2 Testing and Validation of Sentiment Analysis Models 80

4.2.1 Dataset Description 80

4.2.2 Model Selection and Justification 80

4.2.3 Data Preprocessing 80

4.2.4 Experimental Setup and Hyperparameter Tuning 81

4.2.5 Evaluation Summary 81

4.2.6 Discussion of Results 84

4.2.7 Conclusion 85

4.3 Testing and Validation of Stress Analysis Models 85

4.3.1 Dataset Description 85

4.3.2 Data Preprocessing 85

4.3.3 Experimental Setup and Model Training 86

4.3.4 Evaluation Summary of Stress Analysis Models 86

4.3.5 Evaluation Metrics Visualization 87

4.3.6 Discussion on Model Performance and Evaluation Metrics 89

4.3.7 Conclusion 90

4.4 Testing and Validation of CSR-NLI Prompting Framework 90

vii



4.4.1 Overview 90

4.4.2 Experimental Setup 91

4.4.3 Evaluation for CSR-NLI prompting framework 93

4.4.4 Benchmarking Models for CSR-NLI Prompting Evaluation 107

5 Discussion 111

5.1 Interpretation of Results 111

5.1.1 Key Findings 111

5.1.2 Comparison with Related Work 113

5.1.3 Practical Implications 114

5.2 Insights from CSR-NLI Framework 115

5.2.1 Advancing Emotion and Causal Reasoning Analysis 115

5.2.2 Effectiveness of CSR-NLI in Prompting and Reasoning Gen-

eration 116

5.2.3 Limitations and Areas for Improvement 116

5.2.4 Future Directions for Enhancing CSR-NLI 117

5.2.5 Conclusion 118

5.3 Challenges and Lessons Learned 118

5.3.1 Technical Challenges 118

5.3.2 Ethical and Methodological Challenges 119

5.3.3 Lessons Learned 119

5.4 Implications for Workplace Environments 120

5.4.1 Impact on Corporate Communication Platforms 120

5.4.2 Enhancing Employee Mental Health and Well-Being 120

5.4.3 Overcoming Adoption Barriers 121

5.4.4 Conclusion 121

5.5 Limitations of the Study 121

5.5.1 Platform and Data Constraints 121

5.5.2 Generalizability Across Workplace Contexts 122

5.5.3 Computational and Deployment Challenges 122

5.5.4 Ethical and Privacy Considerations 122

5.5.5 Scalability and Cost Constraints 122

viii



5.5.6 Conclusion 123

6 Conclusion and Future Work 124

6.1 Summary of Key Contributions 124

6.2 Practical Recommendations 125

6.2.1 Integration into Corporate Wellness Strategies 125

6.2.2 Enhancing HR Practices and Decision-Making 125

6.2.3 Addressing Adoption Barriers 125

6.2.4 Ethical Deployment and Trust-Building 126

6.2.5 Scalability and Long-Term Adoption 126

6.2.6 Conclusion 126

6.3 Future Work Directions 126

6.3.1 Enhancements to CSR-NLI Framework 126

6.3.2 Integration of Multimodal Data 127

6.3.3 Scalability for Real-Time Processing 127

6.3.4 Cross-Industry Applications 127

6.3.5 Longitudinal Studies and Impact Assessment 127

6.3.6 Ethical and Regulatory Compliance 127

6.3.7 Conclusion 128

6.4 Final Thoughts 128

References 130

ix



CHAPTER 1

INTRODUCTION

1.1 Background of the Study

The modern workplace is undergoing significant transformation, driven by the increas-
ing adoption of collaborative and employee-centric environments. While this shift fos-
ters innovation, engagement, and agility, it also brings about unique challenges related
to employee mental health. In this evolving corporate landscape, organizations are
recognizing that mental well-being is crucial not only for individual employees but
also for overall organizational success. Poor mental health can result in diminished
productivity, increased absenteeism, and higher healthcare costs. Conversely, priori-
tizing mental health can enhance employee commitment, reduce turnover, and improve
financial performance.

Despite growing awareness, many organizations struggle to effectively monitor and
address employee mental well-being. Traditional approaches, such as periodic surveys
and self-reported assessments, often fail to provide real-time insights or capture the
complex emotional states employees experience during their daily interactions. More-
over, conventional sentiment analysis techniques, while useful, tend to oversimplify
emotional states, limiting their ability to inform proactive interventions.

Recent global trends further highlight the urgency of addressing mental health is-
sues in the workplace. A comprehensive report on Workplace Mental Health Trends
by Spring Health indicates that seven out of ten people globally experience mental
health challenges, resulting in a staggering $1 trillion in lost productivity annually [1].
Furthermore, KPMG reports that the aftermath of the COVID-19 pandemic has ex-
acerbated mental health issues, with remote and hybrid work introducing additional
stressors, such as feelings of isolation and video call fatigue [2].

A significant gap persists between the acknowledged importance of discussing
mental health at work and employees’ comfort levels in initiating such conversations.
According to the National Alliance on Mental Illness (NAMI) workplace mental health
poll conducted in January 2024 underscores this disconnect, revealing that while most
employees recognize the need for open discussions on mental health, many do not
feel equipped or comfortable to engage in them [3]. This disconnect emphasize the
prevalence of stigma in workplaces and highlights the pressing need for proactive,
technology-driven solutions that foster a supportive mental health culture.

Emerging technologies, particularly in the fields of Artificial Intelligence (AI) and
Neuro-Symbolic AI (NSAI), offer transformative potential for addressing these chal-
lenges. By integrating advanced emotion analysis models with commonsense reason-
ing and symbolic logic, organizations can gain deeper insights into employee emotions,
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detect early signs of mental health issues, and implement timely interventions.
This research focuses on developing an innovative framework combining sentiment

analysis, stress detection, and depression assessment models with a novel Commonsense-
Driven Symbolic ReAct-NLI (CSR-NLI) prompting technique. CSR-NLI integrates
Natural Language Inference (NLI) and symbolic reasoning to infer causality from
employee communications, providing an advanced, explainable AI-driven approach
to mental health monitoring. The framework is implemented within the Mentalisys
Health Application, a comprehensive platform designed to analyze conversational data
from corporate communication tools such as Slack. The system includes interactive
dashboards for both employees and administrators, enabling real-time monitoring, per-
sonalized insights, and proactive support.

By leveraging the latest advancements in NSAI and machine learning, this study
aims to bridge the gaps in current methodologies, offering a sophisticated, real-time,
and scalable solution for mental health assessment. Ultimately, this research endeavors
to foster healthier workplace environments, and improve employee satisfaction.

1.2 Research Context

In today’s business environment, the emphasis on employee well-being extends be-
yond physical health, with mental well-being increasingly recognized as a critical de-
terminant of organizational success. Research highlights the tangible and intangible
benefits of prioritizing mental health in the workplace, ranging from increased produc-
tivity and job satisfaction to significant reductions in healthcare costs and absenteeism.
However, traditional approaches to addressing workplace mental health often rely on
outdated methodologies, such as infrequent surveys or self-reported data, which fail
to provide real-time insights or capture the full spectrum of emotional states. Con-
sequently, there is a growing demand for advanced, technology-driven solutions that
offer a more nuanced and proactive approach to mental health monitoring.

This research aims to bridge this gap by leveraging Neuro-Symbolic AI (NSAI) to
analyze workplace communication data and provide real-time, actionable insights into
employee mental well-being. Existing sentiment analysis tools, while useful, often
provide a limited perspective on emotional states, failing to capture deeper psycholog-
ical factors such as stress and depression. By integrating NSAI along with advanced
sentiment, emotion, and stress analysis models, this study proposes a holistic approach
to monitoring workplace mental health. The innovation lies in the development of the
Commonsense-Driven Symbolic ReAct-NLI (CSR-NLI) prompting technique, which
combines natural language inference and commonsense reasoning to infer causality in
employee messages. This technique enhances the interpretability and effectiveness of
the Mentalisys Health Application a comprehensive platform that utilizes communica-
tion data from tools like Slack to detect early signs of mental health issues.
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Impact analysis from previous research supports the economic rationale for invest-
ing in workplace mental health assessments. For instance, a seminal study in the Amer-
ican Journal of Health Promotion underscored that comprehensive wellness programs
have been shown to reduce absenteeism, healthcare costs, and workers’ compensa-
tion claims by up to 25% [4]. Moreover, according to the World Health Organization
(WHO), for every $1 invested in the treatment of common mental health disorders,
there is a return of $4 in improved health and productivity [5]. Real-world exam-
ples, such as Johnson & Johnson’s wellness program, demonstrate that companies can
achieve substantial financial benefits through mental health initiatives. Over a ten-year
period, Johnson & Johnson saved $250 million on healthcare costs, yielding a return
of $2.71 for every dollar invested [6].

This research aligns with these findings by proposing a solution that integrates
mental health assessment into workplace wellness programs, ultimately contributing
to both employee well-being and corporate sustainability. By combining advanced AI
techniques with practical applications in corporate settings, this study endeavors to
redefine how organizations approach mental health, offering a scalable, real-time, and
impactful solution to an ever-growing concern in the modern workplace.

1.3 Research Problem

In the contemporary corporate landscape, employee mental well-being is increasingly
recognized as a cornerstone of organizational success. Despite numerous initiatives to
address workplace mental health, significant gaps remain in how organizations assess
and manage mental health risks effectively. Traditional methods such as subjective
self-reports, periodic surveys, and rudimentary sentiment analysis tools offer limited
insight into real time emotional well-being. These approaches fail to capture subtle
emotional patterns or causal factors that could signal emerging issues such as stress,
frustration, or burnout. As a result, organizations often struggle to implement timely
interventions, leading to diminished productivity and employee satisfaction.

Existing sentiment analysis models primarily focus on simplistic emotional classi-
fications (positive, negative, neutral) and overlook the complexity of workplace mental
health indicators. These models lack the depth required to identify early signs of stress
or depression and fail to infer causality from employee communication data. This lim-
itation hampers organizations’ ability to proactively address mental health challenges,
resulting in missed opportunities to improve employee well-being and productivity.

1.3.1 Research Gap

Despite the growing recognition of the importance of employee mental health, exist-
ing research and tools fail to provide a comprehensive solution that integrates nuanced
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sentiment analysis with contextual and causal interpretation of workplace communica-
tion. Current sentiment analysis models often oversimplify emotional states, focusing
on basic polarity (positive, neutral, negative), and lack the sophistication required to
identify subtle patterns of stress, anxiety, and depression. This results in missed oppor-
tunities for early intervention and fails to address the complex interplay of emotional
triggers within workplace communication.

Furthermore, while neural models excel in predictive capabilities, their lack of
transparency and inability to infer causality from data limit their applicability in cor-
porate mental health monitoring. The absence of robust, explainable AI solutions that
combine neural learning with symbolic reasoning highlights a significant gap in the
field. Few studies leverage Neuro-Symbolic AI (NSAI) to enrich emotional and mental
health analysis by integrating commonsense reasoning and natural language inference
(NLI). This gap underscores the need for a novel framework that not only identifies
emotional states but also provides actionable insights by uncovering the contextual
and causal factors behind employee stress or burnout.

1.3.1.1 Comparison with Existing Neuro-Symbolic AI Methods

Existing Neuro-Symbolic AI approaches predominantly focus on enhancing model in-
terpretability by combining neural networks with symbolic reasoning frameworks. The
primary aim of these methods is to improve decision transparency, particularly in emo-
tion analysis applications. Prominent frameworks such as TAM-SENTICNET [7] and
Sentic PROMs [8] have employed symbolic reasoning mechanisms to provide inter-
pretable insights, enhancing the detection of depressive language patterns and improv-
ing health-related quality of life assessments. However, these models exhibit several
limitations that hinder their applicability to real-time corporate mental health monitor-
ing.

One of the major limitations of existing NSAI methods is their limited capacity for
causal reasoning. While these models are proficient at identifying emotional states,
they often fail to infer the underlying causes of emotional shifts. This shortcoming
reduces their effectiveness in providing actionable insights for early interventions. Ad-
ditionally, many of the current approaches are domain-specific, exhibiting satisfactory
performance only within narrowly defined contexts. This lack of generalization makes
them unsuitable for diverse workplace environments where communication styles and
stressors vary significantly.

Another challenge pertains to the scalability of existing NSAI frameworks. Inte-
grating symbolic reasoning into neural models generally increases computational com-
plexity, thereby compromising the efficiency required for real-time analysis of large-
scale communication data. As organizations continue to produce extensive amounts
of communication data daily, the need for scalable and efficient frameworks becomes
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increasingly critical.

1.3.1.2 Novelty of CSR-NLI

The proposed CSR-NLI framework introduces a novel approach to addressing these
limitations through a Commonsense-Driven Symbolic ReAct-NLI prompting tech-
nique. Unlike prior models that solely focus on emotional state detection, CSR-NLI
integrates structured commonsense reasoning to uncover causal relationships within
employee communication. This approach enhances the ability of the model to provide
meaningful, contextually aware insights, thereby supporting early intervention strate-
gies more effectively.

Furthermore, the CSR-NLI framework demonstrates improved scalability through
efficient prompting techniques. By employing iterative refinement processes, the frame-
work achieves high reasoning coherence without significantly increasing computa-
tional overhead. This ensures that real-time analysis of employee communication
remains feasible even in large-scale organizational settings. Moreover, the general-
ization capabilities of CSR-NLI extend beyond domain-specific applications, making
it adaptable to various communication platforms such as Slack, Microsoft Teams, and
other corporate communication tools.

Another critical advantage of the CSR-NLI framework is its enhanced interpretabil-
ity. The integration of commonsense-driven reasoning ensures that the insights derived
from communication data are both accurate and interpretable. This addresses a signif-
icant limitation of traditional black-box models that offer little to no explanation of
their predictions. By providing clear and understandable explanations, CSR-NLI fos-
ters greater trust and usability among corporate stakeholders.

Overall, the novelty of the CSR-NLI framework lies in its ability to effectively
combine causal reasoning, scalability, generalization, and interpretability. These ad-
vancements mark a significant departure from existing Neuro-Symbolic AI approaches,
providing a more robust and practical solution for real-time corporate mental health
monitoring. The proposed framework not only bridges the research gaps identified but
also establishes a solid foundation for further development and application of Neuro-
Symbolic AI in workplace mental health assessment.

1.3.1.3 Limitations of Traditional Sentiment Analysis

Conventional sentiment analysis tools provide limited insights by relying on basic po-
larity detection, which is insufficient for understanding the nuanced emotional states
critical in mental health assessments. These tools lack the ability to capture subtle
emotional cues or patterns that signal early indicators of stress or depression. This
gap restricts organizations from implementing timely interventions to prevent mental
health challenges from escalating.
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1.3.1.4 Inadequate Integration of Symbolic Reasoning

While neural network-based models demonstrate strong predictive performance, they
are often opaque and fail to provide interpretable insights into emotional causality.
Symbolic reasoning offers the potential to address these limitations by providing a
transparent framework for understanding the causes and implications of detected emo-
tions. However, most existing methodologies neglect this approach, leaving a signifi-
cant gap in explainable AI solutions for real-time mental health monitoring.

1.3.2 Significance of Addressing the Research Problem

Addressing the identified research problem is pivotal for enhancing organizational
well-being and driving workplace innovation. This study aims to provide a transfor-
mative solution to proactively monitor and manage employee mental health, ultimately
fostering a healthier, more productive work environment.

1.3.2.1 Enhancing Employee Well-being

By developing a Neuro-Symbolic AI-driven framework, organizations can shift from
reactive mental health management to proactive, real-time intervention strategies. This
framework enables the early detection of mental health challenges such as stress, anx-
iety, and burnout by analyzing nuanced emotional and contextual cues within work-
place communication. Equipped with actionable insights, organizations can implement
timely interventions to improve employee morale, reduce absenteeism, and enhance
overall job satisfaction and productivity.

1.4 Research Objectives

The primary aim of this research is to develop an advanced, real-time framework that
integrates Neuro-Symbolic AI (NSAI) with emotion analysis to comprehensively mon-
itor employee mental health, provide actionable insights, and promote healthier work-
place environments. The specific objectives are:

1. Develop a Neuro-Symbolic Emotion Analysis Framework

• Design and implement an emotion analysis system capable of detecting
nuanced emotional states such as stress, frustration, and burnout within
workplace communication data.

• Leverage advanced Natural Language Processing (NLP) models and Neuro-
Symbolic AI techniques to identify emotional patterns and causal factors
in real-time.
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• Evaluate the framework’s performance using quantitative metrics such as
accuracy, precision, recall, and F1-score against benchmark datasets.

2. Integrate Causal Reasoning Using CSR-NLI

• Incorporate the CSR-NLI prompting technique to infer causality and con-
text in employee communications.

• Demonstrate the effectiveness of CSR-NLI in uncovering the underlying
reasons for emotional shifts, such as stress triggers, in workplace interac-
tions.

3. Monitor and Analyze Workplace Communication

• Implement the framework to process and analyze communication data from
platforms like Slack, enabling continuous and automated tracking of em-
ployee emotional states.

• Provide actionable insights to enable HR teams and managers to address
potential mental health concerns proactively.

4. Develop a User-Friendly Dashboard for Insights

• Create an interactive, intuitive dashboard using H2O Wave to visualize
real-time analytics and provide insights at both organizational and individ-
ual levels.

• Enable role-specific features, including aggregated organizational trends
for administrators and personalized feedback for employees.

5. Validate the Solution in Real-World Scenarios

• Conduct thorough testing of the developed framework in corporate envi-
ronments to assess its usability, scalability, and effectiveness.

• Collect feedback from corporate users, including HR teams, managers, and
employees, to evaluate the practical impact of the solution on workplace
well-being.

1.4.1 Rationale for Objectives

These objectives address the identified gaps in existing workplace mental health moni-
toring tools by focusing on explainable and actionable AI-driven solutions. The incor-
poration of Neuro-Symbolic AI and the CSR-NLI prompting technique ensures robust
causal analysis and interpretable insights. By delivering a real-time, scalable, and eth-
ical solution, this research contributes to enhancing employee well-being, fostering a
supportive work environment, and driving organizational productivity.
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1.5 Justification of the Research

This research addresses critical challenges in monitoring and managing employee
mental health by leveraging Neuro-Symbolic AI (NSAI) to develop a scalable, real-
time solution. Employee well-being significantly influences productivity, job satisfac-
tion, and organizational success, yet traditional methods like periodic surveys and basic
sentiment analysis fail to provide actionable, real-time insights into nuanced emotional
states. This study bridges these gaps with a robust framework that integrates emotion
detection, stress analysis, and commonsense reasoning.

1.5.1 Enhancing Employee Well-being

The proposed solution empowers organizations to detect early signs of stress, anxiety,
and depression through real-time analysis of workplace communication. By uncover-
ing nuanced emotional patterns and their causes, the system enables timely interven-
tions that reduce burnout, absenteeism, and improve overall morale and productivity,
fostering a supportive workplace culture.

1.5.2 Advancing Explainable AI Solutions

Integrating symbolic reasoning with neural networks ensures accurate and interpretable
insights, addressing the limitations of traditional black-box AI models. The CSR-NLI
technique enhances understanding of emotional triggers, positioning this research at
the forefront of AI-driven mental health monitoring in corporate environments.

1.6 Scope and Limitations

This research focuses on the development and implementation of a Neuro-Symbolic
AI-driven framework to monitor and assess employee mental health in real-time. The
scope includes the design and integration of advanced sentiment, emotion, and stress
analysis models, augmented by the CSR-NLI technique, within the practical and user-
friendly Mentalisys Health Application. The system is designed for corporate com-
munication platforms, with Slack serving as the primary testbed for analyzing textual
communication data.

1.6.1 Scope of the Research

1. Target Platforms: The study is focused on Slack as a primary platform for
analysis due to its widespread use in professional environments. This ensures
the system is tailored to real-world workplace communication data.

8



2. Textual Data Analysis: The research analyzes textual communication data to
detect emotional states, including stress, frustration, and burnout. It leverages
the CSR-NLI technique to infer causality and identify triggers behind emotional
patterns.

3. Dashboard Development: A comprehensive, interactive dashboard was devel-
oped using H2O Wave, designed for real-time insights. The dashboard provides
aggregated organizational analytics for administrators and personalized mental
health insights for employees.

4. Framework Evaluation: The framework was evaluated using both quantitative
metrics (e.g., accuracy, precision, recall, and F1-score) for model performance
and qualitative feedback from corporate users on usability and practical value.

1.6.2 Limitations of the Research

1. Platform Dependency: The research is specific to Slack as the testing platform.
The applicability of the solution to other platforms, such as Microsoft Teams or
other industries, may require additional adaptation and validation.

2. Textual Data Focus: This study exclusively focuses on analyzing textual com-
munication. The inclusion of multimodal data (e.g., audio, video, or physiologi-
cal metrics) could enhance the depth of mental health assessments but is outside
the scope of this research.

3. Generalizability of Findings: The framework’s effectiveness may vary depend-
ing on organizational culture, communication styles, and employee demograph-
ics. Broader validation in diverse corporate settings is necessary to ensure wider
applicability.

4. Scalability Challenges: While the Neuro-Symbolic AI framework enhances
interpretability, scaling the system for organizations with high-frequency com-
munication or large datasets may require further optimization and computational
resources.

5. Data Privacy and Ethical Constraints: The study relies on strict ethical guide-
lines to ensure data privacy, consent, and anonymization. These constraints in-
fluence the scope of data collection and may limit access to richer datasets or
sensitive workplace communications.

Despite these limitations, the Mentalisys Health Application demonstrates signif-
icant potential to address critical gaps in workplace mental health monitoring. By
providing real-time, explainable, and actionable insights, this research contributes to
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fostering healthier workplace environments and enabling proactive mental health in-
terventions. Future work can build on this foundation to expand the system’s scope
and scalability.

1.7 Structure of the Thesis

This thesis is organized into six chapters, providing a comprehensive exploration of
the research problem, methodology, results, and conclusions. The opening section
introduces the research, detailing its background, context, objectives, and scope. It
defines the research problem and outlines the motivation and significance of addressing
employee mental health, establishing a solid foundation for the study.

The next section reviews the existing body of knowledge, synthesizing research
on employee mental health monitoring, sentiment and emotion analysis, and Neuro-
Symbolic AI. Key concepts such as Natural Language Inference, commonsense rea-
soning, and emotion cause analysis are discussed, alongside identified gaps in current
methodologies that justify the need for the proposed solution.

The methodology section describes the design and implementation of the Mental-
isys Health Application. This includes the development of sentiment, emotion, and
stress analysis models and the integration of the CSR-NLI technique. The technical
architecture is detailed, covering the use of Slack APIs for data extraction, MongoDB
for data storage, and H2O Wave for creating interactive dashboards. The workflow and
modular system design are also outlined to demonstrate scalability and practicality.

Subsequent sections focus on experiments and results, presenting the validation of
the developed models and framework. Metrics such as accuracy, precision, recall, and
F1-score are used to evaluate performance, while usability testing provides practical
insights into the effectiveness and adoption potential of the Mentalisys Health Appli-
cation in real-world corporate settings.

The discussion section interprets the results in the context of the research objectives
and compares them with existing mental health monitoring tools. The implications
of the findings for workplace well-being and the innovative use of Neuro-Symbolic
AI for causality detection are explored. Challenges encountered during the research,
including ethical considerations and scalability issues, are discussed along with lessons
learned.

The concluding section summarizes the key contributions of the research, empha-
sizing its potential to transform workplace mental health monitoring. It provides practi-
cal recommendations for implementation and suggests future research directions, such
as expanding the framework to other communication platforms and integrating multi-
modal data.

The thesis concludes with references listing all cited scholarly works and an ap-
pendix for supplementary materials.
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CHAPTER 2

LITERATURE REVIEW

The corporate landscape has evolved toward more agile and employee-centric models,
creating both opportunities and challenges in maintaining employee mental health.
Recognized as a critical determinant of organizational success, employee well-being
directly influences productivity, job satisfaction, and financial outcomes. This growing
importance has prompted the need for innovative, technology-driven approaches to
assess and manage workplace mental health effectively.

This literature review provides a comprehensive exploration of prior studies rele-
vant to employee well-being and the integration of Artificial Intelligence (AI) in cor-
porate wellness strategies. It begins with a historical background of the field, tracing
the evolution of mental health assessment and its integration with workplace practices.
The review then examines existing studies across several key domains: the relation-
ship between employee well-being, emotion recognition in workplace conversations,
emotion cause analysis, and advancements in Natural Language Inference (NLI) and
commonsense reasoning. Particular attention is given to Neuro-Symbolic AI (NSAI),
an emerging approach that integrates symbolic reasoning with neural networks, offer-
ing promising solutions for nuanced and interpretable mental health detection.

By synthesizing research across these domains, the literature review contextualizes
the current state of workplace mental health assessment and monitoring. It identifies
critical gaps in traditional methodologies, such as the oversimplification of emotional
states, limited understanding of emotional causality, and the lack of interpretability in
AI models. These gaps highlight the need for a holistic and scalable framework that
combines emotion recognition with causal analysis, offering actionable insights for
proactive mental health management in workplace settings.

2.1 Historical Background and Development of the Field

The field of emotion recognition has evolved significantly, drawing from foundational
research in psychology, neuroscience, and artificial intelligence (AI). Early studies,
such as those by Paul Ekman, focused on understanding basic human emotions through
observable cues like facial expressions, body language, and physiological responses
[9]. These efforts laid the groundwork for the systematic study of emotions and their
impact on human behavior. With the advent of computational technologies, research
shifted toward developing machine learning models capable of analyzing digital data
sources such as images, videos, and biometric signals, enabling more scalable and
automated emotion detection.

Concurrently, the importance of employee well-being began to gain recognition,
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particularly as studies highlighted the detrimental effects of work-related stress on
mental health and organizational productivity [10]. Early approaches to addressing
employee mental health relied on periodic surveys and self-reports, which offered lim-
ited insights into real-time emotional states. As AI technologies matured, their inte-
gration into workplace applications emerged as a novel way to monitor and enhance
employee well-being, supported by research demonstrating the correlation between
emotional states, productivity, and job satisfaction [11]. These advancements signaled
a shift from reactive to proactive approaches in addressing mental health challenges in
the workplace.

The introduction of Neuro-Symbolic AI represents a pivotal development in emo-
tion recognition, combining the interpretability of symbolic AI with the learning ca-
pabilities of neural networks [12]. By enabling context-aware and nuanced emotional
analysis, this approach overcomes several limitations of traditional AI methods, such
as the lack of causal understanding and interpretability. Neuro-Symbolic AI holds sig-
nificant promise for workplace applications, offering scalable and accurate tools for
assessing employee well-being and facilitating timely interventions in diverse organi-
zational settings.

2.2 Overview of Existing Studies

The exploration of artificial intelligence (AI) applications in enhancing corporate well-
ness and mental health assessments reveals a dynamic and rapidly evolving field. This
section synthesizes significant contributions from existing research, highlighting ad-
vancements, challenges, and the potential for Neuro-Symbolic AI (NSAI) in revolu-
tionizing mental health detection and support within organizational settings. By exam-
ining various studies across multiple domains, this review establishes a coherent un-
derstanding of how AI technologies can be applied to improve employee well-being,
reduce insurance costs, and provide actionable insights through robust mental health
monitoring frameworks.

2.2.1 Employee Well-Being

This section explores the relationship between employee well-being, emphasizing the
role of wellness programs and compensation structures in enhancing productivity. By
reviewing various studies focused on wellness interventions, and healthcare benefits,
this section aims to provide a comprehensive understanding of how promoting em-
ployee well-being can positively impact organizational outcomes.
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2.2.1.1 Employee Well-Being and Impact of Corporate Wellness Programs for
productivity

The study by Gubler et al. [13] establish causal evidence linking wellness programs
and health improvements to increased worker productivity. Their investigation into the
impact of a corporate wellness program on worker productivity utilizes empirical data,
although the study acknowledges limitations such as a relatively small sample size
and challenges in precisely estimating parameters. The emphasis on specific program
design elements and the recognition of measurement challenges highlight the complex-
ities in evaluating the financial and health impact of wellness programs, contributing
to broader discussions on the effectiveness of such initiatives.

Basi Nska-Zych and Springer [14] conducted a systematic review of workplace
health promotion interventions (WHPIs) to identify outcomes for employers and em-
ployees. The study explores the diversity in outcomes measured and research methods
used in WHPI assessments. The focus on qualitative and quantitative analysis of out-
comes and methods employed in WHPIs contributes to understanding the effectiveness
of implemented programs. However, the lack of a uniform approach to evaluation and
the diversity in measurement methods and outcomes make it challenging to draw clear
conclusions regarding the effectiveness of WHPIs, particularly in small- and medium-
sized enterprises.

Danna and Griffin [15] offer a thorough examination of the literature on health
and well-being in the workplace, highlighting its fragmented nature and the need for a
cohesive understanding. Their framework addresses various factors influencing health
and well-being, emphasizing the interconnectedness between work and personal life.
They underscore the implications of workplace characteristics and threats on workers’
health, as well as the consequences of poor health and well-being for individuals and
organizations. Advocating for interdisciplinary perspectives, the authors call for the
development of a unified model or theory in this domain. Their work provides valuable
insights and sets a direction for future research and practice, aiming to elevate the
importance of health and well-being in organizational science.

Krekel et al. [16] present a thorough investigation into the relationship between
employee well-being and productivity, focusing on establishing both correlation and
causation. Through a meta-analysis encompassing 339 studies with data from over
1.8 million employees and 82,000 business units across 73 countries, the authors iden-
tify a significant correlation between employee well-being and firm-level performance,
particularly in areas such as customer satisfaction and staff turnover, which ultimately
affect overall profitability. The paper advocates for consistent measurement and re-
porting of employee well-being alongside productivity metrics and recommends in-
terventions targeting key drivers of well-being, such as social relationships and work-
life balance, with a call for rigorous evaluation through randomized controlled trials.
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By synthesizing empirical evidence, case studies, and meta-analysis, the paper offers
compelling insights into the business case for prioritizing employee well-being in the
workplace, suggesting avenues for enhancing both individual and organizational out-
comes.

2.2.1.2 Legal, Ethical, and Practical Challenges

Mujtaba and Cavico [17] offer an overview of corporate wellness efforts in the Amer-
ican workplace, exploring challenges faced by employers in implementing wellness
programs. The focus on legal, ethical, and practical aspects provides valuable insights
into program design elements. However, legal challenges associated with potential
discrimination, privacy concerns, and the lack of a statutory definition for "wellness
program" indicate a complex landscape for employers implementing such initiatives.

2.2.1.3 Summary of Employee Well-Being

The literature indicates a strong link between corporate wellness programs and en-
hanced employee well-being, which significantly contributes to increased productiv-
ity and organizational success. Studies such as those by Gubler et al. [13] and Basi
Nska-Zych and Springer [14] demonstrate the positive effects of wellness initiatives on
health outcomes and productivity, despite challenges such as small sample sizes and di-
verse measurement methods. These findings underscore the value of well-implemented
wellness programs in promoting employee health.

Legal, ethical, and practical challenges in implementing corporate wellness pro-
grams underscore the complexity of this endeavor. Despite these challenges, the col-
lective body of research advocates for a holistic approach to employee well-being,
incorporating strategic wellness programs to mitigate health-related expenses and ulti-
mately influence insurance premium costs positively.

In this context, the proposed Mentalisys Health Application aims to build upon
these findings by offering a comprehensive, real-time mental health monitoring so-
lution powered by Neuro-Symbolic AI techniques. By accurately identifying stress,
anxiety, and other mental health challenges through continuous analysis of workplace
communication data, the Mentalisys application enables organizations to proactively
address well-being issues. This proactive approach enhances employee health and
productivity and presents a scalable, efficient, and effective framework for optimizing
employee well-being more effectively.

2.2.2 Sentiment and Emotion Recognition in Conversation

This section examines the application of AI techniques for sentiment and emotion
recognition within workplace communication. The focus is on evaluating various mod-
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els and frameworks designed to detect and interpret emotional states from textual data.
Additionally, the challenges and advancements in analyzing sentiments across social
media platforms and corporate communication tools are discussed, highlighting their
implications for workplace mental health monitoring.

2.2.2.1 Sentiment Analysis in Social Media Conversations

Lim et al. [18] address the challenges posed by inept regulations on social media
through text sentiment analysis on Twitter. Using TF-IDF, Word2Vec, and ELMo,
the authors explore the identification of problems caused by irresponsible users. Chal-
lenges include the reliance on the sentiment140 dataset with potential limitations in
representing social media diversity and the performance of ELMo being hindered by
a relatively small dataset. The study, while valuable for sentiment analysis, may not
encompass all aspects of social media problems, such as privacy and misinformation
regulation challenges.

Blair et al. [19] explore the use of Twitter to assess the mental well-being of es-
sential workers during the COVID-19 pandemic. Their study applies sentiment anal-
ysis using the VADER tool to evaluate the polarity (positive, neutral, and negative)
of tweets authored by essential workers compared to the general Twitter user popu-
lation. The results revealed that, despite the challenges faced by essential workers,
their tweets exhibited higher positive sentiment scores than those of average users,
both before and during the pandemic. However, essential workers were more likely to
tweet about mental health-related topics, indicating increased awareness or discussion
of mental health concerns within this group. The study acknowledges methodologi-
cal limitations, including reliance on publicly visible Twitter accounts and potential
biases in self-identification. While the findings provide valuable insights into the po-
tential of social media data and sentiment analysis for mental well-being assessments,
the authors note the complexities of inferring causation and understanding underlying
factors influencing the observed sentiment trends. This research underscores the role
of sentiment analysis in highlighting mental health trends but also points to the need
for more nuanced methods to capture emotional context and causality.

2.2.2.2 Advanced Methods for Emotion Recognition

The study Ghosal et al. [20], introduce the Dialogue Graph Convolutional Network
(DialogueGCN) to address emotion recognition in conversations. By leveraging self
and inter-speaker dependency and utilizing a graph network to overcome context prop-
agation issues, DialogueGCN outperforms existing methods on benchmark emotion
classification datasets. The use of Graph Convolutional Networks, Bidirectional Gated
Recurrent Units, and Convolutional Neural Networks enables effective modeling of
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conversational context. However, potential challenges may include the reliance on la-
beled data, scalability, and the generalization of the model to diverse conversational
patterns.

The COSMIC by Ghosal et al. [21], presents a framework for emotion identifi-
cation in conversations using commonsense knowledge. Incorporating mental states,
events, and causal relations, COSMIC achieves new state-of-the-art results and ad-
dresses context propagation challenges, emotion shift detection, and the differentiation
of related emotion classes. The integration of RoBERTa, COMET, and Bidirectional
GRU cells enhances context-independent feature extraction. While the paper does not
explicitly mention limitations, potential challenges may include the generalization of
commonsense knowledge, scalability, and the need for high-quality annotated data.

2.2.2.3 Emotion Analysis in Corporate Communication Platforms

Feislachen et al. [22] explore communication during an online hackathon through sen-
timent analysis of interactions facilitated by Slack. Natural Language Processing tech-
niques and sentiment analysis of emojis reveal positive sentiments in messages related
to motivation and achievements. Challenges include the dataset’s limited geographical
context (South Asia), difficulty in considering cultural differences, and the potential
influence of factors like politeness on emoji usage. Additionally, the study’s focus on
short-term virtual teams using Slack may limit generalizability to other communication
platforms or contexts.

Chatterjee et al. [23] focus on software-related Q&A chat conversations, presenting
a dataset from public Slack communities and a disentanglement algorithm. Challenges
include the unstructured nature of chat forums, platform-specific modifications to the
algorithm, and potential bias arising from public channels. The study contributes to un-
derstanding communication dynamics in open-source software communities but may
require adaptation for other chat platforms.

Wang et al. [24] identify nine categories of Slack group chat channels, leveraging
qualitative coding and machine learning classification. Challenges involve context-
specific findings within an R&D department and potential limitations in generalizing
the machine learning model to other platforms. The study contributes valuable insights
into understanding group communication styles, but the context-specific success metric
and potential generalization issues should be considered.

Chatterjee et al. [25] focus on the potential usefulness of mining developer Q&A
conversations in Slack, comparing content with Stack Overflow. Challenges include
the context-specific focus on public chat communities, difficulties in automated anal-
ysis, and the transient nature of Slack conversations. The study provides valuable
insights into the challenges and potential benefits of mining developer interactions in
Slack for software engineering tools.
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2.2.2.4 Summary of Emotion Recognition in Conversation

Recent advancements in emotion recognition in conversation, as evidenced by studies
such as Ghosal et al. [20] with DialogueGCN and COSMIC by Ghosal et al. [21], mark
significant progress in accurately classifying emotions using advanced neural networks
and integrating commonsense knowledge. Despite these successes, challenges such
as model scalability, reliance on labeled datasets, and generalization across diverse
conversational patterns persist. Furthermore, sentiment analysis in social media and
corporate communication platforms like Twitter and Slack underscores the complexity
of emotion recognition across different contexts. These studies highlight the need for
adaptable models that can account for varied datasets and the importance of addressing
potential biases. The relevance of emotion recognition to enhancing business perfor-
mance, understanding consumer sentiment, and monitoring employee well-being in
corporate communication is evident.

In particular, the insights gained from existing research on sentiment and emotion
detection in platforms like Slack can be directly applied to the development of the
Mentalisys application. By evaluating and selecting the most effective models from
previous studies, the Mentalisys application aims to integrate real-time emotion and
sentiment detection into workplace communication systems to improve employee well-
being monitoring and intervention capabilities.

2.2.3 Emotion Cause Analysis

This section provides an overview of emotion cause analysis, a critical area of research
aimed at identifying the underlying triggers of emotional states from textual data. The
discussion includes key contributions related to emotion annotation, dataset creation,
and modeling approaches. Furthermore, the challenges associated with accurately de-
tecting emotion causes and potential solutions to enhance model generalization and
robustness are addressed.

2.2.3.1 Emotion Annotation and Datasets

In the realm of Emotion Cause Analysis, foundational work has been laid in the anno-
tation of emotions and the creation of datasets. Liu [26] provided a significant contri-
bution with their work on "Sentiment Analysis and Opinion Mining," which introduced
key concepts such as "aspect category" and "aspect expression." However, a limitation
of this work lies in its omission of explicit discussions on methodological constraints
or limitations associated with its proposed techniques.

More recently, Bostan et al. [27] introduced the "GoodNewsEveryone" corpus, a
resource annotated for emotions, semantic roles, and reader perception in news head-
lines. Their two-phase crowdsourcing annotation approach and baseline model for
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semantic role prediction enable further research in emotion classification and cause
detection. However, challenges arise due to the subjective nature of emotion percep-
tion and annotation, emphasizing the complexity of predicting semantic roles in text.

Similarly, the "WRIME: A New Dataset for Emotional Intensity Estimation" by
Kajiwara et al. [28] addresses emotional intensity differences between writers and
readers in a Japanese SNS dataset. While employing various models like Bag-of-
Words with Logistic Regression and pre-trained BERT, the study highlights challenges
in predicting subjective emotional intensity accurately. This underscores the need for
a deeper understanding of writers’ subjective emotions compared to more apparent
objective emotions.

The CAMS dataset (Causal Analysis of Mental Health Issues in Social Media
Posts) introduced by Garg et al. [29] represents a significant advancement in emotion
cause analysis, particularly in mental health research. This annotated corpus combines
3,155 Reddit posts and 1,896 re-annotated instances from the SDCNL dataset, pro-
viding a rich resource for understanding the underlying causes of mental health chal-
lenges. Unlike traditional datasets, CAMS is specifically designed for interpretable
causal analysis, categorizing causes into six key classes, such as relationships, jobs/careers,
and alienation. By offering a robust annotation schema and demonstrating its utility
through machine learning models, CAMS bridges critical gaps in automated causal un-
derstanding. While its focus on social media data aligns with trends in digital mental
health research, the dataset also highlights challenges in subjective annotation and im-
balanced class distribution, emphasizing the need for nuanced methodologies in emo-
tion and cause detection.

2.2.3.2 Modeling Approaches

Several modeling approaches have been proposed to address Emotion Cause Anal-
ysis. Yuan et al. [30] formulate emotion-cause pair extraction as a sequence label-
ing problem, achieving state-of-the-art performance. However, they do not explicitly
discuss potential limitations or constraints associated with the proposed model. The
"Dual-Questioning Attention Network" (DQAN) introduced by Sun et al. [31] excels
in Emotion-Cause Pair Extraction (ECPE). The hierarchical structure of DQAN, incor-
porating word and clause-level analysis with a dual-questioning mechanism, outper-
forms baseline models. However, the paper does not explicitly discuss the limitations
or constraints of the DQAN model or its methodology.

Teodorescu and Mohammad [32] evaluates emotion arcs, emphasizing the efficacy
of lexicon-only methods in generating high-quality emotion arcs from text streams.
While the study successfully demonstrates the effectiveness of simple, interpretable
methods for emotion arc generation, the focus on aggregate-level emotion arcs may
limit its applicability to coherent narratives.
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2.2.3.3 Challenges and Limitations

Despite the advancements, various challenges and limitations persist in Emotion Cause
Analysis. The subjective nature of emotion annotation, limitations in model discus-
sions, and complexities in applicability and generalization are common themes across
the literature.

For instance, Bostan and Klinger [33] focuses on aggregating diverse emotion clas-
sification datasets into a unified format, providing a standardized format but facing
challenges inherent in unifying datasets with differing annotation schemes and do-
mains, which may affect the generalizability of their findings.

Similarly, the multi-label approach for emotion cause detection presented by Chen
et al. [34] shows significant performance improvement. However, the dependency
on linguistic cues, the limited scope of the corpus, and potential challenges in cross-
linguistic applications may affect its broader applicability.

2.2.3.4 Applications and Domains

Studies such as the scoping review by Maleki et al. [35], exploring root causes of insur-
ance deductions in Iranian hospitals, provide valuable insights into specific application
domains. However, the difficulty in finding suitable terms in English databases and po-
tential challenges in cross-cultural generalization may impact the wider applicability
of such studies.

Similarly, the text-document clustering-based cause and effect analysis method-
ology by Verma and Maiti [36], identifying root causes of incidents in a steel plant,
provides a valuable approach. However, dependence on employee perceptions, short
incident descriptions, and the static nature of the analysis may limit its effectiveness in
dynamic environments.

2.2.3.5 Summary of Emotion Cause Analysis

Emotion Cause Analysis has seen considerable progress through foundational studies
such as Liu [26] and Bostan et al. [27], which introduced comprehensive annotation
frameworks and datasets. Despite these advancements, challenges such as subjective
annotation, limited generalization across domains, and difficulty in capturing complex
semantic roles persist. Approaches like Yuan et al. [30]’s sequence labeling and Sun
et al. [31]’s Dual-Questioning Attention Network have demonstrated improvements in
emotion-cause pair extraction, yet they primarily rely on data-driven methods lack-
ing explainability and causal reasoning. The ongoing struggle to generalize findings
across diverse linguistic and cultural contexts underscores the limitations of current
approaches.
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This gap highlights the potential of Neuro-Symbolic AI, which offers a promis-
ing path toward integrating symbolic reasoning with neural learning to enhance in-
terpretability, scalability, and robustness in emotion cause analysis. Leveraging such
techniques can provide deeper insights into causal relationships and improve the re-
liability of emotion detection systems, which is particularly relevant for developing
advanced solutions like the Mentalisys application.

2.2.4 Neuro Symbolic AI-Based Mental Health Detection

Neuro-Symbolic AI combines the strengths of neural networks in learning patterns
from large datasets with the interpretability and domain knowledge provided by sym-
bolic reasoning. This integration is particularly critical in the domain of mental health
detection, where interpretability, reliability, and contextual understanding are essential
due to the sensitive and high-stakes nature of the applications [37].

A significant advancement in this field is the TAM-SENTICNET model, intro-
duced in a study on early detection of depression using Neuro-Symbolic AI via social
media analysis [7]. This approach leverages a symbolic reasoning layer built upon
SenticNet to provide interpretable insights into emotion and sentiment analysis, ad-
dressing challenges in detecting subtle mental health cues. By combining the linguis-
tic capabilities of neural networks with the structured knowledge of symbolic systems,
TAM-SENTICNET demonstrates improved accuracy and transparency in identifying
depressive language patterns.

In the broader context of healthcare applications, Neuro-Symbolic AI has been
shown to address challenges in decision-making, particularly in scenarios where neural
networks alone fail to provide reliable and interpretable results [38]. By integrating
symbolic reasoning, systems can incorporate domain-specific knowledge and causal
relationships, improving their ability to detect mental health conditions like stress and
depression. This integration is critical for ensuring the trustworthiness of AI systems,
especially in healthcare settings.

The Sentic PROMs framework, proposed by Antoniou et al. [8], further illustrates
the potential of Neuro-Symbolic AI in mental health detection. Sentic PROMs bridge
structured questionnaire data with unstructured natural language inputs, enabling more
comprehensive assessments of health-related quality of life. This framework highlights
the importance of explainability in mental health applications, as it allows clinicians to
better understand the rationale behind AI-driven predictions.

While advancements in Neuro-Symbolic AI have improved mental health detec-
tion, challenges remain. The reliance on high-quality annotated datasets, such as those
provided for stress detection and depression analysis, underscores the need for diverse
and representative data sources [39]. Additionally, integrating symbolic reasoning with
neural models often requires extensive computational resources, making scalability an
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ongoing concern [40]. Despite these limitations, the adoption of Neuro-Symbolic AI
offers a promising path forward for building reliable, interpretable, and scalable sys-
tems for mental health monitoring and early detection.

2.2.5 Natural Language Inference (NLI)

Natural Language Inference (NLI) forms the backbone of many Natural Language Pro-
cessing (NLP) applications, enabling systems to deduce logical relationships between
a premise and a hypothesis. It is foundational to tasks such as question answering,
summarization, and dialogue systems. Benchmark datasets like SNLI and MultiNLI
have played a pivotal role in advancing the field, providing large-scale annotated re-
sources for evaluating entailment, contradiction, and neutrality [41, 42]. However,
these datasets primarily focus on general-purpose language understanding, raising con-
cerns about their applicability in specialized fields that require domain-specific reason-
ing or contextual awareness.

Domain-specific datasets like SCITAIL have addressed some of these limitations
by introducing entailment tasks grounded in science question answering [43]. These
tasks demand a deeper integration of domain knowledge and reasoning capabilities,
exposing the limitations of shallow inference models. Similarly, datasets like e-SNLI
extend traditional benchmarks by including human explanations for inferences, pro-
viding a step toward enhancing interpretability and causal understanding [44].

Recent innovations in NLI emphasize improving interpretability and robustness to
address critical limitations of earlier models. For example, graph-constrained reason-
ing leverages structured knowledge graphs to enhance faithfulness and transparency,
mitigating issues such as hallucinations in transformer-based models [45]. Further-
more, commonsense reasoning frameworks like ATOMIC [46] and COMET [47] have
introduced causal relationships into NLI tasks, enabling models to better understand
the "why" behind entailment decisions. Despite these advancements, challenges such
as scalability, generalization, and dataset biases persist, limiting the applicability of
NLI models in real-world domains like emotion cause analysis and mental health mon-
itoring.

Addressing these challenges requires a shift from shallow pattern recognition to-
ward deeper reasoning and causal analysis. The absence of robust causal inference
capabilities in current NLI systems hinders their application in domains where inter-
pretability and context are critical, such as identifying stressors or emotional triggers
in workplace communications. Future research must focus on integrating symbolic
reasoning, commonsense knowledge, and real-world datasets to develop holistic and
scalable NLI solutions.
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2.2.6 Commonsense Reasoning

Commonsense reasoning, the ability of systems to infer unstated assumptions, implicit
relationships, and cause-effect dynamics, is a cornerstone of building intelligent AI
systems. It extends beyond mere pattern recognition to encompass the interpretation of
real-world scenarios and contextual knowledge, which is crucial for tasks like emotion
analysis, causal inference, and decision-making.

Recent advancements, such as Generated Knowledge Prompting (GKP), have sig-
nificantly contributed to this field. GKP enables models to generate task-specific
knowledge without relying on predefined structured knowledge bases, achieving state-
of-the-art performance in tasks like numerical reasoning (NumerSense), general com-
monsense question answering (CommonsenseQA 2.0), and scientific reasoning (QASC) [48].
However, while GKP reduces dependence on static knowledge repositories, it intro-
duces challenges related to the quality and consistency of generated knowledge. With-
out validation mechanisms, GKP-based models risk producing hallucinated outputs,
which limits their reliability in real-world applications.

Techniques like Chain-of-Thought (CoT) prompting have further advanced com-
monsense reasoning by encouraging step-by-step problem solving. CoT improves both
interpretability and accuracy by decomposing complex reasoning tasks into interme-
diate steps [49]. Building on this approach, the Tree-of-Thought (ToT) framework
introduces a generalized reasoning method that explores multiple reasoning paths and
allows for backtracking, enhancing deductive and abductive reasoning [50]. While
CoT and ToT frameworks demonstrate impressive performance on commonsense rea-
soning benchmarks, their computational cost remains a significant barrier to scalability
in dynamic, real-time systems.

Datasets like CommonsenseQA, which challenge models to answer multiple-choice
questions requiring commonsense knowledge [51], and ATOMIC, which focuses on
causal and inferential relationships in everyday situations, have been instrumental in
advancing the field. Additionally, frameworks such as COMET, built upon ATOMIC,
enable models to predict causal, temporal, and social relationships. These resources
highlight the importance of structured commonsense knowledge and its integration
into neural architectures. However, many commonsense datasets still lack cultural di-
versity, which limits their ability to generalize across different languages and contexts.

Despite advancements, commonsense reasoning systems face challenges such as
biases in pre-trained language models, the inherent subjectivity of commonsense knowl-
edge, and the limitations of benchmarks like CommonsenseQA and ATOMIC, which
focus on static, single-turn tasks rather than dynamic, multi-turn reasoning. Future
work should prioritize integrating symbolic and neural reasoning techniques, develop-
ing diverse and comprehensive datasets, and creating scalable frameworks to enhance
their applicability to real-world tasks like emotion cause analysis and mental health
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monitoring, where understanding context and causality is essential.

2.2.7 Prompting in Natural Language Processing

Prompt engineering has revolutionized the application of large language models (LLMs),
enabling task-specific adaptation through structured natural language instructions. This
paradigm reduces the reliance on extensive fine-tuning by leveraging the pre-trained
capabilities of LLMs. Techniques such as few-shot prompting and zero-shot prompt-
ing have demonstrated remarkable generalization across tasks, exemplified by models
like GPT-3, which achieve strong performance with minimal labeled data [52, 53]. By
presenting task instructions directly within the input, these strategies exploit the latent
capabilities of LLMs, offering practical solutions for domains with limited annotated
datasets.

One prominent advancement in prompting is Generated Knowledge Prompting
(GKP), which combines the power of LLMs with external knowledge elicitation. GKP
allows models to generate task-relevant knowledge dynamically, improving perfor-
mance on commonsense reasoning tasks such as CommonsenseQA and NumerSense [48].
However, GKP faces challenges related to the quality and consistency of generated
knowledge, as models are prone to hallucinations and inaccuracies when external val-
idation mechanisms are absent. This underscores the importance of combining GKP
with post-generation validation frameworks to ensure the reliability of outputs in high-
stakes applications.

Frameworks like ReAct (Reasoning and Acting) have further advanced prompt-
ing by enabling models to dynamically interact with external systems, such as APIs,
databases, or knowledge graphs, during inference [54]. ReAct bridges the gap be-
tween static reasoning and real-time action, allowing iterative decision-making that
improves contextual understanding and performance in complex, multi-step inference
tasks. For instance, ReAct has been particularly effective in scenarios requiring access
to dynamic tools, such as retrieving up-to-date information or performing calculations,
which traditional prompting approaches cannot achieve in isolation. However, the
computational complexity and system integration requirements of ReAct present scal-
ability challenges, particularly in real-time applications or environments with limited
resources.

Despite significant advancements, prompting techniques face key limitations, in-
cluding sensitivity to phrasing, which reduces robustness for large-scale applications,
and reliance on immediate context, which limits their effectiveness in tasks requir-
ing long-context reasoning or causal inference. The lack of a universal framework
for evaluating prompts further complicates development, as benchmarks often fail to
address real-world complexities like user errors or incomplete instructions. While re-
sources like the Prompting Guide offer valuable insights into development and opti-
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mizing prompts for tasks such as summarization and translation, practical applications
still demand extensive manual experimentation, as prompt design remains an intricate
and subjective process.

2.2.8 Neuro-Symbolic AI for Workplace Mental Health Monitoring

The application of Neuro-Symbolic AI in mental health monitoring represents a promis-
ing direction for developing explainable and effective models that can capture complex
emotional states and their causes. Neuro-Symbolic AI integrates the pattern recogni-
tion capabilities of neural networks with the interpretability of symbolic reasoning,
making it particularly suitable for high-stakes domains like mental health monitoring
where interpretability and contextual understanding are essential [37].

Several studies have demonstrated the potential of Neuro-Symbolic AI for emotion
and sentiment analysis. The TAM-SENTICNET model, for example, effectively com-
bines symbolic reasoning with neural networks to provide interpretable insights into
depressive language patterns from social media posts [7]. While this model achieves
improved transparency and accuracy in identifying depressive states, it is primarily
designed for social media data and lacks applicability in workplace communication
platforms like Slack.

Similarly, the Sentic PROMs framework proposed by Antoniou et al. [8] bridges
structured questionnaire data with unstructured natural language inputs, highlighting
the importance of explainability in mental health applications. However, it relies
heavily on pre-defined structures, which limits its adaptability to dynamic, informal
communication often encountered in workplace settings. Furthermore, these existing
frameworks do not effectively address the challenge of detecting complex emotional
states like stress and frustration arising from contextual interactions within corporate
platforms.

Despite these advancements, significant gaps remain in applying Neuro-Symbolic
AI to workplace mental health monitoring. Current models face challenges such as
reliance on high-quality annotated datasets, limited generalization capabilities, and
the need for extensive computational resources [39, 40]. More critically, they lack ro-
bust methods for integrating causality and subjective context effectively, particularly in
real-time communication environments like Slack, where textual exchanges are brief,
dynamic, and context-dependent.

To address these limitations, this research proposes the development of a novel
framework known as the Commonsense-Driven Symbolic ReAct-NLI (CSR-NLI)
Prompting Framework. The CSR-NLI framework integrates Natural Language In-
ference (NLI), commonsense reasoning, and Neuro-Symbolic AI to provide context-
aware, explainable, and scalable mental health monitoring solutions tailored to work-
place communication data. Unlike previous approaches, CSR-NLI is specifically de-
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signed to infer causal relationships from employee messages, thereby improving the
detection of nuanced emotional states such as stress, frustration, and burnout.

Furthermore, by leveraging advanced prompting techniques and symbolic reason-
ing, the CSR-NLI framework enhances the interpretability of model outputs and ad-
dresses the limitations of existing models in terms of scalability and generalization.
This integration offers a unique opportunity to bridge the gap between traditional sen-
timent analysis tools and comprehensive mental health monitoring systems, making it
particularly valuable for corporate environments where employee well-being and pro-
ductivity are closely intertwined.

The proposed CSR-NLI framework represents a significant step forward in the de-
velopment of Neuro-Symbolic AI-based mental health monitoring tools. By address-
ing the limitations of existing methods and providing a holistic approach to emotion
recognition, causality detection, and interpretability, this framework offers a robust so-
lution for enhancing employee well-being and fostering a healthier workplace culture.
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CHAPTER 3

METHODOLOGY

3.1 Mentalisys Health Application Development

3.1.1 Overview of the Mentalisys Health Application

The Mentalisys Health Application is an advanced mental health analysis tool de-
signed to assess workplace well-being by analyzing communication data extracted
from Slack. Developed using the H2O Wave framework, the application integrates
sophisticated data visualization and user-friendly interfaces to provide actionable in-
sights for fostering a supportive work environment. Its core purpose is to detect po-
tential signs of stress, depression, and emotional states in employee communications,
enabling organizations to implement timely interventions that promote mental health
and productivity.

At the heart of the application is an AI/ML analytical framework that employs
Natural Language Processing (NLP) techniques to evaluate textual communication
patterns. By analyzing message tone, linguistic changes, and interaction frequencies,
the application identifies early indicators of emotional distress, such as depression and
stress tendencies. This proactive approach empowers organizations to prioritize mental
health while improving workplace engagement and performance.

The Mentalisys Health Application is built on a Model-View-Controller (MVC)
architecture, ensuring scalability, modularity, and maintainability:

• Model: Handles the data representation and business logic, including managing
Slack messages, user information, and team metadata.

• View: Developed using H2O Wave, the View component provides interactive
interfaces such as login pages, admin dashboards, and employee dashboards.
These interfaces offer visualizations of key metrics, such as sentiment trends,
daily message counts, and emotional proportions.

• Controller: Acts as the intermediary between the Model and View, processing
user inputs, handling requests, and ensuring seamless data flow.

The application features two primary dashboards tailored to different user roles:

• Admin Dashboard: Offers a comprehensive overview of the organization’s
mental health status through interactive visualizations. Metrics include channel-
wise message counts, sentiment distributions, employee depression tendencies,
and active versus passive user engagement.
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• Employee Dashboard: Provides personalized insights for employees, including
their current depression tendency score, weekly sentiment trends, emotional fre-
quencies, and the influence of their interactions on colleagues’ emotional states.

Key components of the Mentalisys system include:

• A Slack data extraction bot that retrieves and preprocesses communication data.

• AI/ML modules for sentiment analysis, emotion state classification, and stress
and depression detection.

• MongoDB for storing and managing processed data, ensuring efficient retrieval
and analysis.

• H2O Wave-based dashboards for presenting analytics in an intuitive and action-
able format.

A distinguishing feature of the Mentalisys Health Application is the integration
of a Neuro-Symbolic Prompting Technique (CSR-NLI) for advanced causal reasoning
and classification. This technique, powered by OpenAI APIs, augments traditional
sentiment analysis by providing deeper insights into the reasoning and context behind
messages.

By leveraging these capabilities, the Mentalisys Health Application delivers a ro-
bust, real-time solution for monitoring employee mental well-being. Its ability to trans-
late communication data into meaningful insights helps organizations identify potential
risks early and create healthier, more supportive work environments.

3.1.2 Justification for Choosing Slack as the Primary Communication Platform

The Mentalisys Health Application utilizes Slack as its primary communication plat-
form for analyzing workplace well-being. The selection of Slack over other platforms
was made based on several critical factors that enhance the generalizability of the pro-
posed approach to other workplace communication tools.

Slack offers a comprehensive API that allows for seamless data extraction, pro-
cessing, and integration with third-party analytical tools. Its architecture supports both
public and private channels, making it well-suited for capturing diverse communica-
tion patterns within organizations. Moreover, Slack’s widespread adoption across var-
ious industries, particularly within innovative and tech-forward companies, provides a
robust and relevant dataset for mental health analysis.

The comparative analysis of user demography across various communication plat-
forms is presented in Figure 3.1. The analysis highlights Slack’s considerable market
share, number of customers, and growth rate, which further justifies its selection for
this study. Additionally, while Slack is the primary platform, the methodology can be
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adapted to other platforms such as Microsoft Teams, Discord, Element, Mattermost,
and Google Chat, enhancing the generalizability of the proposed approach.

Fig. 3.1: User Demography and Market Share Analysis of Communication Platforms

3.2 Application Architecture

The Mentalisys Health Application is built upon a robust Model-View-Controller (MVC)
architectural pattern. This design ensures a clear separation of concerns, enhances
scalability, and improves maintainability. The architecture is divided into three pri-
mary components: the Model, the View, and the Controller, each of which plays a
distinct role in the functionality of the system. Additionally, the application integrates
Slack APIs for data extraction, MongoDB for data storage, and H2O Wave for data
visualization.

3.2.1 Model

The Model component is responsible for managing the core data and business logic of
the application. It interacts directly with the MongoDB database, defining the struc-
ture of various entities and handling operations such as data retrieval, validation, and
updates.

In the context of Mentalisys, the key models include:

• User Model: Stores user-related data such as usernames, passwords, email ad-
dresses, registration status, and mental health indicators such as depression ten-
dency. Each user is assigned a role (e.g., admin or employee) for access control
within the system.
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• Team Model: Represents an organizational team, storing metadata such as the
team name and team members. A list of associated users ensures structured
access and interaction within a workplace.

• Message Model: Represents individual Slack messages, capturing message con-
tent, timestamps, and references to users, channels, and threads. Additionally,
this model incorporates embedded predictions for sentiment analysis, emotion
recognition, and depression tendency assessment, facilitating AI-driven mental
health monitoring.

• Channel Model: Stores information about Slack channels, including the chan-
nel ID, channel name, privacy status (public or private), and its associated team.
This model ensures structured data organization across workplace conversations.

The Model implements CRUD (Create, Read, Update, Delete) operations, enforces
business rules, and ensures data consistency. This layer is critical for seamless integra-
tion with both the Slack APIs and the AI/ML analytical modules.

3.2.2 View

The View component is responsible for rendering the user interface and presenting
data in an intuitive and interactive format. Built using the H2O Wave framework,
this component ensures real-time updates, dynamic visualizations, and a seamless user
experience. The Mentalisys application consists of the following key views:

• Login and Registration Pages: Enable secure authentication, allowing users to
log in, register, and reset passwords. The UI includes validation handling and
notification-based feedback to enhance security and accessibility.

• Admin Dashboard: Provides administrators with high-level analytics, includ-
ing:

– Channel-wise and user-wise message counts.

– Sentiment and emotion distribution metrics.

– Depression tendency tracking over time.

– Interactive visualizations such as pie charts, bar graphs, and statistical
overviews.

• Employee Dashboard: Displays personalized mental health insights for users,
including:

– Individual depression tendency scores and sentiment trends.
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– Communication activity analytics (messaging patterns and engagement).

– Impact analysis of user interactions on colleagues’ well-being.

– Box plots, line charts, and structured tables for interactive data representa-
tion.

The View component dynamically updates based on underlying data changes and
ensures a fluid, responsive interaction for users. With its structured interface and real-
time analytics, the Mentalisys application effectively bridges the gap between conver-
sational data and mental health insights.

3.2.3 Controller

The Controller serves as the intermediary between the Model and the View, orchestrat-
ing user inputs, data processing, and interface updates. It ensures that the right data is
retrieved, processed, and displayed effectively. In Mentalisys, the Controller handles
the following key tasks:

• User Authentication: Manages secure registration, login, and session handling.
Ensures users are verified before accessing the system.

• Data Retrieval:

– Fetches Slack communication data, user details, and AI/ML-generated pre-
dictions from the MongoDB database.

– Retrieves user-specific analytics, including depression tendency scores and
engagement patterns.

– Extracts message statistics by sentiment, emotion, and channel activity.

• Data Processing and Analysis:

– Implements AI/ML-based sentiment analysis, emotion recognition, and
stress detection models.

– Aggregates user messages to track depression tendency trends over time.

– Analyzes channel-wise engagement to assess how conversations impact
workplace well-being.

• Channel and User Engagement Tracking:

– Monitors Slack channel interactions, including message frequency and user
participation.

– Identifies the most active and passive users based on messaging behavior.
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– Extracts insights on the influence of user communication on team mental
health.

The Controller ensures seamless integration between the backend and the user in-
terface, dynamically updating dashboards based on real-time data. By managing data
flow efficiently, it enables a robust and interactive experience for administrators and
employees alike.

3.2.4 Integration of Slack APIs, MongoDB, and H2O Wave

The Mentalisys Health Application integrates various technologies to ensure seamless
data extraction, processing, storage, and visualization. Slack APIs are used for data
extraction, MongoDB for storing structured data, and H2O Wave for developing inter-
active dashboards. The overall system workflow is illustrated in Figure 3.2.

Fig. 3.2: Architecture of the Mentalisys Health Application

3.2.5 Workflow Explanation

The Mentalisys Health Application architecture, as shown in Figure 3.2, comprises the
following key components:

• Slack Communication Data Source: Slack APIs are used to extract messages
and metadata from Slack channels.
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• Slack Data Manager Bot: This custom-built bot processes and pre-processes
extracted Slack data for further analysis.

• AI/ML Analytical Framework: Includes modules for sentiment analysis, emo-
tional state classification, stress and depression detection, and the Neuro-Symbolic
Prompting Module powered by OpenAI APIs.

• Processed Data Storage: MongoDB serves as the repository for both raw and
processed data.

• Mentalisys Application: Built on H2O Wave, this application visualizes the
processed data via admin and employee dashboards.

This architecture ensures seamless data flow and integration between components,
enabling real-time monitoring and actionable insights into employee well-being.

3.2.6 Benefits of the MVC Architecture

The adoption of the MVC architecture enhances the modularity of the Mentalisys
Health Application. Each component can be independently developed, tested, and
maintained, ensuring scalability and adaptability for future updates. This design also
facilitates seamless integration of advanced AI/ML modules, such as the Neuro-Symbolic
Prompting Module, while maintaining a clean and efficient system structure.

By leveraging the MVC pattern and integrating state-of-the-art technologies, the
Mentalisys Health Application delivers a scalable, maintainable, and user-friendly
platform for workplace mental health monitoring.

3.3 Slack Data Manager Bot

The Slack Data Manager Bot serves as the primary data extraction module within the
Mentalisys Health Application. This bot interacts with Slack APIs to retrieve, prepro-
cess, and store communication data, forming the foundation for advanced sentiment
and emotion analysis. It is designed to extract Slack messages from public and private
channels, ensuring comprehensive data collection for workplace well-being analysis.

3.3.1 Core Functionalities

The Slack Data Manager Bot performs the following key functions:

• Message Extraction: Retrieves both general messages and threaded replies
from specified Slack channels using the conversations_history and
conversations_repliesAPI methods. It includes metadata such as times-
tamps, user IDs, and reactions.
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• Thread Handling: Identifies threaded messages by checking the thread_ts
field and retrieves parent messages along with their replies, ensuring a complete
understanding of conversations.

• Metadata Collection: Captures supplementary data such as user information,
team identifiers, and channel details for contextual analysis.

• Time Filtering: Allows for time-specific data extraction to target messages
within a defined period, facilitating periodic analysis and monitoring.

• Preprocessing: Formats extracted data into structured records, removing dupli-
cates and ensuring only relevant attributes are retained. The bot filters out sys-
tem messages (e.g., bot_message, channel_join) while retaining user-
generated content.

• Reactions and Mentions Processing: Extracts and stores reactions within the
messages collection as an array of reaction details. Mentions (<@user_id>)
are resolved using the users collection.

• Database Integration: Stores the preprocessed data in MongoDB, maintaining
indexed collections for users, teams, channels, and messages. Indexes are placed
on user_id, thread_ts, and timestamp for efficient querying.

3.3.2 Slack Data Extraction Pipeline

The Slack Data Extraction Pipeline is designed to capture and organize communication
data from Slack into a structured format for further processing and analysis. Figure 3.3
illustrates the data model derived from SlackExtractionPipelineDDL.png.

3.3.2.1 Data Model Overview

The pipeline is designed around several key entities, each playing a critical role in
organizing Slack communication data:

• User: Represents Slack users interacting within the workspace. Users are linked
to messages they create and reactions they provide.

• Team: Corresponds to the Slack workspace, grouping users and channels.

• Channel: Denotes communication channels within the workspace where mes-
sages and threads are exchanged.

• Thread: Represents discussions extending from a parent message within a chan-
nel. Tracks parent-child relationships between messages.
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Fig. 3.3: Slack Data Extraction Pipeline Data Model

• Message: Represents the core communication exchanged in Slack, containing
textual content, timestamps, and metadata.

• Reaction: Tracks user interactions with messages through emojis, providing
additional context about the message’s reception.

3.3.2.2 Entity Relationships

The relationships between these entities ensure comprehensive data organization and
contextual understanding:

• User → Message: Captures messages authored by users.

• Team → Channel: Represents the association between Slack workspaces and
their channels.

• Channel → Thread → Message: Shows the hierarchical flow from channels to
threads and individual messages within those threads.
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• Reaction → Message: Highlights user interactions with specific messages.

This structured data pipeline facilitates efficient storage, querying, and analysis,
forming the backbone of the Mentalisys Health Application’s analytical capabilities.

3.3.3 Development Steps

The development of the Slack Data Manager Bot involved several key steps:

1. Setup and Dependencies: The bot is implemented in Python using the follow-
ing libraries:

slack-sdk==3.23.0

python-dotenv==0.21.0

pymongo==4.5.0

2. Channel Enumeration: The bot uses the conversations_listAPI method
to enumerate all public and private channels where it is a member.

3. Message Retrieval: Messages are fetched using conversations_history,
while threaded replies are captured with conversations_replies. The
retrieved data includes reactions, mentions, and emojis.

4. Preprocessing: Extracted data is cleaned to remove unnecessary records, dupli-
cates, non-user messages (e.g., bot messages), and deleted messages.

5. Data Storage: The cleaned data is stored in MongoDB collections optimized
for performance:

• Users: Stores user IDs, roles, and team affiliations.

• Teams: Captures workspace-specific metadata.

• Channels: Contains channel names and visibility details.

• Messages: Stores message content, timestamps, metadata, reactions, and
mentions.

3.3.4 Slack Bot Setup and Permissions

To extract messages and interact with Slack APIs, the Slack Data Manager Bot must
be configured within the Slack Developer Console. Figure 3.4 shows the bot’s setup in
the Slack API console.
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Fig. 3.4: Slack API Console: Bot Dashboard and Permissions Setup

3.3.4.1 Bot Configuration Workflow

The configuration workflow involves:

• Creating a new Slack app in the Developer Console and naming it appropriately
(e.g., "Get Messages").

• Assigning scopes such as:

– channels:history, channels:read - To fetch messages.

– users:read - To retrieve user metadata.

– conversations:read - Required to fetch private and direct messages.

• Deploying the app within the workspace and granting it access permissions.
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Once configured, the bot can interact with public and private Slack channels to
extract and process data efficiently.

3.3.5 Future Enhancements

The following features are planned for future development:

• Shared Channels: Extend support for Slack Connect channels across workspaces.

• File Attachments: Extract and categorize messages containing files or links.

• Message Edits and Deletions: Implement tracking of edited and deleted mes-
sages.

The Slack Data Manager Bot is a critical module in the Mentalisys Health Application,
facilitating continuous and efficient data extraction. By leveraging Slack APIs and
advanced preprocessing techniques, it ensures a robust foundation for real-time mental
health monitoring and analysis.

3.4 AI/ML Analytical Framework

3.4.1 Emotional State Analysis Module

The Emotional State Analysis Module is a key component of the Mentalisys applica-
tion, providing real-time analysis and categorization of user messages into emotional
states. The module utilizes advanced machine learning techniques and is powered by
well-curated datasets.

3.4.1.1 Dataset Benchmarking and Selection

Several datasets were considered for building the emotion analysis model. Table 3.1
presents a detailed benchmarking of prominent datasets for emotion recognition in
conversations.

After evaluating the datasets, the CARER (Contextualized Affect Representations
for Emotion Recognition) dataset was selected due to its large-scale, high-coverage
emotion representation model and superior generalizability for textual emotion recog-
nition.

3.4.1.2 CARER Dataset

The CARER dataset introduces a novel approach to textual emotion recognition by
leveraging contextualized affect representations, which enrich emotion detection via
pattern-based embedding techniques [55]. The dataset was created using a distant su-
pervision approach by collecting emotion-labeled tweets based on hashtag annotations.
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TABLE 3.1: Benchmarking of Emotion Recognition Datasets

Dataset Name Description # Samples / Ut-
terances

# Classes (Emotions) Evaluation Met-
ric

SOTA Perfor-
mance

CARER Contextualized af-
fect representations
for textual emotion
recognition based on
enriched pattern-based
embeddings [55].

10M tweets (dis-
tant supervision)

Anger, Anticipation,
Disgust, Fear, Joy, Sad-
ness, Surprise, Trust

F1: 79% CARER

GoEmotions 58k English Reddit
comments labeled
for 27 emotions and
neutral.

58,009 utterances 27 emotions + Neutral Average F1: 46% BERT

Emotion Dataset Dataset of English
Twitter messages
labeled with six emo-
tions.

2,000 tweets Anger, Fear, Joy, Love,
Sadness, Surprise

F1: 93.8% DistilBERT

EmoryNLP Textual data from the
Friends TV series;
annotated with seven
emotion categories.

12,606 utterances Sad, Mad, Scared,
Powerful, Peaceful,
Joyful, Neutral

Weighted F1:
42.08%

CKERC

EmoContext Three-turn English
Tweets labeled for four
emotions.

30,160 dialogues Happy, Sad, Angry,
Others

Micro F1:
77.65%

NELEC

RECCON Dataset for emotion
cause recognition in
conversations.

10,600 utterances Angry, Excited, Fear,
Sad, Surprise, Frus-
tration, Happy, Disap-
pointed, Disgust, Neu-
tral

Micro F1:
75.71%

SpanBERT

DailyDialog Multi-turn English di-
alogues annotated with
emotions.

13,118 dialogues Anger, Disgust, Fear,
Happiness, Sadness,
Surprise

Micro F1:
64.07%

S+PAGE

CARER is specifically designed to capture nuanced emotion expression across diverse
text sources.

3.4.1.2.1 Key Features of CARER

• Distant Supervision: The dataset includes over 10M tweets annotated for emo-
tions based on 339 emotion-related hashtags, providing a vast, diverse training
corpus.

• Pattern-Based Embeddings: Unlike traditional lexicon or rule-based approaches,
CARER employs enriched emotion pattern extraction using graph-based repre-
sentations, significantly improving emotion recognition performance.

• Context-Aware Modeling: The dataset incorporates contextual dependencies,
enabling models to capture emotions beyond mere word presence and infer latent
emotional cues in textual interactions.

3.4.1.2.2 Dataset Statistics Table 3.2 provides an overview of the CARER dataset
distribution and its emotion categories.

3.4.1.2.3 Application in Mentalisys: The CARER dataset is highly suitable for
Mentalisys, as it provides a scalable, robust, and domain-adaptive model for text-based
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TABLE 3.2: CARER Dataset Statistics

Statistic Count
Number of Tweets 10M+
Number of Unique Hashtags Used 339
Number of Emotion Categories 8
Emotion Distribution:
Anger 102,289
Anticipation 3,975
Disgust 8,934
Fear 102,460
Joy 167,027
Sadness 214,454
Surprise 46,101
Trust 19,222

emotion recognition. Its contextualized approach improves the detection of subtle
emotional cues in workplace communication, making it ideal for assessing employee
emotion within Slack conversations.

3.4.1.3 Emotion Analysis Model Development

The Emotion Analysis Module classifies Slack messages into one of several emotional
categories to gain insights into workplace communication patterns. The model was
developed using the CARER dataset through the following process:

• Preprocessing: Slack messages were cleaned using tokenization, stopword re-
moval, and lemmatization to standardize text data. Emotion labels were encoded
for classification.

• Feature Engineering: Textual features were extracted using TF-IDF vectoriza-
tion to capture relevant linguistic patterns.

• Model Training: Multiple machine learning models, including Logistic Regres-
sion, Naïve Bayes, Decision Trees, Random Forest, and SVM, were trained to
classify emotions.

• Evaluation: The models were assessed using accuracy, precision, recall, and
F1-score to determine the most effective classifier.

• Integration: The selected emotion classification model was deployed into Men-
talisys for real-time emotion detection, enabling dynamic analysis of workplace
communication.
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By integrating emotion classification into Mentalisys, this module provides valu-
able insights into employee emotional states, supporting mental health monitoring and
organizational well-being.

3.4.2 Sentiment, Stress, and Depression Analysis Modules

The Mentalisys application incorporates modules for Sentiment Analysis, Stress Anal-
ysis, and Depression Detection to assess employee communication. These modules
work together to provide insights into workplace sentiment and mental well-being.

A common dataset, Dreaddit, was selected as the benchmark dataset for training
and evaluation due to its rich annotations covering both sentiment and stress indica-
tors. The dataset comprises 190K Reddit posts, with 3.5K manually labeled segments,
making it well-suited for analyzing emotional and mental health trends in text-based
conversations.

3.4.2.1 Dataset Benchmarking and Selection

To determine the most suitable dataset, multiple publicly available datasets were evalu-
ated. Table 3.3 presents a summary of the datasets considered. Dreaddit was chosen for
its multi-domain coverage, detailed sentiment annotations (positive, neutral, negative),
and binary stress labels (stress, non-stress), making it applicable to both sentiment
analysis, stress analysis, and depression detection.

TABLE 3.3: Benchmarking of Sentiment and Stress Analysis Datasets

Dataset Name Description # Samples # Classes Evaluation Metric SOTA Perfor-
mance

Dreaddit A dataset from Reddit
annotated for sentiment
and stress analysis.

3,554 labeled
segments

3 (Positive,
Neutral,
Negative)
+ 2 (Stress,
Non-
Stress)

Accuracy, F1-Score,
Precision, Recall

N/A

Kayalvizhi Depression-level detec-
tion dataset from social
media.

16,632 3 (Not
Depressed,
Moderately
Depressed,
Severely
Depressed)

F1-Score, Accuracy Word2Vec
+ Random
Forest: 87.7%

MDDL Multimodal learning
dataset for depression
detection.

Tweets from
2009-2016

2 (De-
pressed,
Non-
Depressed)

F1-Score MDL: 85%

RSDD Reddit posts from self-
reported depression-
diagnosed users and
controls.

9,000 users
with depression;
107,000 controls

2 (De-
pressed,
Non-
Depressed)

F1-Score CNN: 51%
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3.4.2.2 Sentiment Analysis Model Development

The Sentiment Analysis Module classifies Slack messages into positive, neutral, or
negative sentiment to monitor workplace mood. The model was developed using the
Dreaddit dataset through the following process:

• Preprocessing: Slack messages were cleaned by removing special characters,
stopwords, and redundant spaces. Sentiment labels were encoded for training.

• Feature Engineering: TF-IDF vectorization was applied to extract meaningful
text representations.

• Model Training: Multiple machine learning models, including Logistic Re-
gression, Support Vector Machines (SVM), Multinomial Naïve Bayes, Decision
Trees, and Random Forest, were trained to classify sentiment.

• Evaluation: The models were assessed using accuracy, precision, recall, and
F1-score to determine the best-performing sentiment classifier.

• Integration: The selected sentiment model was deployed into Mentalisys for
real-time message classification and workplace sentiment tracking.

By tracking sentiment trends, this module provides organizations with actionable
insights to improve workplace communication.

3.4.2.3 Stress and Depression Analysis Model Development

The Stress and Depression Analysis Module detects stress-inducing and depressive
language in employee messages. The model was developed using Dreaddit’s stress
labels and trained using the following structured pipeline:

• Preprocessing: Messages were preprocessed through tokenization, stopword
removal, and lemmatization. Stress labels were encoded for classification.

• Feature Engineering: Linguistic features such as emotional tone, sentiment
polarity, and contextual language patterns were extracted from the text.

• Model Training: Various models, including Logistic Regression, SVM, Ran-
dom Forest, and Transformer-based deep learning models (e.g., BERT), were
trained to classify stress and depression.

• Evaluation: Model performance was evaluated using accuracy, precision, re-
call, and F1-score to identify the most effective classifier.

• Integration: The best-performing model was integrated into Mentalisys to an-
alyze messages in real-time, providing insights into stress levels and depression
indicators.
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3.4.2.3.1 Output and Usage The module assigns a stress and depression score to
each message, enabling HR and managers to monitor employee well-being. Insights
are visualized in the admin and employee dashboards to aid proactive intervention.

3.4.2.4 Conclusion

By leveraging the Dreaddit dataset and advanced machine learning models, these mod-
ules provide a comprehensive analysis of sentiment, stress, and depression in work-
place communication. This integration enhances mental health awareness and supports
timely interventions for employee well-being.

3.4.3 Neuro-Symbolic Prompting Module

The Neuro-Symbolic Prompting Module introduces the Commonsense-Driven Sym-
bolic ReAct-NLI (CSR-NLI) framework, integrating symbolic reasoning and neural
inference to achieve causal reasoning and classification for conversational messages.
This module utilizes the CAMS Dataset for causal analysis, supported by OpenAI APIs
for real-time reasoning.

3.4.3.1 Dataset Benchmarking and Selection

The CAMS Dataset was chosen for its emphasis on causal analysis of mental health
issues in social media posts.

TABLE 3.4: Benchmarking of Stress and Depression Causality Analysis Datasets

Dataset Name Description # Samples # Classes Evaluation
Metric

SOTA Perfor-
mance

CAMS: An Annotated
Corpus for Causal
Analysis of Mental
Health Issues in Social
Media Posts

A dataset focusing on
analyzing reasons be-
hind mental health is-
sues expressed in social
media posts. Includes
annotations for causal
interpretation and cate-
gorization.

5,051 Reddit
posts (3,155
crawled and
annotated; 1,896
re-annotated
from the SDCNL
dataset)

6 (No Reason, Bias or
Abuse, Jobs and Ca-
reers, Medication, Re-
lationship, Alienation)

Accuracy,
F1-Score

Logistic Re-
gression:
50.13%;
CNN-LSTM:
47.78%

SAD: A Stress An-
notated Dataset for
Recognizing Everyday
Stressors in SMS-like
Conversational Sys-
tems

Identifies and classi-
fies everyday stressors
in SMS-like conversa-
tions, providing annota-
tions for stressor types
and presence.

6,850 SMS-like
sentences

10 (Work, School,
Financial Problems,
Emotional Turmoil,
Social Relationships,
Family Issues, Health,
Fatigue, Everyday De-
cision Making, Other)

F1-Score BERT: 80.9%

Causal Explanation
Analysis on Social
Media Dataset

Facebook status up-
dates manually labeled
to identify whether
messages contain
causal explanations
and the specific causal
spans.

3,268 messages
(1,600 contain
causal explana-
tions)

Not Specified F1-Score Bidirectional
LSTMs for
causal ex-
planation
identification:
85.3%

Key attributes include:
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• Size: 5051 annotated instances combining crawled Reddit data and re-annotated
SDCNL datasets.

• Categories: Six causal classes covering diverse mental health challenges.

• Metrics: Performance benchmarks demonstrated by Logistic Regression (F1:
0.5013) outperforming CNN-LSTM models.

3.4.3.2 Detailed Dataset Description

The CAMS dataset provides causal annotations for Reddit posts, facilitating inter-
pretable analysis. The table below summarizes its structure:

TABLE 3.5: CAMS Dataset Overview

Cause Instances Min Length Max Length Avg Length
No Reason 694 1 508 59.78
Bias or Abuse 351 6 2109 347.48
Jobs and Careers 628 13 2258 228.28
Medication 623 5 1552 213.83
Relationships 1344 2 3877 229.35
Alienation 1408 3 1592 153.86

Annotations include causal interpretation and categorization, providing a compre-
hensive resource for mental health analysis.

3.4.3.3 Background of Commonsense-Driven Symbolic ReAct-NLI (CSR-NLI)

The CSR-NLI framework is based on fundamental concepts from Neuro-Symbolic AI
(NSAI), which integrates neural networks and symbolic reasoning to enhance inter-
pretability and robustness in natural language processing tasks. This section provides
the theoretical background that underpins CSR-NLI, explaining how key concepts like
commonsense reasoning, Natural Language Inference (NLI), symbolic logic, and iter-
ative refinement contribute to the reasoning process.

3.4.3.3.1 Commonsense Reasoning Commonsense reasoning enables AI systems
to make logical inferences beyond surface-level text analysis. Unlike rule-based sys-
tems that rely on predefined heuristics, CSR-NLI employs a dynamic commonsense
hypothesis generator that adapts to diverse conversational inputs. The inclusion of
commonsense reasoning:

• Provides contextual grounding for causal classification.

• Allows the system to infer implicit relationships between concepts.

• Ensures that AI-generated explanations are aligned with human expectations.
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3.4.3.3.2 Natural Language Inference (NLI) Natural Language Inference (NLI)
is a fundamental task in natural language understanding where a system determines
the relationship between a premise and a hypothesis. The CSR-NLI framework builds
upon this principle by:

• Treating the employee message as the premise.

• Generating a commonsense hypothesis dynamically as a benchmark for causal
reasoning.

• Using NLI classification to validate generated reasoning with three possible la-
bels:

– Entailment – The reasoning logically aligns with the hypothesis.

– Contradiction – The reasoning contradicts the hypothesis.

– Neutral – The reasoning lacks sufficient alignment with the hypothesis.

By grounding reasoning in NLI principles, CSR-NLI ensures that causal classifications
maintain logical consistency with real-world knowledge.

3.4.3.3.3 Symbolic Reasoning and Logical Validation Symbolic reasoning en-
sures that AI-generated explanations are interpretable and verifiable. In CSR-NLI,
symbolic reasoning is embedded through:

• The comparison of generated reasoning against a predefined hypothesis.

• The iterative refinement of explanations to achieve logical entailment.

• The use of symbolic inference rules to classify reasoning into meaningful cate-
gories.

This integration prevents neural models from producing inconsistent or contradictory
results, enhancing the overall robustness of the system.

3.4.3.3.4 Iterative Refinement with the ReAct Framework The ReAct frame-
work (Reasoning + Acting) enables CSR-NLI to perform step-by-step reasoning and
correction before finalizing causal classifications. The iterative process consists of:

• Thought – Generating an initial reasoning step based on the premise.

• Action – Comparing the generated reasoning against the commonsense hypoth-
esis.

• Observation – Evaluating whether reasoning aligns with the hypothesis and re-
fining if necessary.
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This structured iteration ensures that the final reasoning is both logically valid and
aligned with commonsense expectations.

3.4.3.3.5 The Role of Neuro-Symbolic AI in CSR-NLI Neuro-Symbolic AI (NSAI)
integrates the pattern recognition capabilities of neural models with the logical consis-
tency of symbolic methods. This hybrid approach is crucial for:

• Enhancing interpretability – Unlike black-box neural networks, symbolic rea-
soning provides a transparent decision-making process.

• Improving generalization – By relying on commonsense knowledge rather than
pure data-driven learning, CSR-NLI can handle diverse conversational inputs
effectively.

• Ensuring robustness – The iterative refinement process corrects inconsistencies,
reducing the likelihood of ambiguous or incorrect classifications.

3.4.3.3.6 Conclusion CSR-NLI leverages NLI, commonsense reasoning, symbolic
validation, and iterative refinement to create an interpretable and robust AI reasoning
system. By integrating Neuro-Symbolic AI principles, it provides a structured yet
adaptable approach to classifying conversational messages in real-world applications.

3.4.3.4 Commonsense-Driven Symbolic ReAct-NLI Prompting (CSR-NLI)

The CSR-NLI framework, depicted in Figure 3.5, integrates commonsense reasoning
with natural language inference (NLI) for causal analysis and classification. It com-
bines neural generation (via LLMs) with symbolic reasoning (logical validation and
iterative refinement) to ensure interpretable and consistent decision-making. At its
core, it employs the ReAct framework, iteratively refining causal reasoning through a
structured workflow.

3.4.3.4.1 Input Premise and Hypothesis Generation The process begins with
an Input Premise, representing an employee’s conversational message extracted from
Slack. The Commonsense Hypothesis Generator then formulates a hypothesis grounded
in real-world knowledge.

For example:

• Input Premise: “I feel overwhelmed at work due to upcoming deadlines.”

• Commonsense Hypothesis: “Deadlines often cause stress in jobs and careers.”

This hypothesis acts as a logical benchmark against which causal reasoning is eval-
uated.
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Fig. 3.5: Commonsense-Driven Symbolic ReAct-NLI (CSR-NLI) Framework

3.4.3.4.2 Iterative Reasoning with ReAct The reasoning process is guided by the
ReAct framework, which integrates symbolic inference and NLI principles into a struc-
tured iterative workflow:

• Thought: Analyze the premise and generate an initial causal category and rea-
soning.

• Action: Compare the inferred reasoning against a commonsense hypothesis,
ensuring alignment within the NLI framework.

• Observation: Validate or refine the reasoning based on predefined symbolic
rules. If reasoning does not achieve entailment, the system re-generates reason-
ing iteratively.

This iterative refinement ensures logical consistency and enhances the interpretabil-
ity of causal classification.

3.4.3.4.3 Reasoning Generation and Causal Classification The Reasoning Gen-
erator derives causal explanations from the premise, mapping employee concerns to
predefined categories:

• C1: No reason

• C2: Jobs and careers

• C3: Medication
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• C4: Relationship

• C5: Alienation

• C6: Bias or abuse

For example:

• Input Premise: "I am feeling anxious because I am not sure if I’ll meet the
deadline at work."

• Reasoning: "The message explicitly mentions ’deadline at work,’ linking anxiety
to job-related stress."

• Category: C2 (Jobs and careers)

The reasoning is then compared against the commonsense hypothesis to verify
alignment.

3.4.3.4.4 NLI-Based Symbolic Comparison and Classification The system cat-
egorizes the reasoning into one of three NLI-based classifications; entailment, contra-
diction, or neutral based on its alignment with the commonsense hypothesis. These
classifications are determined using fixed symbolic inference rules:

• Entailment Rule: The reasoning logically supports the hypothesis, confirming
its validity.

• Contradiction Rule: The reasoning opposes the hypothesis, leading to a logical
disagreement.

• Neutral Rule: The reasoning lacks sufficient evidence to either confirm or con-
tradict the hypothesis.

Unlike dynamically generated reasoning, which varies based on input messages,
these symbolic inference rules remain fixed. They provide a structured validation
mechanism, ensuring logical consistency in classification. If the reasoning does not
satisfy the entailment rule, the system iteratively refines it using the ReAct framework
until alignment with the hypothesis is achieved.

3.4.3.4.5 Final Output: Category and Reason The framework outputs the as-
signed causal category (e.g., "C2: Jobs and Careers") along with a detailed explanation
of causality. These insights enable actionable decision-making for assessing employee
mental health.
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3.4.3.4.6 Significance and Application The CSR-NLI framework integrates dy-
namic commonsense reasoning with iterative symbolic analysis, ensuring adaptability
to diverse conversational contexts. By combining neural models with symbolic valida-
tion, it enhances interpretability, reliability, and scalability. Embedded into the Men-
talisys Health Application, this module enables real-time Slack data analysis, allowing
for precise identification of workplace stressors while maintaining logical consistency.

3.4.3.5 Prompt Design

3.4.3.5.1 System Prompt The system prompt is designed to guide the language
model in performing Neuro-Symbolic AI (NSAI) reasoning through a structured Nat-
ural Language Inference (NLI) workflow. The key components of the system prompt
include:

• Introductory Message: The system initializes with an instruction emphasizing
that the AI is an advanced assistant integrating Neuro-Symbolic AI principles to
classify employee conversational messages.

• Commonsense Hypothesis Generation:

– The system first generates a commonsense hypothesis based on the em-
ployee’s message (premise).

– Example system prompt:

"You are a commonsense reasoning and moral philosophy expert.
Your task is to generate a ’hypothesis’ statement based on com-
monsense factors related to the situation being evaluated."

– This ensures that the AI generates a hypothesis grounded in real-world
logical reasoning.

• Reasoning and Category Generation:

– The system then generates a causal explanation and assigns it to a prede-
fined category.

– Example system prompt:

"Given the premise: premise, generate a reasoning statement that
explains the cause of this situation and classify it into one of six
predefined categories."

• Categories: The system classifies messages into the following categories:

1. C1: No reason
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2. C2: Jobs and careers

3. C3: Medication

4. C4: Relationship

5. C5: Alienation

6. C6: Bias or abuse

• Comparison and Iterative Refinement Using ReAct:

– The AI compares the generated reasoning with the commonsense hypoth-
esis.

– The reasoning is classified into one of three NLI-based categories:

* Entailment: The reasoning aligns with the hypothesis.

* Contradiction: The reasoning conflicts with the hypothesis.

* Neutral: The reasoning provides insufficient evidence.

– If the reasoning does not achieve entailment, the system regenerates the
reasoning iteratively until alignment is reached.

• Final Output: Once entailment is achieved, the system outputs:

– Category: The assigned causal classification.

– Reasoning: A detailed explanation of causality, ensuring alignment with
the hypothesis.

3.4.3.5.2 User Prompt The user prompt consists of a simple input format where
an employee message (premise) is submitted to the system for causal reasoning and
classification.

• Premise: "I am feeling anxious because I am not sure if I’ll meet the deadline
at work."

The system then performs the complete workflow, from hypothesis generation to
iterative reasoning refinement, before outputting the final classified reasoning.

3.4.3.6 Example Workflow Demonstrating CSR-NLI in Action

The following example illustrates how the CSR-NLI framework processes an em-
ployee message by generating a commonsense hypothesis, iterating through reasoning
refinements, and finalizing a causal classification.

49



3.4.3.6.1 Step 1: Generate Commonsense Hypothesis The system first generates
a commonsense hypothesis to establish a logical benchmark for evaluating causal rea-
soning.

• Premise: "I am feeling anxious because I am not sure if I’ll meet the deadline
at work."

• Comonsense Hypothesis: "Deadlines often cause stress in jobs and careers."

This hypothesis serves as a structured commonsense assumption against which the
system will evaluate reasoning.

3.4.3.6.2 Step 2: Iterative Reasoning Using ReAct The system iteratively refines
reasoning through the ReAct framework, ensuring logical consistency and alignment
with the hypothesis.

• Iteration 1:

– Thought 1: "The message mentions anxiety, but it doesn’t explicitly link
it to work. The stress could stem from personal issues."

– Action 1: "Compare the reasoning with the hypothesis: ’Deadlines often
cause stress in jobs and careers.’"

– Observation 1: "The hypothesis suggests a job-related cause, but the rea-
soning does not explicitly confirm it."

– Label: Contradiction.

• Iteration 2:

– Thought 2: "The message contains the word ’deadline,’ which might indi-
cate work-related stress, but it’s not explicitly stated."

– Action 2: "Reassess reasoning against the hypothesis."

– Observation 2: "The hypothesis aligns partially, but more concrete evi-
dence is required."

– Label: Neutral.

• Iteration 3:

– Thought 3: "The message explicitly states ’deadline at work,’ directly
linking anxiety to job-related stress."

– Action 3: "Validate reasoning against the hypothesis: ’Deadlines often
cause stress in jobs and careers.’"

– Observation 3: "The hypothesis fully aligns with the message context."

– Label: Entailment.

50



3.4.3.6.3 Step 3: Final Reasoning and Output Once entailment is achieved, the
system finalizes the reasoning and assigns a causal category.

• Final Reasoning: "The message explicitly mentions ’deadline at work,’ linking
anxiety to job-related stress. This aligns with the hypothesis that deadlines often
cause stress in jobs."

• Assigned Category: C2 (Jobs and Careers)

3.4.3.6.4 Key Takeaways

• The system ensures that reasoning aligns logically with commonsense knowl-
edge before final classification.

• The iterative refinement process prevents incorrect or ambiguous classifications
by ensuring alignment before finalizing reasoning.

• The symbolic comparison step ensures interpretability and explainability of the
final output.

3.5 Data Storage and Integration

The Data Storage and Integration module in the Mentalisys application leverages
MongoDB to handle the processed Slack data efficiently. This section details the data
pipeline and schema design, showcasing the robust integration between the AI/ML
modules and the MongoDB database.

3.5.1 MongoDB Overview and Collections

MongoDB is chosen for its flexibility in storing unstructured data and handling large
volumes of real-time inputs. The database includes the following collections:

• Channel Collection: Stores metadata for each Slack channel.

• Message Collection: Contains all user messages with associated sentiment,
emotion, and depression analysis.

• Team Collection: Represents metadata about the teams using the application.

• User Collection: Stores user details, including depression tendency and regis-
tration data.
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Fig. 3.6: MongoDB Compass View of Collections

3.5.2 Sample Data Models

Each collection in MongoDB is structured to align with the analytical needs of the
Mentalisys system. Below are examples of the stored data:

3.5.2.1 Channel Collection

{

"_id": ObjectId("65ef0421f738188e960b4f96"),

"channel_ID": "Development",

"channel_name": "Development",

"is_private": true,

"team_ID": "CompanyA"

}

This collection includes metadata about channels, such as channel IDs, names, privacy
settings, and the associated team.

3.5.2.2 Message Collection

{

"_id": ObjectId("65f309f26fa648714f85c6b1"),

"message_ID": "9",

"ts": 1647595200,

"user_ID": "Alice",

"team_ID": "CompanyA",

"channel_ID": "Development",

"thread_ID": "",

"message": "I think I might need a break.

My brain feels fried.",

"in_thread": false,
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"sentiment": {

"model_id": "sentiment_model_v0",

"value": 0.4,

"class_": 0,

"threshold": 0.5

},

"emotion": {

"model_id": "emotion_model_v0",

"value": null,

"class_": "neutral",

"threshold": null

},

"depression_tendency": {

"model_id": "depression_model_v0",

"value": 0.6,

"class_": "moderate",

"threshold": 0.5

}

}

This collection includes detailed message data, along with the results of sentiment,
emotion, and depression analysis.

3.5.2.3 Team Collection

{

"_id": ObjectId("65ef0435f738188e960b4f98"),

"team_ID": "CompanyA",

"team_name": "Org_ABC",

"registered_date": "2022-01-01"

}

This collection captures metadata for each team, including their registration details.

3.5.2.4 User Collection

{

"_id": ObjectId("65f2f9566fa648714f85c628"),

"user_ID": "Bob",

"team_ID": "CompanyA",

"username": "Bob87",
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"passkey": "54321",

"registered_flag": true,

"password": "bobpassword",

"first_message_date": "2022-01-02",

"registered_date": "2022-01-06",

"depression_tendency": 0.1

}

This collection stores user-specific details, such as usernames, depression tendencies,
and registration flags.

3.5.3 Data Pipeline and Integration

The data pipeline is designed to integrate outputs from AI/ML modules into MongoDB
collections seamlessly. The following steps outline the process:

1. Data Extraction: Slack data is extracted via APIs and converted into a struc-
tured JSON format.

2. Data Processing: Extracted data is enriched by AI/ML models for sentiment,
emotion, and depression analysis.

3. Data Storage: Enriched data is stored into respective MongoDB collections for
further visualization and analysis.

The pipeline script manages data flow between extraction, processing, and storage
stages. Utility functions in modules like Channel, Message, and User transform data
into MongoDB-compatible formats.

3.5.4 Conclusion

The MongoDB-based data storage and integration framework ensures scalability and
efficiency in handling Slack communication data. The structure facilitates advanced
analytics and real-time monitoring of mental health insights, aligning with the objec-
tives of the Mentalisys application.

3.6 Visualization with H2O Wave

3.6.1 User Registration and Login System

The User Registration and Login System is a critical module in the Mentalisys Health
Application, developed using the H2O Wave framework [56]. It ensures a secure, intu-
itive, and role-based access mechanism for users, enabling them to register, log in, and
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access the system’s analytics features. The system supports two user roles: adminis-
trators and employees, each with their respective dashboards and functionalities.

3.6.1.1 Register Page

The registration process allows users to create an account securely. A one-time passkey,
provided via the Slack bot, is used to verify users before they set their password. The
key steps involved in the registration process are as follows:

1. Navigate to the registration page.

2. Input the following details:

• Username: A unique identifier for the user.

• Passkey: A one-time secure key generated and sent by the Slack bot.

• Password: A secure password for future logins.

• Repeat Password: Re-enter the password for confirmation.

3. Submit the registration form by clicking the Register button.

4. Upon successful registration, the user is redirected to the login page.

Figure 3.7 illustrates the registration page layout.

Fig. 3.7: Registration Page Wireframe
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3.6.1.2 Login Page

The login functionality enables registered users to securely access their respective
dashboards. The steps for logging in are as follows:

1. Navigate to the login page.

2. Input the username and password.

3. Click the Login button.

4. Upon successful authentication, the user is redirected to their respective dash-
board:

• Admin Dashboard: Offers organization-wide analytics and monitoring
capabilities.

• Employee Dashboard: Provides personalized mental health insights.

Figure 3.8 shows the layout of the login page.

Fig. 3.8: Login Page Wireframe

3.6.1.3 Notifications and Feedback

The system includes real-time notifications to enhance user experience:

• Error Notifications: Displays error messages such as "User not found" or "In-
valid credentials" when incorrect details are entered.

• Success Notifications: Confirms successful authentication with messages like
"Login successful."
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3.6.1.4 Conclusion

The User Registration and Login System ensures a secure and user-friendly mechanism
for accessing the Mentalisys Health Application. By leveraging H2O Wave’s capabil-
ities, the module provides an efficient interface for managing user authentication and
navigation within the system.

3.6.2 Admin Dashboard with BI Analytics

Fig. 3.9: Admin Dashboard - Snapshot 1

Fig. 3.10: Admin Dashboard - Snapshot 2

The Admin Dashboard serves as a comprehensive tool for monitoring workplace
mental health and engagement metrics. This section elaborates on the visualizations
and insights provided by the dashboard, ensuring effective decision-making for ad-
ministrators. Figure 3.9 and 3.10 illustrates the admin dashboard with the key metrics
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and insights. The following sections provides detailed descriptions and analyses of
individual dashboard components.

3.6.2.1 Number of Employees Monitored

Fig. 3.11: Number of Employees Monitored

The stat card 3.11 displays the total number of employees currently being moni-
tored by the system. It is derived from a unique user count in the database, assuming
employees are only added and not removed. Administrators can track the growing
scope of the system’s coverage over time.

3.6.2.2 Number of Average User Messages

Fig. 3.12: Number of Average User Messages

The stat card 3.12 calculates the average number of messages sent per user. It
provides an overall measure of engagement and helps identify trends in workplace
communication.

3.6.2.3 Number of Active Users

Fig. 3.13: Number of Active Users
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The stat card 3.13 highlights the count of users actively participating in communi-
cation channels. A high number of active users typically indicates healthy engagement
within the organization.

3.6.2.4 Number of Passive Users

Fig. 3.14: Number of Passive Users

The stat card 3.14 tracks employees with low messaging activity. It provides in-
sights into disengaged individuals, allowing administrators to implement measures to
encourage participation.

3.6.2.5 Channel-Wise Number of Messages

Fig. 3.15: Channel-Wise Number of Messages

The pie chart 3.15 visualizes the distribution of messages across different channels.
By identifying the most active channels, administrators can focus on high-engagement
areas.

3.6.2.6 Channels Monitored and Their Visibility

The table 3.16 lists the Slack channels being monitored, categorized by their visibil-
ity (public or private). It also includes the date the monitoring bot was added to the
channel, ensuring transparency about the scope of monitoring.
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Fig. 3.16: Channels Monitored and Their Visibility

3.6.2.7 Active Employees Sorted by Message Count

The pie chart 3.17 visualization ranks employees based on their messaging activity
within a given period. Administrators can identify the most engaged contributors and
their impact on communication patterns.

Fig. 3.17: Active Employees Sorted by Message Count

3.6.2.8 Employee Proportions by Depression Tendencies

Fig. 3.18: Employee Proportions by Depression Tendencies
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The pie chart 3.18 that categorizes employees into low, moderate, and high depres-
sion tendencies. The data is derived from the stress analysis of messages, allowing
administrators to implement targeted mental health interventions.

3.6.2.9 Box Plot of Messaging Time Range

Fig. 3.19: Box Plot of Messaging Time Range

The box plot 3.19 representing the range of messaging times for different channels.
This visualization provides insights into peak communication hours, helping adminis-
trators optimize workflows and identify outliers.

3.6.2.10 Channel Effect by Activeness

Fig. 3.20: Channel Effect Grouped by Activeness

The bar chart 3.20 compares the mental health impact of conversations in each
channel, differentiating between active and passive participants. It helps administrators
evaluate the effectiveness of communication in improving employee well-being.

3.6.2.11 Depressive Message Count Variation Over Time

The stacked bar chart 3.21 tracks variations in depressive message counts over time.
It enables administrators to monitor trends and identify periods of increased mental
health concerns.
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Fig. 3.21: Depressive Message Count Variation Over Time

3.6.2.12 Overall Emotion Distribution

Fig. 3.22: Overall Emotion Distribution

The pie chart 4.1 categorizing workplace communications by emotions such as
happy, sad, angry, and neutral. This visualization provides a snapshot of the emotional
tone of employee interactions.

3.6.2.13 Most Popular Emotion of the Channel

Fig. 3.23: Most Popular Emotion of the Channel

The table 3.23 displays the dominant emotion within each channel and the streak
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duration during which the emotion was consistently prevalent. This allows administra-
tors to monitor emotional stability and patterns across channels.

3.6.2.14 Channel-Wise Most Popular Sentiment and Streak

Fig. 3.24: Channel-Wise Most Popular Sentiment and Streak

The table 3.24 displaying the dominant sentiment in each channel and the duration
for which it remained prevalent. It helps track long-term sentiment trends.

3.6.2.15 Negative Emotions Over Time

Fig. 3.25: Negative Emotions Over Time

The line chart 3.25 tracking fluctuations in negative emotions over time. This met-
ric can serve as an early warning system for emotional distress within the workplace.

3.6.2.16 Emotion Search

The emotion search feature 3.26 allows administrators to search for a specific topic or
keyword and view the predominant emotions associated with it.
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Fig. 3.26: Emotion Search

3.6.2.17 Emotion and Employee List

The table 3.27 highlights that groups employees based on their most displayed emo-
tions. This information helps identify individuals contributing to specific emotional
trends.

Fig. 3.27: Emotion and Employee List

3.6.2.18 Conversation Sentiment Percentage

The pie chart 3.28 visualizes the sentiment distribution (positive, neutral, negative) in
workplace conversations over a given period.

Fig. 3.28: Conversation Sentiment Percentage
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3.6.2.19 Sentiment Search

Similar to the emotion search, the sentiment search feature 3.29 enables administrators
to explore sentiment patterns for specific keywords or topics.

Fig. 3.29: Sentiment Search

3.6.2.20 Conclusion

The Admin Dashboard equips administrators with actionable insights into commu-
nication patterns, engagement levels, and mental health trends. By leveraging these
metrics, organizations can foster a healthier, more inclusive workplace environment.

3.6.3 Employee Dashboard with Personal Insights

The Employee Dashboard in the Mentalisys Health Application offers personalized
mental health insights for employees. It analyzes communication patterns and emo-
tional trends to provide real-time and data-driven analytics. The dashboard in the fig-
ure 3.30 features charts, tables, and stat cards for in-depth insights.

Fig. 3.30: Employee Dashboard Overview
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3.6.3.1 User Name

Fig. 3.31: User Name Display

The stat card 3.31 displays the generated username for the employee, providing a
personalized touch to the dashboard.

3.6.3.2 Current Depression Tendency

Fig. 3.32: Current Depression Tendency

The stat card 3.32 displays the current depression tendency of the employee, cal-
culated using a predefined equation. It includes a confidence percentage to indicate the
accuracy of the analysis.

3.6.3.3 Change in Depression Tendency Relative to the Past Week

Fig. 3.33: Change in Depression Tendency

The stat card 3.33 indicates a metric that compares the employee’s current depres-
sion tendency with their average score from the past week. It highlights improvements
or deteriorations in emotional well-being.
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3.6.3.4 Channels and Contribution

Fig. 3.34: Channel-wise Message Contribution

The table 3.34 lists the channels where the employee is active, along with the num-
ber of messages posted in each channel. It highlights the employee’s engagement in
both public and private channels, enabling them to identify their communication foot-
print.

3.6.3.5 Messaging Active Time on Each Channel

Fig. 3.35: Messaging Active Time

This box plot 3.35 visualizes the employee’s active messaging hours. It aggregates
message timestamps to calculate hourly quartiles (min, max, Q1, Q2, Q3), showcasing
when the employee is most active during the day.
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3.6.3.6 Effect on Other Employees by You

This table 3.36 quantifies the employee’s influence on their colleagues’ emotional
states. It lists coworkers and their corresponding "effect by you" score, revealing the
interpersonal impact of the employee’s communication.

Fig. 3.36: Effect on Other Employees

3.6.3.7 Emotional Propagation Over the Past Week

Fig. 3.37: Emotional Propagation Over the Week

This line chart 3.37 illustrates the daily frequency of emotions (e.g., happy, sad,
surprised) based on the employee’s messages. It provides insights into emotional pat-
terns and fluctuations throughout the week.

3.6.3.8 Sentiment Change Over the Past Week

This line chart 3.38 visualizes the sentiment score variations across the week. By
analyzing average daily sentiment scores, it highlights trends and anomalies in the
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employee’s emotional state.

Fig. 3.38: Sentiment Change Over the Week
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CHAPTER 4

EXPERIMENTS AND RESULTS

4.1 Testing and Validation of Emotion Analysis Models

4.1.1 Dataset Description

The dataset used for training and testing the emotion analysis models is the CARER
dataset, which contains text data collected from Twitter. Each utterance in the dataset
is annotated with one of the six emotion classes: Sadness, Joy, Love, Anger, Fear,
Surprise. The dataset is divided into three subsets: training, validation, and testing,
ensuring a balanced approach to model evaluation.

4.1.2 Exploratory Data Analysis

To gain insights into the CARER dataset, an Exploratory Data Analysis (EDA) was
conducted. The following visualizations provide a detailed understanding of the dis-
tribution of emotions, text lengths, and common words used in the dataset.

Fig. 4.1: Distribution of Emotion Classes

Figure 4.1 shows the distribution of emotion classes in the dataset. It can be ob-
served that the dataset is imbalanced, with the majority of the data labeled as class 1
(Joy) and class 0 (Sadness). On the other hand, class 5 (Surprise) has the least number
of samples. This imbalance could affect model training by introducing biases towards
dominant classes like Joy and Sadness, while minority classes such as Surprise may
be underrepresented. Such biases could result in the models showing poor generaliza-
tion when predicting rare emotions, thus affecting the overall robustness of the system.
Addressing this imbalance through techniques like SMOTE helps reduce the bias but
may still not completely eliminate the model’s tendency to favor majority classes.

The histogram in Figure 4.2 presents the distribution of text lengths across the
dataset. The majority of text samples contain between 10 and 25 words, with a peak
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Fig. 4.2: Distribution of Text Lengths

around 18 words. This indicates that most tweets in the dataset are relatively short,
making it crucial for models to extract meaningful features from concise text represen-
tations.

Fig. 4.3: Most Common Words in Tweets

Figure 4.3 illustrates the most frequently occurring words in the dataset using a
word cloud. Words such as feel, love, life, time, people, and think are among the
most common, suggesting that tweets often describe emotions, personal experiences,
and reflections. This provides an indication that the dataset is well-aligned with the
objective of emotion classification.

Figure 4.4 presents a bar chart showing the top 20 most frequent words. The most
commonly used word is I, followed by feel, and, to, and the. These results reinforce the
importance of emotions and self-expression in the dataset. Additionally, some frequent
words such as like and love align with positive emotions, while words like feeling and
don’t might indicate a mix of positive and negative sentiments.

4.1.3 Evaluation Metrics

Evaluating emotion classification models requires a balanced assessment of multiple
performance metrics, as different models may excel in different areas. Given the in-
herent imbalance in emotion datasets, relying solely on accuracy can be misleading, as
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Fig. 4.4: Top 20 Most Frequent Words

it does not account for class imbalances. Instead, precision, recall, and F1-score offer
deeper insights into a model’s predictive reliability. Below are the key metrics used in
this study:

• Accuracy: The proportion of correctly classified instances. While useful, it may
be misleading for imbalanced datasets.

• Precision: The ratio of true positives to predicted positives. Higher precision
reduces false alarms, ensuring confident predictions.

• Recall: The ratio of true positives to actual positives. A higher recall means the
model effectively detects emotions, minimizing missed cases.

• F1-Score: The F1-score balances precision and recall, making it crucial for
imbalanced datasets by ensuring fair evaluation of both majority and minority
classes, preventing bias toward dominant emotions.

While metrics like F1-score provide a balanced view between precision and recall,
they may not fully mitigate biases arising from class imbalance. Particularly, if a model
achieves high precision but low recall for minority classes, it indicates a failure to ef-
fectively capture underrepresented emotions. Therefore, precision and recall per class
are closely monitored during the evaluation process to identify potential bias-related
performance issues.

4.1.4 Experimental Setup

This section outlines the workflow followed in this study, detailing the preprocessing
steps, model selection, and evaluation methodology used for emotion analysis on the
CARER dataset.
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4.1.4.1 Workflow Overview

The experimental setup consists of the following key stages:

1. Dataset Preparation: The CARER dataset, containing tweets labeled with six
emotion classes, was preprocessed to remove noise and inconsistencies.

2. Text Preprocessing: Tokenization, stopword removal, and TF-IDF vectoriza-
tion were applied to prepare the text data for model training.

3. Model Training: Six different machine learning models Logistic Regression,
Support Vector Machine (SVM), Random Forest, XGBoost, Naive Bayes, and
Decision Tree were trained on the dataset.

4. Evaluation: Each model was evaluated using Accuracy, Precision, Recall, and
F1-score, along with graphical analyses such as Confusion Matrices, ROC Curves,
and Precision-Recall Curves.

5. Performance Comparison: The models were compared to determine the best-
performing approach for emotion classification.

4.1.4.2 Data Preprocessing

The preprocessing of the CARER dataset involved converting text to lowercase, re-
moving special characters, punctuation, and extra whitespace, followed by tokeniza-
tion. The cleaned text was then transformed into numerical representations using
TF-IDF vectorization to capture important words while minimizing the impact of fre-
quently occurring but less informative words. The processed data was divided into
training, validation, and testing sets, saved as train_cleaned.csv, val_cleaned.csv, and
test_cleaned.csv.

An important observation from the Exploratory Data Analysis (EDA) was that the
dataset is highly imbalanced, with certain emotion classes being significantly underrep-
resented. To address this imbalance, the Synthetic Minority Over-sampling Technique
(SMOTE) was applied, generating synthetic samples for minority classes to ensure
a more balanced distribution. This approach helps improve model robustness and en-
hances classification accuracy across all classes by allowing models to learn effectively
from underrepresented categories.

4.1.4.3 Models Used

To classify emotions from textual data, the following models were implemented:

• Logistic Regression: A linear model used for binary and multi-class classifica-
tion tasks, optimized using TF-IDF features.

73



• Support Vector Machine (SVM): A robust classification model that finds an
optimal hyperplane for text-based emotion classification.

• Random Forest: An ensemble learning method combining multiple decision
trees to improve accuracy and reduce overfitting.

• XGBoost: A gradient boosting algorithm known for its efficiency and high per-
formance in structured data.

• Naive Bayes: A probabilistic model based on Bayes’ theorem, effective for text
classification problems.

• Decision Tree: A tree-based model that recursively splits data into decision
nodes to classify emotions.

Each model was trained using the TF-IDF vectorized text data with a maximum
of 5000 features. The training process was conducted using Google Colab, lever-
aging its GPU capabilities to accelerate model training. The models trained include
Logistic Regression, Support Vector Machine (SVM), Random Forest, and XGBoost.
The Logistic Regression model was trained with a maximum iteration of 1000 to en-
sure convergence, while SVM was trained using a linear kernel with probability esti-
mates enabled. The Random Forest model was configured with 100 estimators, and
the XGBoost model used a multi-log loss evaluation metric. Hyperparameter tuning
was not explicitly performed through GridSearchCV; instead, default parameters were
used with minor adjustments for each model. Training durations varied depending on
model complexity; Logistic Regression completed training within minutes, while XG-
Boost and SVM required significantly longer durations due to the large feature space
and complexity of computations. This training setup aimed to enhance classification
accuracy across all models and mitigate the effects of class imbalance through the use
of TF-IDF vectorization.

It is important to note that while these models are effective for general text clas-
sification, they exhibit certain limitations. Logistic Regression and Naive Bayes, for
example, may struggle with complex non-linear relationships between features. Deci-
sion Trees are prone to overfitting, especially when trained on smaller datasets or with-
out sufficient regularization. Furthermore, SVMs can be computationally expensive to
train on large datasets due to their reliance on kernel methods. Biases introduced by
the imbalance in emotion classes can further impact model performance, particularly
for models like Naive Bayes which assume feature independence.

4.1.4.4 Training and Evaluation Methodology

The experimental design involved training and evaluating six machine learning mod-
els to classify emotions from textual data. These models were selected based on their
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effectiveness in text classification. Logistic Regression and SVM were included as
strong baseline models due to their well-established performance in text classification
tasks. Tree-based models (Random Forest, Decision Tree) were chosen for their ability
to handle feature interactions and non-linearity, which are crucial for emotion classi-
fication. XGBoost was included due to its efficiency in structured data and boosting
capabilities, while Naive Bayes was selected for its probabilistic approach, which is
particularly effective for text-based tasks.

Each model was trained using the TF-IDF vectorized text data to extract meaning-
ful features from tweets. Hyperparameter tuning was performed using the validation
set, optimizing parameters such as regularization strength for Logistic Regression and
SVM, depth and number of estimators for tree-based models, and smoothing parame-
ters for Naive Bayes. The models were evaluated based on accuracy, precision, recall,
and F1-score, ensuring a fair comparison across different classification techniques.
Performance metrics were later analyzed to determine the most effective approach for
emotion classification.

4.1.5 Evaluation Summary of Emotion Analysis Models

The evaluation of the trained models is summarized in Table 4.1. The models as-
sessed include Logistic Regression, Support Vector Machine (SVM), Random Forest,
XGBoost, Naive Bayes, and Decision Tree. The results provide insights into their
predictive capabilities.

TABLE 4.1: Evaluation Summary of Emotion Analysis Models

Model Accuracy F1-Score Precision Recall
Logistic Regression 0.86 0.86 0.87 0.86

Support Vector Machine 0.89 0.88 0.89 0.89
Random Forest 0.88 0.88 0.88 0.88

XGBoost 0.89 0.89 0.89 0.89
Naive Bayes 0.70 0.64 0.78 0.70

Decision Tree 0.86 0.83 0.83 0.82

4.1.5.1 Discussion on Model Performance

Support Vector Machine (SVM) and XGBoost achieved the highest performance among
all tested models, both obtaining an F1-Score and accuracy of 0.89. SVM excelled in
handling high-dimensional feature spaces, while XGBoost leveraged boosting tech-
niques to enhance classification performance. However, it is essential to acknowledge
their limitations. SVM may struggle to generalize when trained with limited sam-
ples for minority classes, even after applying SMOTE, as it relies heavily on decision
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boundaries that may not be adequately adjusted for underrepresented categories. XG-
Boost, while efficient, can be prone to overfitting if not properly regularized, especially
when handling large feature spaces as demonstrated by the use of TF-IDF vectorization
with 5000 features.

Random Forest also performed well, attaining an accuracy of 0.88 and an F1-Score
of 0.88. Its ensemble learning approach helped mitigate variance and prevent overfit-
ting. However, compared to XGBoost, Random Forest may be slightly less optimized
due to its reliance on bagging rather than boosting.

Logistic Regression demonstrated competitive performance with an accuracy and
F1-Score of 0.86. While effective for linearly separable data, it may struggle with
capturing non-linear relationships inherent in emotion-based text classification.

The Decision Tree model, with an accuracy of 0.86 and an F1-Score of 0.83,
showed slightly lower generalization than Random Forest. Decision Trees are inter-
pretable but prone to overfitting, particularly when not pruned appropriately, which
limits their scalability and results in poorer performance when handling complex text
data.

Naïve Bayes exhibited the weakest performance, with an accuracy of 0.70 and an
F1-Score of 0.64. Its assumption of feature independence greatly limits its ability to
handle complex language patterns, resulting in poorer performance on intricate emo-
tional expressions. This limitation highlights the need for models that better capture
feature interactions.

Biases towards dominant classes, such as Joy and Sadness, are evident in model
performance, where minority classes like Surprise are often predicted less accurately.
Addressing these issues requires more robust models capable of understanding com-
plex interdependencies among words and improving generalization across all emotion
classes.

These findings emphasize the effectiveness of ensemble methods like Random For-
est and XGBoost, as well as margin-based classifiers such as SVM, in emotion anal-
ysis. Future improvements in feature engineering and model architecture may further
enhance the performance of models like Naïve Bayes, and more advanced techniques
could mitigate existing limitations.

4.1.6 Evaluation Graphs

The following figures illustrate the performance of each model based on Confusion
Matrix, ROC Curve, and Precision-Recall Curve.
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4.1.6.1 Logistic Regression

(a) Confusion Matrix (b) ROC Curve (c) Precision-Recall Curve

Fig. 4.5: Performance of Logistic Regression

4.1.6.2 Support Vector Machine

(a) Confusion Matrix (b) ROC Curve (c) Precision-Recall Curve

Fig. 4.6: Performance of Support Vector Machine

4.1.6.3 Random Forest

(a) Confusion Matrix (b) ROC Curve (c) Precision-Recall Curve

Fig. 4.7: Performance of Random Forest
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4.1.6.4 XGBoost

(a) Confusion Matrix (b) ROC Curve (c) Precision-Recall Curve

Fig. 4.8: Performance of XGBoost

4.1.6.5 Naive Bayes

(a) Confusion Matrix (b) ROC Curve (c) Precision-Recall Curve

Fig. 4.9: Performance of Naive Bayes

4.1.6.6 Decision Tree

(a) Confusion Matrix (b) ROC Curve (c) Precision-Recall Curve

Fig. 4.10: Performance of Decision Tree

4.1.7 Analysis of ROC and Precision-Recall Curves

The ROC and Precision-Recall curves provide complementary insights into model per-
formance. The ROC curve assesses a model’s ability to distinguish between emotion
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classes by plotting the true positive rate (TPR) against the false positive rate (FPR),
where a higher area under the curve (AUC) indicates stronger classification. The
Precision-Recall curve is particularly useful for imbalanced datasets, evaluating how
well models maintain precision as recall increases.

Support Vector Machine (SVM) and XGBoost achieved the highest AUC values,
demonstrating strong classification capabilities across different emotion classes. Ran-
dom Forest also performed competitively, maintaining a balance between true positive
and false positive rates, while Logistic Regression followed closely with stable results
in both evaluations.

The Decision Tree model, despite its interpretability, exhibited slightly lower AUC
values compared to ensemble methods, suggesting a tendency to overfit. Naïve Bayes
had the weakest performance, showing lower AUC values and a rapid decline in pre-
cision as recall increased, highlighting its challenges in handling complex emotional
classifications.

Overall, these results confirm that SVM and XGBoost are the most effective mod-
els for emotion classification. Their robust performance makes them ideal candidates
for real-world applications, including sentiment analysis, psychological assessment,
and social media monitoring.

4.1.8 Conclusion

This study evaluated multiple machine learning models for emotion classification us-
ing the CARER dataset. Support Vector Machine (SVM) and XGBoost achieved the
highest classification performance, effectively capturing complex decision boundaries.
Random Forest also performed well, balancing accuracy and interpretability, while De-
cision Tree showed lower generalization, and Naïve Bayes struggled with the dataset
complexity.

The analysis of ROC and Precision-Recall curves confirmed that SVM and XG-
Boost exhibit the highest area under the curve (AUC), reinforcing their robustness in
distinguishing emotion classes. Logistic Regression demonstrated stable performance,
whereas Naïve Bayes showed limitations in handling precision-recall trade-offs.

Future research could explore deep learning techniques such as BERT, RoBERTa,
LSTM, and GRU to improve classification accuracy and contextual understanding.
Fine-tuning pre-trained language models may further enhance generalization across
different datasets.

Overall, SVM and XGBoost provide an optimal balance between performance and
computational efficiency, making them strong candidates for applications in sentiment
analysis, mental health monitoring, and social media content moderation. Further ad-
vancements in deep learning could enhance real-time emotion classification systems
for broader industry applications.
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4.2 Testing and Validation of Sentiment Analysis Models

4.2.1 Dataset Description

The sentiment analysis models were trained and validated on the Dreddit dataset. This
dataset contains textual data from Reddit posts, annotated with sentiment labels. Each
post is classified into one of the following sentiment categories:

• Positive

• Neutral

• Negative

The dataset offers a challenging benchmark for sentiment analysis due to its diverse
vocabulary, context, and sentiment variations.

4.2.2 Model Selection and Justification

The following machine learning models were selected based on their effectiveness in
sentiment classification tasks:

1. Logistic Regression – A strong baseline for text classification due to its effi-
ciency and well-calibrated probabilities.

2. Multinomial Naive Bayes – Effective for text classification, especially when
feature independence is a reasonable assumption.

3. Support Vector Machines (SVM) – Known for its robustness in high-dimensional
spaces, making it well-suited for text-based applications.

4. VADER and TextBlob Sentiment Scoring – Included as baseline lexicon-based
models to compare machine learning models against rule-based sentiment anal-
ysis.

Deep learning-based models such as LSTMs and transformers were not included
in this study due to computational constraints and the focus on interpretable machine
learning techniques.

4.2.3 Data Preprocessing

The data preprocessing pipeline involved cleaning, tokenizing, and vectorizing textual
data from the Dreddit dataset. Text cleaning included converting text to lowercase,
removing punctuation, special characters, and stopwords to enhance feature extraction.
Tokenization and lemmatization were applied to standardize words, improving model
interpretability.

80



Feature extraction was performed using Count Vectorization and TF-IDF Vector-
ization, transforming text data into numerical representations. To address class imbal-
ance, the Synthetic Minority Over-sampling Technique (SMOTE) was applied, gener-
ating synthetic samples for underrepresented classes. The preprocessed data was then
split into training and testing sets, ensuring robust model evaluation and enhancing
classification performance across all sentiment categories.

4.2.4 Experimental Setup and Hyperparameter Tuning

Each model was trained using text feature extraction techniques such as CountVector-
izer and TFIDFVectorizer. The preprocessing steps included stopword removal and
lemmatization to enhance text representation. The experimental setup focused on five
models: Logistic Regression, Multinomial Naive Bayes, SVM, TextBlob, and VADER.

The Logistic Regression and Multinomial Naive Bayes models were implemented
using Scikit-Learn’s LogisticRegression and MultinomialNB classes, respectively. These
models did not involve any hyperparameter tuning, and the training process was rela-
tively quick (within minutes) as they were trained using the default settings.

In contrast, the SVM model implemented using Scikit-Learn’s SVC class was fine-
tuned using GridSearchCV to optimize critical parameters such as kernel selection
(Linear, RBF) and regularization parameter (C). The training process was computa-
tionally intensive and took few hours to complete on Google Colab. Additionally, the
SMOTE technique was applied to mitigate class imbalance, generating synthetic sam-
ples for underrepresented classes.

The TextBlob and VADER models were evaluated as baseline lexicon-based mod-
els for comparison. TextBlob employed polarity-based sentiment scoring, while VADER
utilized the SentimentIntensityAnalyzer for polarity scoring. Both of these models are
rule-based and do not require training, making them efficient but limited in handling
complex contextual sentiment.

Evaluation of all models was conducted using metrics such as accuracy, precision,
recall, F1-score, and confusion matrices. The SVM model was the only one that un-
derwent comprehensive hyperparameter tuning and class imbalance handling, making
it the most robust among the models tested.

4.2.5 Evaluation Summary

The results of the sentiment analysis models are presented in Table 4.2, showing the
accuracy, precision, recall, and F1-score.
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TABLE 4.2: Evaluation Summary of Sentiment Analysis Models

Model Accuracy Precision Recall F1-Score
Logistic Regression 0.75 0.739 0.783 0.761

Multinomial Naive Bayes 0.67 0.613 0.959 0.748
SVM 0.71 0.714 0.732 0.723

TextBlob 0.65 0.612 0.701 0.652
VADER 0.62 0.601 0.672 0.634

4.2.5.1 Logistic Regression

(a) Confusion Matrix (b) ROC Curve (c) Precision-Recall Curve

Fig. 4.11: Evaluation Metrics for Logistic Regression

4.2.5.2 Multinomial Naive Bayes

(a) Confusion Matrix (b) ROC Curve (c) Precision-Recall Curve

Fig. 4.12: Evaluation Metrics for Multinomial Naive Bayes

82



4.2.5.3 Support Vector Machine (SVM)

(a) Confusion Matrix (b) ROC Curve (c) Precision-Recall Curve

Fig. 4.13: Evaluation Metrics for Support Vector Machine (SVM)

4.2.5.4 TextBlob

(a) Confusion Matrix (b) ROC Curve (c) Precision-Recall Curve

Fig. 4.14: Evaluation Metrics for TextBlob

4.2.5.5 VADER

(a) Confusion Matrix (b) ROC Curve (c) Precision-Recall Curve

Fig. 4.15: Evaluation Metrics for VADER
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4.2.6 Discussion of Results

Among the evaluated models, Logistic Regression and SVM demonstrated the best
overall performance, achieving a strong balance between precision and recall due to
their ability to leverage structured feature extraction techniques. Logistic Regression
achieved an accuracy of 0.75, with an F1-score of 0.761, demonstrating stable per-
formance across all sentiment categories. SVM, which was fine-tuned using Grid-
SearchCV, produced an accuracy of 0.71 and an F1-score of 0.723. While SVM
showed robust performance, the computationally intensive training process and hyper-
parameter tuning (few hours on Google Colab) made it the most resource-demanding
model.

Multinomial Naive Bayes demonstrated the highest recall (0.959) among all mod-
els but suffered from low precision, which led to frequent misclassification of Neutral
and Negative sentiments as Positive. The assumption of feature independence and
simplicity of the model limited its performance in distinguishing sentiment nuances.
However, its efficiency and speed make it a feasible option for scenarios where com-
putational resources are limited.

Lexicon-based models, TextBlob and VADER, provided quick but less reliable sen-
timent assessments. TextBlob achieved an accuracy of 0.65 and an F1-score of 0.652,
while VADER performed slightly worse with an accuracy of 0.62 and an F1-score of
0.634. The reliance on predefined sentiment lexicons limited their adaptability to in-
formal and context-dependent text variations. These models exhibited biases towards
neutral and positive sentiments, particularly struggling with the accurate classification
of Negative sentiments.

Biases towards dominant classes, particularly Positive and Negative, were evident
across all models. Minority classes, such as Neutral, were predicted with lower ac-
curacy, which could be attributed to the inherent limitations of the models in captur-
ing complex patterns of sentiment distribution. Additionally, the reliance on TF-IDF
vectorization for feature extraction in machine learning models (Logistic Regression,
Multinomial Naive Bayes, and SVM) may have limited their ability to capture contex-
tual relationships between words.

Analysis of the ROC curves revealed relatively low AUC values (0.41–0.44) across
all models, with SVM performing slightly worse at 0.39. This suggests challenges in
distinguishing between sentiment categories, particularly when applied to informal and
nuanced text data. The precision-recall curves further highlighted the inconsistencies
in recall performance, particularly for lexicon-based models.

Overall, the findings emphasize the effectiveness of machine learning models over
rule-based methods like TextBlob and VADER in sentiment classification. However,
their limitations in handling class imbalance, computational inefficiency (particularly
for SVM), and inability to capture interdependencies among words suggest the need for
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more sophisticated approaches. Future work should explore deep learning techniques,
such as BERT and RoBERTa, which can better capture contextual information and
improve generalization. Additionally, enhancing the dataset with data augmentation
techniques and utilizing ensemble methods may further improve sentiment classifica-
tion performance.

4.2.7 Conclusion

The evaluation revealed that Logistic Regression and SVM achieved the best balance
between accuracy and F1-score, making them the most effective models for sentiment
classification. Multinomial Naïve Bayes excelled in recall but suffered from lower
precision, leading to frequent misclassification of neutral and negative sentiments.
Lexicon-based models, TextBlob and VADER, provided quick but less reliable sen-
timent assessments due to their reliance on predefined word lists.

Despite these findings, the relatively low AUC scores (0.41–0.44) indicate chal-
lenges in achieving strong class separation, suggesting room for improvement. Future
research should explore deep learning models or hybrid approaches to enhance senti-
ment classification, particularly for informal and nuanced text data.

4.3 Testing and Validation of Stress Analysis Models

4.3.1 Dataset Description

The Dreddit dataset, previously introduced for sentiment classification, is now repur-
posed for stress analysis. This dataset, which comprises approximately 190,000 Reddit
posts along with 3,500 manually labeled segments, provides rich annotations indica-
tive of stress-related content. Unlike the sentiment classification task, the focus here
is on detecting stress levels and distinguishing between stressful and non-stressful text
segments.

4.3.2 Data Preprocessing

The preprocessing of the Dreddit dataset involved standard text cleaning, tokenization,
lemmatization, and vectorization to enhance data quality and model interpretability.
Text data was converted to lowercase, and unwanted elements such as punctuation,
special characters, URLs, and stopwords were removed. Tokenization and lemmatiza-
tion were applied to reduce words to their root forms, improving generalization.

For numerical representation, TF-IDF Vectorization and CountVectorization tech-
niques were employed, ensuring efficient feature extraction. As the dataset exhibited
class imbalance, with stressful posts being significantly outnumbered by non-stressful
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ones, the Synthetic Minority Over-sampling Technique (SMOTE) was applied to gen-
erate synthetic samples for the minority class. This helped to mitigate bias and enhance
the model’s ability to detect stressful content effectively. The preprocessed data was
split into training and testing sets, with cross-validation applied to ensure reliable per-
formance evaluation. This streamlined approach provided a solid foundation for robust
stress analysis.

4.3.3 Experimental Setup and Model Training

The training process for each model was conducted using Google Colab, utilizing its
GPU capabilities. The training times varied significantly depending on model com-
plexity. Simpler models such as Binomial Naive Bayes, Multinomial Naive Bayes, and
Logistic Regression completed training within minutes, making them computationally
efficient. However, more complex models like SVM and CatBoost required signifi-
cantly longer training times due to the handling of large feature spaces generated by
TF-IDF and CountVectorizer.

The models were implemented using their respective default settings without hy-
perparameter tuning. Specifically:

• Binomial Naive Bayes and Multinomial Naive Bayes were used with default
‘alpha=1.0‘.

• SVM models were implemented using ‘SVC‘ and ‘LinearSVC‘ with default pa-
rameters. The ‘LinearSVC‘ used ‘C=1‘ and ‘C=100‘ in some visualization ex-
amples but not during model training.

• Random Forest was initialized with ‘max-depth=2‘ and ‘random-state=0‘, with-
out tuning other parameters like ‘n-estimators‘ or ‘criterion‘.

• CatBoost was implemented using its default parameters without hyperparameter
tuning.

The current implementation of the models does not include a hyperparameter opti-
mization process using techniques like GridSearchCV or RandomizedSearchCV. There-
fore, the results reported reflect the performance of models trained with default con-
figurations. Improving model performance through hyperparameter tuning remains an
important area for future work.

4.3.4 Evaluation Summary of Stress Analysis Models

Table 4.3 summarizes the performance of various models evaluated on the Dreddit
dataset. The metrics include accuracy, F1-Score, precision, and recall.
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TABLE 4.3: Performance Evaluation of Stress Analysis Models

Model Accuracy F1-Score Precision Recall
Binomial NB 0.720 0.754 0.691 0.829
Multinomial NB 0.745 0.761 0.739 0.783
Decision Tree Classifier 0.606 0.639 0.605 0.678
Logistic Regression 0.688 0.720 0.670 0.777
SVC 0.734 0.747 0.735 0.759
RandomForest 0.537 0.689 0.527 0.995
CatBoost 0.620 0.577 0.680 0.501

4.3.5 Evaluation Metrics Visualization

Figures 4.16, 4.17, 4.18, 4.19, 4.20, 4.21, and 4.22 display the ROC Curve, Precision-
Recall Curve, and Calibration Curve N=20 for each model.

4.3.5.1 Binomial Naive Bayes

Fig. 4.16: ROC Curve, Precision-Recall Curve, and Calibration Curve for Binomial
Naive Bayes

4.3.5.2 Multinomial Naive Bayes

Fig. 4.17: ROC Curve, Precision-Recall Curve, and Calibration Curve for
Multinomial Naive Bayes
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4.3.5.3 Decision Tree Classifier

Fig. 4.18: ROC Curve, Precision-Recall Curve, and Calibration Curve for Decision
Tree Classifier

4.3.5.4 Logistic Regression

Fig. 4.19: ROC Curve, Precision-Recall Curve, and Calibration Curve for Logistic
Regression

4.3.5.5 SVC

Fig. 4.20: ROC Curve, Precision-Recall Curve, and Calibration Curve for SVC
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4.3.5.6 Random Forest

Fig. 4.21: ROC Curve, Precision-Recall Curve, and Calibration Curve for Random
Forest

4.3.5.7 CatBoost

Fig. 4.22: ROC Curve, Precision-Recall Curve, and Calibration Curve for CatBoost

4.3.6 Discussion on Model Performance and Evaluation Metrics

The evaluation of stress analysis models on the Dreaddit dataset reveals notable perfor-
mance differences, with Multinomial Naive Bayes and Logistic Regression achieving
the best balance between precision and recall. Their accuracy scores of 74.5 percent
and 68.8 percent, respectively, with area under the curve (AUC) values of approxi-
mately 0.75 and 0.73, indicate reliable detection of stress-related posts. Both models
also demonstrated well-calibrated probability outputs, reinforcing their robustness.

Tree-based models, particularly Decision Tree and Random Forest, exhibited sig-
nificant weaknesses. The Decision Tree classifier suffered from overfitting, with an
accuracy of 60.6 percent and an F1-score of 63.9 percent, limiting its generalization
ability. Random Forest, despite a recall of 99.5 percent, produced low precision (52.7
percent), resulting in excessive false positives and overconfident probability predic-
tions, as reflected in its calibration curve.

CatBoost displayed relatively high precision but lower recall, indicating a conser-
vative classification approach that favors precision at the expense of missing stress-
related instances. This imbalance requires further optimization to improve recall with-
out compromising precision.
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Several limitations and biases were evident across all models. The issue of class
imbalance particularly affected Random Forest, leading to high false positive rates
due to its tendency to overfit the majority class. Naive Bayes models suffered from the
assumption of feature independence, limiting their ability to capture intricate linguistic
patterns. Tree-based models like Decision Tree and Random Forest were prone to
overfitting, even after hyperparameter tuning, suggesting a need for enhanced pruning
techniques or ensemble approaches.

Furthermore, the reliance on traditional feature extraction methods such as TF-IDF
and CountVectorizer limits the models’ ability to capture contextual information. This
shortcoming highlights the potential benefit of integrating deep learning architectures
like BERT, RoBERTa, or LSTM, which are more effective at understanding complex
language patterns and context-dependent meanings.

Addressing these limitations could significantly improve the robustness and gener-
alization of stress detection models, making them more reliable for real-world appli-
cations.

4.3.7 Conclusion

The analysis highlights Multinomial Naive Bayes and Logistic Regression as the most
effective models for stress classification, achieving a strong balance between precision
and recall with well-calibrated probability outputs. Random Forest, despite its near-
perfect recall, suffers from a high false positive rate, limiting its practical usability.
CatBoost, while maintaining high precision, requires further optimization to improve
recall.

Future work should explore ensemble approaches that combine the strengths of
Naive Bayes and Logistic Regression with deep learning models to enhance classifi-
cation robustness. Additionally, fine-tuning hyperparameters and optimizing decision
thresholds may further improve performance. Given that the Dreaddit dataset primarily
reflects Reddit user behavior, evaluating model generalizability across different plat-
forms, such as workplace communication and mental health forums, will be essential
for broader applicability. These refinements can contribute to more accurate and reli-
able automated mental health assessments in text-based communication.

4.4 Testing and Validation of CSR-NLI Prompting Framework

4.4.1 Overview

This section presents the evaluation of the proposed Commonsense-Driven Symbolic
Neural Language Inference (CSR-NLI) Prompting Framework. The objective of this
evaluation is to assess the effectiveness of the CSR-NLI technique in generating high-
quality causal reasoning for a given text. The Causal and Abductive Mental State
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(CAMS) dataset was used as the benchmark, where reasonings were generated using
the CSR-NLI prompting approach with OpenAI’s GPT-3.5-Turbo model. A structured
evaluation was conducted by comparing the original reasoning from the dataset with
the generated reasoning produced using the proposed method.

To quantify the effectiveness of the generated reasoning, a scoring system ranging
from 0 to 100 was employed. For evaluation, five large language models were selected
based on their architectural differences, reasoning capabilities, and industry relevance:
GPT-3.5-Turbo (baseline), GPT-4-Turbo (advanced transformer), Allam-2-7B (mid-
sized model), LLaMA-3.3-70B-Versatile (large-scale model with extensive training),
and DeepSeek-R1-Distill-LLaMA-70B (optimized for reasoning tasks). Each model
independently evaluated both the original and generated reasoning, providing a diverse
and robust assessment. This multi-model evaluation facilitated a comparative analysis
of reasoning quality and alignment with the original text.

To validate this approach, the following experimental setup and evaluation metrics
were employed. The subsequent sections provide a detailed description of the experi-
mental methodology, evaluation process, and comparative performance analysis.

4.4.2 Experimental Setup

4.4.2.1 Dataset: CAMS

The Causal and Abductive Mental State (CAMS) dataset [29] is specifically designed
to analyze causal reasoning in various mental health-related contexts. It provides an-
notated text across six causal categories C1: No Reason, C2: Jobs and Careers, C3:
Medication, C4: Relationships, C5: Alienation, and C6: Bias or Abuse. Each entry in
the dataset consists of:

• Text: The given premise or statement.

• Reasoning: The ground truth causal reasoning corresponding to the text.

• Category: The assigned causal category from the predefined six classes.

The CAMS dataset serves as a structured benchmark for evaluating the effective-
ness of reasoning generation techniques, making it well-suited for validating the CSR-
NLI Prompting Framework.

4.4.2.2 Data Preprocessing

The data preprocessing step for the CSR-NLI Prompting Framework was minimal
compared to previous models, as the text from the CAMS dataset is directly fed into the
LLMs for reasoning generation. The dataset consists of three columns: text, category,
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and explanation, where only the text column is used as input for the prompting tech-
nique. Since the focus is on reasoning generation rather than classification, complex
preprocessing steps such as tokenization, vectorization, or feature engineering were
not required.

However, basic text cleaning was applied to enhance the quality of inputs. This
involved removing special characters, emojis, and excessive whitespace to ensure con-
sistency in the input text. Additionally, all text was converted to lowercase for unifor-
mity, making the prompt handling process more robust. Furthermore, any missing or
incomplete data was addressed by filtering out irrelevant entries to prevent potential
issues during the reasoning generation process.

Unlike other frameworks, SMOTE or other resampling techniques were not ap-
plied, as the goal is not to balance classes but rather to generate high-quality explana-
tions from the provided text. The preprocessing procedure focused on ensuring clean
and consistent inputs without altering the underlying textual content, preserving the
original context required for effective reasoning generation.

4.4.2.3 Evaluation Process

The evaluation process follows a structured methodology to rigorously assess the ef-
fectiveness of the Commonsense-Driven Symbolic Neural Language Inference (CSR-
NLI) Prompting Framework. A new Reasoning Evaluation Dataset was created, con-
sisting of 4,142 records, where each record contains a reasoning instance generated
using the CSR-NLI prompting technique applied to the Causal and Abductive Mental
State (CAMS) dataset. This dataset serves as the foundation for evaluating the effec-
tiveness of symbolic reasoning prompts.

The reasoning generation step involved using GPT-3.5-Turbo, where the CSR-NLI
prompting method was applied to generate structured reasoning for each instance in
the dataset. The generated reasoning was then compared against the original reasoning
provided in the CAMS dataset.

To measure the effectiveness of the generated reasoning, a scoring mechanism was
implemented. Each reasoning instance was evaluated based on its alignment with the
original text using a numerical scale ranging from 0 to 100. The evaluation was per-
formed independently by five large language models GPT-3.5-Turbo, GPT-4-Turbo,
Allam-2-7B, LLaMA-3.3-70B-Versatile, and DeepSeek-R1-Distill-LLaMA-70B en-
suring a robust and diverse assessment of reasoning quality. The models assigned
scores based on logical coherence, causal alignment, and relevance to the original text.

A comparative analysis was conducted to examine the performance of different
models in evaluating reasoning quality. This involved analyzing score distributions
and identifying trends across models to determine the impact of symbolic reasoning
prompting. Additionally, the evaluation provided insights into which models benefited
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the most from structured reasoning prompts and how their assessments aligned with
human-like reasoning expectations.

For a comprehensive validation of the proposed technique, both statistical and
graphical analyses were employed. Statistical tests, including paired t-tests, Wilcoxon
signed-rank tests, Cohen’s d effect size analysis, and correlation analysis, were applied
to measure the significance, consistency, and magnitude of improvements in generated
reasoning. To complement these quantitative assessments, various graphical represen-
tations, such as histograms, boxplots, scatter plots, and bar charts, were utilized to
visualize score distributions and performance trends across models.

Finally, model performance was assessed in terms of consistency, alignment, and
overall improvement over the original reasoning. The results provided empirical evi-
dence on whether CSR-NLI prompting effectively enhances causal reasoning genera-
tion and identified the most suitable models for evaluating symbolic reasoning.

This structured evaluation framework ensures a rigorous and unbiased validation of
the CSR-NLI prompting method, demonstrating its potential to enhance commonsense-
driven symbolic reasoning in large language models.

4.4.3 Evaluation for CSR-NLI prompting framework

To rigorously assess the effectiveness of the Commonsense-Driven Symbolic Neural
Language Inference (CSR-NLI) Prompting Framework, a combination of graphical
analyses and statistical validation techniques was employed. These evaluation methods
aim to quantify the improvements in generated reasoning quality and establish the
reliability of the proposed technique across different language models.

4.4.3.1 Graphical Analysis of Model Performance

A series of visual analyses was conducted to compare reasoning evaluation scores
across different models. These visualizations, including histograms, boxplots, scatter
plots, and correlation heatmaps, provide insights into score distributions, reasoning
improvements, and model agreement. By examining these graphical representations,
trends in reasoning performance and inter-model consistency can be effectively iden-
tified.

4.4.3.1.1 Distribution of Reasoning Scores Across Models The histograms in
Figure 4.23 provide a comparative analysis of how different LLMs evaluate origi-
nal and generated reasoning scores. Each subplot represents a different language
model, displaying the distribution of scores assigned to the original reasoning (blue)
and generated reasoning (orange). The density curves (KDE plots) provide an addi-
tional smooth representation of score distributions. Across all models, it is evident that
the proposed Commonsense-Driven Symbolic Neural Language Inference Prompting
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Fig. 4.23: Histogram of Scores

Technique results in higher-rated reasoning outputs. Particularly, GPT-4-Turbo and
DeepSeek-R1-Distill-LLaMA-70B show the most noticeable improvements in scores.
The models consistently favor the generated reasoning, suggesting that the technique
enhances logical coherence, causal alignment, and clarity in explanations.
The observed score distributions indicate that the reasoning generated using the sym-
bolic neural inference technique aligns more effectively with textual content than the
original dataset’s explanations. This is evident in the increased frequency of higher-
scored responses, particularly in DeepSeek-R1 and LLaMA-3.3-70B models, where
the generated reasonings predominantly fall in the 80-100 range. The results provide
empirical evidence that the proposed method enhances reasoning capabilities in lan-
guage models by leveraging commonsense-driven causal inference techniques.

Fig. 4.24: Boxplot of Original vs Generated Scores

94



4.4.3.1.2 Comparative Analysis of Original vs. Generated Reasoning Scores
The boxplot in Figure 4.24 illustrates the distribution of reasoning evaluation scores
across different language models, comparing original reasoning with generated reason-
ing produced using the proposed Commonsense-Driven Symbolic Neural Language
Inference Prompting Technique.
Across all models, the generated reasoning scores are significantly higher and more
consistent, demonstrating the effectiveness of the prompting approach in enhancing
logical coherence, causality, and alignment with textual context. Notably, GPT-4-
Turbo and DeepSeek-R1-Distill-LLaMA-70B show the most significant score improve-
ments, further reinforcing the impact of the prompting technique.
The boxplots also reveal that the original reasoning scores exhibit greater variance and
more outliers, particularly in GPT-4-Turbo and LLaMA-3.3-70B models, while the
generated reasoning scores display less variance and fewer failures, indicating a more
stable and reliable inference process.

Fig. 4.25: Violin Plot of Original vs Generated Scores

4.4.3.1.3 Score Distribution Analysis of Original vs. Generated Reasonings The
violin plot in Figure 4.25 visualizes the distribution of reasoning evaluation scores
across different language models, each pair of violins represents comparison of orig-
inal reasoning with generated reasoning produced using the proposed Commonsense-
Driven Symbolic Neural Language Inference Prompting Technique.
Across all models, the generated reasoning scores exhibit a more compact and higher-
valued distribution, indicating a consistent improvement in logical coherence, causal-
ity, and alignment with textual context.
Notably, GPT-4-Turbo and DeepSeek-R1-Distill-LLaMA-70B demonstrate the great-
est shift towards higher scores, further reinforcing the impact of the prompting tech-
nique.
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Fig. 4.26: Scatter Plot

4.4.3.1.4 Improvement in Generated Reasoning Across Models The scatter plots
in Figure 4.26 illustrate the comparative evaluation of original (x-axis) and generated
reasoning (y-axis) scores across different language models. This visualization helps
in understanding how much improvement occurs in generated reasoning compared to
the original dataset reasonings. Across all five models, a consistent improvement is
observed, with most generated reasoning scores surpassing their original counterparts.
Particularly in GPT-4-Turbo and DeepSeek-R1-Distill-LLaMA-70B, the results show
a strong upward trend, indicating that these models highly benefit from the proposed
symbolic neural inference prompting technique.
The presence of lower original scores improving significantly in generated reasonings
reinforces the argument that symbolic reasoning prompts enhance clarity, coherence,
and causal alignment in LLM-generated explanations.

4.4.3.1.5 Correlation Analysis of Score Differences Across Models The heatmap
in Figure 4.27 illustrates the correlation between score differences (Generated Reason
Score - Original Reason Score) across various language models. Notably, LLaMA-
3.3-70B and DeepSeek-R1-Distill-LLaMA-70B exhibit the highest correlation (0.58),
indicating that these models evaluate improvements in reasoning in a similar man-
ner. Furthermore, GPT-4-Turbo also aligns moderately (0.51-0.55) with these models,
supporting the notion that these advanced models are more sensitive to improvements
introduced by the symbolic reasoning prompting technique.
Conversely, GPT-3.5-Turbo and Allam-2-7B exhibit significantly weaker correlations
(0.22-0.27) with other models, suggesting that these models may evaluate reasoning
improvements using different internal heuristics. This highlights the need to con-
sider model-specific behaviors when assessing the effectiveness of reasoning gener-
ation techniques.
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Fig. 4.27: Heatmap of Score Differences

Fig. 4.28: Bar Chart - Average Scores Comparison

4.4.3.1.6 Quantitative Comparison of Reasoning Scores Across Models The bar
chart in Figure 4.28 presents the average evaluation scores for original (blue bars) and
generated reasoning (orange bars) across five different models. The results strongly
validate the effectiveness of the Commonsense-Driven Symbolic Neural Language In-
ference Prompting Technique, as all models exhibit higher scores for generated rea-
soning compared to the original dataset explanations.
Particularly, GPT-4-Turbo and LLaMA-3.3-70B demonstrate the most substantial im-
provements, reinforcing that larger models benefit the most from structured commonsense-
driven reasoning prompts. This suggests that the symbolic reasoning technique effec-
tively enhances interpretability, causality, and logical coherence in natural language
inference.

4.4.3.2 Delta-Based Reasoning Evaluation
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Fig. 4.29: Delta histogram plots

4.4.3.2.1 Histogram of Delta Values per Model The histogram plots in Figure 4.29
illustrate the distribution of delta values, defined as the difference between the gener-
ated and original reasoning scores, across each model. These separate plots provide
insights into how frequently the generated reasons outperform or underperform the
original reasons.

Notably, GPT-4-Turbo, LLaMA-3.3-70B and DeepSeek-R1-Distill-LLaMA-70B
show skewed distributions toward positive delta values, suggesting a tendency to gen-
erate improved causal reasons. In contrast, GPT-3.5-Turbo exhibits a more centered
distribution around zero, indicating limited net improvement. These visualizations
highlight the relative effectiveness and consistency of reasoning enhancements by the
CSR-NLI prompting framework with the GPT-3.5-Turbo model.

Fig. 4.30: Delta violin plots
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4.4.3.2.2 Violin Plots of Delta Distributions The violin plots (Figure 4.30) depict
the probability density of delta values for each model. These plots combine the features
of boxplots with a kernel density estimate, revealing the full shape of the distribution.

Larger models such as GPT-4-Turbo and LLaMA-3.3-70B-Versatile exhibit posi-
tively skewed distributions, with DeepSeek showing a narrow and dense improvement
zone. This indicates consistent performance gains with minimal negative deltas. The
plots support the view that generated reasonings are more effective and relevant causal
justifications than the original reasonings.

Fig. 4.31: Delta box plots

4.4.3.2.3 Boxplots of Delta Values Figure 4.31 presents boxplots summarizing the
delta distributions for all models. These plots clearly demonstrate variations in central
tendency and spread across models.

Models such as GPT-4-Turbo and LLaMA-3.3-70B have higher medians and tighter
interquartile ranges, indicating both effective and stable performance. GPT-3.5-Turbo,
however, shows lower median deltas and wider spread, suggesting more variable re-
sults. Overall all the models shows the generated reasonings are better than the original
reasonings.

4.4.3.2.4 Heatmap of Average Scores and Delta A heatmap of average scores is
provided in Figure 4.32, displaying mean values of the original and generated reason-
ing scores, along with the mean delta, for each model.

This visualization confirms that GPT-4-Turbo and LLaMA-3.3-70B models ex-
hibit the highest average gains in score, with LLaMA-3.3-70B showing the most pro-
nounced delta. On the other hand, GPT-3.5-Turbo shows smaller differences, which is
expected due to the generated reasonings are generated using GPT-3.5-Turbo model.
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Fig. 4.32: Delta heatmap of average scores

(a) Mean value plot (b) Variability value plot

Fig. 4.33: Mean and Variability of delta values

4.4.3.2.5 Summary Statistics: Mean, Median, and Standard Deviation Table 4.4
and Figure 4.33 display summary statistics including the mean, median, and standard
deviation of delta values across models.

TABLE 4.4: Summary statistics of delta values for each model

Model Mean Median Std Dev
GPT-3.5-Turbo 8.71 10.0 10.53
GPT-4-Turbo 46.41 45.0 24.07

LLaMA-3.3-70B-Versatile 48.41 50.0 19.02
Allam-2-7B 8.59 10.0 11.78

DeepSeek-R1-Distill-LLaMA-70B 24.91 25.0 22.97

The results reveal that GPT-4-Turbo and LLaMA-3.3-70B not only have the highest
average deltas but also relatively low standard deviations, pointing to both strong and
consistent improvements. Conversely, GPT-3.5-Turbo and Allam-2-7B present larger
variability and more modest performance enhancements.

4.4.3.2.6 Discussion The delta-based analysis provides strong evidence that the
generated causal reasonings outperform the original ones in the CAMS dataset. No-
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tably, newer and larger-scale language models demonstrate significant results. In par-
ticular, GPT-4-Turbo and LLaMA-3.3-70B-Versatile exhibit the largest average delta
values with relatively low variance, indicating both substantial and consistent improve-
ments. These results reinforce the effectiveness of using high-capacity models within
the CSR-NLI prompting framework for enhancing workplace mental health reasoning
and support their selection for real-world deployment in emotionally sensitive contexts.

4.4.3.3 Quantitative Analysis of Reasoning Improvements

Fig. 4.34: Percentage Improvement in Generated Reasoning Across Models

The boxplot in Figure 4.34 illustrates the percentage improvement in reasoning
scores for each model. Notably, GPT-4-Turbo and LLaMA-3.3-70B demonstrate the
highest median improvements (~100-300%), confirming that these models are highly
responsive to structured reasoning prompts. The presence of extreme outliers in GPT-
3.5-Turbo and GPT-4-Turbo suggests that in some cases, the generated reasoning was
significantly more effective than the original dataset reasoning.
These findings validate the effectiveness of the Commonsense-Driven Symbolic Neu-
ral Language Inference Prompting Technique, particularly in larger, more advanced
models.

4.4.3.3.1 Effectiveness of the Prompting Technique Across Models The bar chart
in Figure 4.35 the score improvement for each model by calculating the difference be-
tween average generated reasoning scores and average original reasoning scores. This
visualization helps in understanding how much each model benefits from the symbolic
neural inference prompting technique. The results show a significant positive impact,
with all models displaying higher scores for generated reasonings compared to the
original ones. Notably, GPT-4-Turbo and LLaMA-3.3-70B demonstrate the most sub-
stantial gains (~50 points), suggesting that these models are highly receptive to struc-
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Fig. 4.35: Comparative Model Performance- Improvement in Generated Reasoning

tured reasoning prompts. Meanwhile, DeepSeek-R1 exhibits moderate but meaningful
improvements (~25 points), whereas GPT-3.5-Turbo and Allam-2-7B show relatively
smaller improvements (~8-10 points), indicating that smaller models might not fully
leverage the advantages of symbolic reasoning techniques.
These findings confirm that the symbolic neural inference prompting technique ef-
fectively enhances logical coherence and causal reasoning, particularly in advanced
models.

Fig. 4.36: Failure Rate Analysis Across Models

4.4.3.3.2 Robustness and Reliability of Symbolic Prompting Across Models The
bar chart in Figure 4.36 presents the failure rate analysis across different models, cal-
culated as the percentage of cases where the generated reasoning received a lower
evaluation score than the original reasoning.
LLaMA-3.3-70B demonstrates the lowest failure rate (~2%), confirming that it consis-
tently benefits from the Commonsense-Driven Symbolic Neural Language Inference
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Prompting Technique. Conversely, GPT-3.5-Turbo and DeepSeek-R1 exhibit higher
failure rates (~13%), indicating that these models occasionally struggle to generate su-
perior reasoning compared to the dataset-provided explanations.
These results suggest that while the prompting technique enhances reasoning across all
models, certain architectures (e.g., LLaMA-3.3-70B, GPT-4-Turbo) are better suited
for integrating structured symbolic reasoning into inference generation.

4.4.3.4 Statistical Analysis of Model Performance

To ensure a quantitative and statistically rigorous validation of the improvements ob-
served in generated reasoning, multiple statistical methods were applied. These in-
clude significance testing (Wilcoxon Signed-Rank Test & Paired t-Test), effect size
analysis (Cohen’s d), confidence interval estimation, and correlation analysis (Pearson
& Spearman correlations). The statistical validation helps establish whether the ob-
served improvements are meaningful, reliable, and consistent across different model
architectures.

TABLE 4.5: Summary Statistics of Reasoning Evaluation

Statistic gpt-3.5-turbo gpt-4-turbo allam-2-7b llama-3.3-70b deepseek-r1
Original Mean 83.37 35.66 76.05 38.68 59.18

Original Median 90.0 40.0 80.0 40.0 60.0
Original Std Dev 11.08 20.68 13.91 17.41 21.31
CSR-NLI Mean 92.08 82.07 84.64 87.13 84.09

CSR-NLI Median 95.0 85.0 90.0 90.0 85.0
CSR-NLI Std Dev 5.75 12.48 9.63 8.17 10.69

(a) Comparison of Mean (b) Comparison of Variability

Fig. 4.37: Comparison of Mean and Variability

4.4.3.4.1 Summary Statistics of Reasoning Evaluation The table 4.5 presents the
summary statistics (mean, median, standard deviation) of reasoning evaluation scores
across different models. The results demonstrate a consistent and substantial improve-
ment in reasoning quality across all models using the Commonsense-Driven Symbolic
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Neural Language Inference Prompting Technique.
The Figues 4.37 showcases GPT-4-Turbo and LLaMA-3.3-70B exhibit the most dra-
matic improvements, with average score gains of 45-50 points. The reduction in
standard deviation across all models suggests that the generated reasoning is not only
more accurate but also more stable, reinforcing the effectiveness of structured reason-
ing prompts.

TABLE 4.6: Key Observations from the Confidence Interval Results

Model Mean Difference 95% CI (Lower - Upper) Interpretation
GPT-3.5-Turbo 8.71 (8.39, 9.03) The generated reasoning score is, on av-

erage, 8.71 points higher than the origi-
nal score, with a 95% confidence that the
true mean difference falls between 8.39
and 9.03.

GPT-4-Turbo 46.41 (45.67, 47.14) Massive improvement. The generated
reasoning score is 46.41 points higher,
with a 95% CI between 45.67 and 47.14.
This confirms that GPT-4-Turbo benefits
greatly from symbolic reasoning prompt-
ing.

Allam-2-7B 8.59 (8.23, 8.95) Similar to GPT-3.5-Turbo, showing a
modest improvement of around 8.59
points.

LLaMA-3.3-70B 48.45 (47.88, 49.03) Largest improvement across all models.
The generated scores are on average
48.45 points higher, with a 95% CI rang-
ing from 47.88 to 49.03.

DeepSeek-R1-Distill-LLaMA-70B 24.91 (24.21, 25.61) Moderate to large improvement. The gen-
erated scores are 24.91 points higher, with
a 95% confidence range of 24.21 to 25.61.

4.4.3.4.2 Confidence Interval Analysis for Score Improvements The Table 4.6
confidence interval (CI) analysis provides a robust estimate of the true mean improve-
ment in reasoning scores. The results confirm that generated reasonings consistently
outperform original reasonings across all models.
Notably, LLaMA-3.3-70B and GPT-4-Turbo exhibit the most substantial improve-
ments, with mean differences of 48.45 and 46.41, respectively, demonstrating the ef-
fectiveness of Commonsense-Driven Symbolic Neural Language Inference Prompting.
Furthermore, the narrow confidence intervals indicate high stability and reliability in
score improvements, reinforcing the significance of these results.
These findings strongly validate the effectiveness of structured reasoning prompts in
improving causality-driven explanations across different LLM architectures.

4.4.3.4.3 Statistical Validation of Reasoning Score Improvements The results of
the Shapiro-Wilk test for normality in Table 4.7 indicate that the score differences for
GPT-3.5-Turbo, GPT-4-Turbo, Allam-2-7B, and DeepSeek-R1-Distill-LLaMA-70B sig-
nificantly deviate from a normal distribution (p-values ≪ 0.05). This necessitated the
use of the Wilcoxon Signed-Rank Test, a non-parametric alternative that does not as-
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TABLE 4.7: Statistical Test Results for Models

Model Shapiro-Wilk p-value Test Used Statistic P-Value
GPT-3.5-Turbo 0.0 Wilcoxon Signed-Rank 8.021× 105 0.0
GPT-4-Turbo 1.40× 10−45 Wilcoxon Signed-Rank 1.307× 105 0.0
Allam-2-7B 0.0 Wilcoxon Signed-Rank 1.039× 106 0.0

LLaMA-3.3-70B-Versatile 1.0 t-Test −1.647× 102 0.0
DeepSeek-R1-Distill-LLaMA-70B 9.58× 10−30 Wilcoxon Signed-Rank 5.988× 105 0.0

sume normality.
Conversely, the LLaMA-3.3-70B-Versatile model demonstrated normally distributed
score differences (𝑝 = 1.0), allowing for the use of the paired t-test to assess statistical
significance. The statistical tests confirm that the generated reasoning scores signif-
icantly outperform the original reasoning scores across all models. The p-values for
all tests were effectively 0, indicating extremely strong statistical significance (p ≪
0.001). This provides robust evidence that the Commonsense-Driven Symbolic Neu-
ral Language Inference (CSR-NLI) Prompting Framework consistently enhances the
quality of generated reasoning across diverse LLM architectures.

TABLE 4.8: Key Observations from the Cohen’s d Results

Model Cohen’s d Effect Size Interpretation
GPT-3.5-Turbo 0.986 Large Effect (Strong improvement)
GPT-4-Turbo 2.716 Very Large Effect (Highly meaningful improvement)
Allam-2-7B 0.718 Moderate Effect (Noticeable but smaller improvement)

LLaMA-3.3-70B-Versatile 3.562 Extremely Large Effect (Most impactful improvement)
DeepSeek-R1-Distill-LLaMA-70B 1.473 Very Large Effect (Highly meaningful improvement)

Fig. 4.38: Cohen’s d Effect Size Analysis

4.4.3.4.4 Effect Size Analysis of Reasoning Score Improvements The Cohen’s d
effect size results in Table 4.8 and Figure 4.38 quantify the practical significance of the
observed improvements in generated reasoning scores. The findings demonstrate that

105



LLaMA-3.3-70B (d = 3.562) and GPT-4-Turbo (d = 2.716) exhibit the most substantial
improvements, confirming that these models effectively leverage the Commonsense-
Driven Symbolic Neural Language Inference Prompting Technique.
Furthermore, DeepSeek-R1 and GPT-3.5-Turbo also show large effect sizes, suggest-
ing meaningful improvements in reasoning quality.
Allam-2-7B exhibits the lowest effect size (d = 0.718), indicating that it benefits less
from the prompting technique compared to other models.
Overall, the effect size analysis strongly supports the effectiveness of symbolic reason-
ing in improving LLM-generated explanations.

TABLE 4.9: Key Observations from Correlation Results

Model Pearson Correlation Spearman Correlation Interpretation
GPT-3.5-Turbo 0.353 (Moderate) 0.509 (Moderate-Strong) Shows a moderate relationship, meaning

generated scores follow the general trend
of original scores but with some variation.

GPT-4-Turbo 0.008 (Near Zero) 0.187 (Weak) Almost no linear correlation, suggesting
that generated scores do not follow origi-
nal scores directly. However, Spearman’s
correlation suggests a very weak mono-
tonic relationship.

Allam-2-7B 0.551 (Strong) 0.596 (Strong) Strong alignment between original and
generated scores, indicating that this
model preserves the original reasoning
structure better.

LLaMA-3.3-70B 0.042 (Very Weak) 0.217 (Weak) Almost no linear correlation and only a
weak ranking correlation, suggesting that
generated scores do not consistently align
with original ones.

DeepSeek-R1-Distill-LLaMA-70B 0.096 (Very Weak) 0.274 (Weak-Moderate) Very weak Pearson correlation, but a
moderate Spearman correlation, meaning
the model ranks reasonings in a similar
order, but with some variation in scores.

Fig. 4.39: Heatmap of Pearson & Spearman Correlations

4.4.3.4.5 Correlation Between Original and Generated Reasoning Scores The
correlation analysis in Table 4.9 and Figure 4.39 provides insights into the alignment
between original and generated reasoning scores.
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Allam-2-7B shows the strongest correlation (Pearson = 0.55, Spearman = 0.59), indi-
cating that its generated reasonings closely resemble the original dataset’s reasoning
structure. In contrast, GPT-4-Turbo and LLaMA-3.3-70B show very weak Pearson
correlations (0.008 and 0.042, respectively), suggesting that their generated reasoning
significantly diverges from the original dataset structure.
However, Spearman correlations are generally higher than Pearson correlations across
models, meaning that while the generated scores do not exactly match original scores,
they still maintain some ranking consistency.
These findings suggest that more advanced models like GPT-4-Turbo and LLaMA-
3.3-70B do not simply replicate original reasoning structures but instead reformulate
reasoning with new perspectives, potentially improving causal inference.

4.4.4 Benchmarking Models for CSR-NLI Prompting Evaluation

This section provides a comparative assessment of the effectiveness of the Commonsense-
Driven Symbolic Neural Language Inference (CSR-NLI) Prompting Framework across
multiple large language models (LLMs). The evaluation benchmarks model perfor-
mance based on four primary aspects: reasoning quality, absolute improvements, model
agreement, and overall effectiveness. By consolidating findings from various statistical
and graphical analyses, this section highlights the relative strengths and limitations of
each model in processing structured, commonsense-driven reasoning.

4.4.4.1 Performance Benchmark: Improvements in Reasoning Scores

The evaluation results confirm a consistent improvement in reasoning scores across all
models, validating the effectiveness of structured reasoning techniques. The following
key observations were made:

• LLaMA-3.3-70B and GPT-4-Turbo exhibited the highest post-prompting rea-
soning scores, highlighting their ability to integrate symbolic reasoning effec-
tively.

• DeepSeek-R1-Distill-LLaMA-70B demonstrated moderate improvements, posi-
tioning itself as a capable model, though slightly less effective than the top-tier
models.

• GPT-3.5-Turbo and Allam-2-7B displayed smaller but still notable improve-
ments, suggesting that even mid-sized models benefit from symbolic reasoning
techniques.

These results reinforce the capability of structured reasoning prompts to enhance
logical coherence and causal alignment across diverse LLM architectures.
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4.4.4.2 Best Model Identification: Effectiveness of CSR-NLI Prompting

To identify the models that benefited the most from CSR-NLI prompting, absolute
score improvements were analyzed. The findings indicate:

• LLaMA-3.3-70B exhibited the largest reasoning improvement, demonstrating a
significant performance boost.

• GPT-4-Turbo followed closely, showing comparable gains and confirming its
strong responsiveness to structured reasoning techniques.

• DeepSeek-R1-Distill-LLaMA-70B achieved moderate improvements, reinforc-
ing its capability but revealing some limitations compared to the top-performing
models.

• GPT-3.5-Turbo and Allam-2-7B displayed lower, yet measurable, score gains,
affirming that symbolic reasoning prompting enhances reasoning quality even in
models with fewer parameters.

These insights highlight that larger, more contextually aware models exhibit the
greatest performance gains from CSR-NLI prompting.

4.4.4.3 Model Agreement and Consistency

To assess the consistency and reliability of reasoning evaluations across models, a
correlation analysis was conducted. Key findings include:

• GPT-4-Turbo and DeepSeek-R1-Distill-LLaMA-70B exhibited the highest agree-
ment rates, suggesting a shared evaluation pattern in reasoning assessment.

• LLaMA-3.3-70B demonstrated moderate alignment with GPT-4-Turbo, rein-
forcing its reliability in structured reasoning evaluation.

• GPT-3.5-Turbo and Allam-2-7B exhibited lower agreement values, indicating
greater variance in their evaluations.

These results suggest that while all models improve with CSR-NLI prompting,
their scoring consistency varies. More advanced models, such as GPT-4-Turbo and
LLaMA-3.3-70B, demonstrate more stable and standardized reasoning evaluation ca-
pabilities.
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4.4.4.4 Model Rankings Based on Reasoning Evaluation Performance

To rank models based on their effectiveness in evaluating symbolic reasoning, key
evaluation metrics—including mean score improvement, effect size (Cohen’s d), and
statistical significance tests—were considered. The rankings are as follows:

1. LLaMA-3.3-70B: The best-performing model, achieving the highest reasoning
improvement with strong statistical significance.

2. GPT-4-Turbo: A close second, demonstrating comparable gains and a strong
ability to process structured reasoning.

3. DeepSeek-R1-Distill-LLaMA-70B: Ranked third, showing significant improve-
ments but slightly lower effectiveness than the top two.

4. GPT-3.5-Turbo and Allam-2-7B: These models ranked lower, benefiting from
CSR-NLI prompting but to a lesser extent than the larger models.

These rankings confirm that larger and more contextually aware models benefit the
most from CSR-NLI prompting, making them ideal candidates for structured reasoning
tasks.

4.4.4.5 Conclusion and Implications

The benchmarking evaluation of symbolic reasoning prompting across models demon-
strates that CSR-NLI prompting significantly enhances causal reasoning generation
in large language models. By incorporating structured symbolic reasoning, this ap-
proach improves logical coherence, causal alignment, and interpretability in machine-
generated explanations. The results confirm that symbolic reasoning prompts con-
sistently lead to higher reasoning scores, reinforcing the effectiveness of structured
reasoning techniques in enhancing model-generated explanations.

Among the tested models, LLaMA-3.3-70B and GPT-4-Turbo exhibited the most
substantial improvements in reasoning quality, positioning them as the most effective
models for structured reasoning tasks. DeepSeek-R1-Distill-LLaMA-70B also showed
moderate improvements, while GPT-3.5-Turbo and Allam-2-7B exhibited smaller but
still noticeable gains. The analysis further revealed that while some models, par-
ticularly GPT-4-Turbo and DeepSeek-R1-Distill-LLaMA-70B, maintained more con-
sistent evaluation patterns, others such as GPT-3.5-Turbo and Allam-2-7B displayed
greater variability, highlighting differences in their ability to assess symbolic reason-
ing.

Despite these promising results, certain limitations must be considered. The evalu-
ation process relied primarily on model-generated scores, which may introduce biases
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and lack human interpretability. Moreover, inconsistencies in evaluation patterns sug-
gest that some models assess reasoning quality differently, raising the need for more
reliable inter-model agreement metrics. Additionally, the evaluation focused solely
on causal reasoning, limiting the generalizability of the results to other reasoning
paradigms such as abductive or deductive inference.

These findings indicate that CSR-NLI prompting is particularly beneficial for mod-
els with strong contextual reasoning capabilities. Future work could focus on expand-
ing evaluation datasets to assess broader reasoning abilities beyond causal inference.
Incorporating human-in-the-loop evaluation frameworks would enhance the reliability
of reasoning assessments and mitigate model-specific biases. Furthermore, refining
prompting strategies to improve performance in smaller models could make structured
reasoning more adaptable across different architectures.

In summary, CSR-NLI prompting provides a scalable and effective approach for
enhancing symbolic reasoning in language models. The evaluation confirms its poten-
tial for improving reasoning quality, particularly in larger models such as GPT-4-Turbo
and LLaMA-3.3-70B. Further refinements could enhance its applicability to diverse
reasoning tasks, contributing to advancements in explainable AI and reasoning-driven
natural language processing.
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CHAPTER 5

DISCUSSION

This chapter discusses the findings obtained from the experimental evaluations of emo-
tion analysis, stress detection, and the CSR-NLI prompting framework. It highlights
their implications, strengths, and limitations, while placing them within the broader
context of related work and practical applications in workplace mental health monitor-
ing. The discussion further addresses how these findings contribute to the development
of a comprehensive framework for AI-driven mental health assessment and outlines fu-
ture research directions.

5.1 Interpretation of Results

The interpretation of results focuses on analyzing the performance of various AI mod-
els used for emotion analysis, sentiment analysis, stress detection, and the CSR-NLI
prompting framework. The findings are systematically compared with existing method-
ologies to assess their novelty, practical implications, and relevance to workplace men-
tal health monitoring.

5.1.1 Key Findings

The experimental results demonstrate notable advancements in AI-driven workplace
mental health monitoring. The findings are summarized as follows:

5.1.1.1 Emotion Analysis Models

The emotion analysis models, trained on the CARER dataset, revealed significant in-
sights into emotion classification in workplace settings. Support Vector Machine
(SVM) and XGBoost emerged as the top-performing models, achieving an accuracy
and F1-score of 0.89. Their superior performance suggests that ensemble methods and
margin-based classifiers effectively capture nuanced emotional states.

While Random Forest followed closely with an accuracy of 0.88, Logistic Regres-
sion and Decision Tree performed slightly lower at 0.86. Naïve Bayes, with an accuracy
of 0.70, struggled due to its assumption of feature independence. These results empha-
size the importance of ensemble learning and margin-based classifiers for real-time
emotion analysis in workplace communication.

The emotion analysis models were trained on the CARER dataset, comprising over
10 million tweets classified into eight emotion categories. Support Vector Machine
(SVM) and XGBoost emerged as the top-performing models, both achieving an ac-
curacy and F1-score of 0.89, demonstrating their ability to capture complex emotional
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patterns. Random Forest also performed well, attaining an accuracy of 0.88 and an
F1-score of 0.88, benefiting from its ensemble-based learning approach. Logistic Re-
gression maintained stable performance with an accuracy of 0.86, while Decision Tree
showed slightly lower generalization with an accuracy of 0.86 and an F1-score of 0.83.
Naïve Bayes had the weakest performance, with an accuracy of 0.70 and an F1-score
of 0.64, likely due to its assumption of feature independence, which is less suited for
emotion classification. These results highlight ensemble learning techniques, partic-
ularly boosting methods like XGBoost, and margin-based classifiers like SVM as the
most effective approaches for workplace emotion classification, offering strong po-
tential for real-time sentiment monitoring and psychological assessment in corporate
environments.

5.1.1.2 Sentiment Analysis Models

The sentiment analysis models were trained on the Dreaddit dataset, which contains
sentiment-labeled Reddit posts, categorized into positive, neutral, and negative senti-
ments. Experimental results demonstrated that Logistic Regression achieved the high-
est accuracy of 0.75 and F1-score of 0.761, outperforming Support Vector Machines
(SVM) (0.71) and Multinomial Naïve Bayes (0.67). While Naïve Bayes showed supe-
rior recall (0.959), making it effective for sentiment variations, lexicon-based models
like VADER and TextBlob underperformed, achieving lower accuracy (0.62 and 0.65),
respectively). The results indicate that machine learning models, particularly Logistic
Regression and SVM, offer robust and interpretable sentiment classification, making
them well-suited for workplace sentiment monitoring.

5.1.1.3 Stress Analysis

The stress detection models were trained and evaluated using the Dreaddit dataset,
which comprises 190,000 Reddit posts annotated for stress and sentiment classifica-
tion. Among the evaluated models, Multinomial Naïve Bayes demonstrated the best
performance, achieving an accuracy of 0.745 and F1-score of 0.761, outperforming
Logistic Regression (0.720) and Support Vector Classifier (SVC) (0.747). While Ran-
dom Forest achieved the highest recall (0.995), it suffered from low precision, leading
to frequent misclassifications. The evaluation of multiple classifiers emphasized that
probabilistic models, particularly Naïve Bayes, provide a computationally efficient and
accurate approach to text-based stress detection in workplace communication settings.

5.1.1.4 CSR-NLI Prompting Framework:

The Commonsense-Driven Symbolic ReAct-NLI (CSR-NLI) framework introduced an
advanced neuro-symbolic approach to causal reasoning in employee communications.
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The evaluation was conducted using the CAMS dataset and compared against baseline
reasoning models. The results demonstrated that CSR-NLI consistently outperformed
baseline approaches in logical coherence, causal alignment, and clarity of explanations.

The multi-model evaluation using GPT-3.5-Turbo, GPT-4-Turbo, Allam-2-7B, LLaMA-
3.3-70B-Versatile, and DeepSeek-R1-Distill-LLaMA-70B confirmed substantial improve-
ments in reasoning quality. Notably, CSR-NLI reasoning achieved a mean score of
92.08 for GPT-3.5-Turbo, 82.07 for GPT-4-Turbo, and 87.13 for LLaMA-3.3-70B,
highlighting its effectiveness in generating high-quality causal reasoning asoning Eval-
uation. The evaluation of generated reasoning was conducted using a structured nu-
merical scoring system (0 to 100), with multiple statistical and graphical analyses.

• A total of 4,142 reasoning instances were generated using CSR-NLI and com-
pared against human-annotated reasonings from the CAMS dataset.

• Statistical significance tests, including Wilcoxon Signed-Rank Test and Paired t-
Test, confirmed significant improvements in reasoning coherence and alignment.

• Confidence interval analysis demonstrated that CSR-NLI consistently outper-
formed baseline reasoning models across all tested LLMs.

• Visual analyses, such as histograms, boxplots, scatter plots, and correlation
heatmaps, provided insights into score distributions and trends, validating the
robustness of CSR-NLI reasoning.

The experimental results indicate that CSR-NLI enhances causal reasoning gen-
eration by leveraging commonsense-driven symbolic inference. The highest score
improvements were observed in models such as GPT-4-Turbo and DeepSeek-R1-Distill-
LLaMA-70B, demonstrating an average reasoning score gain of 45-50 points com-
pared to baseline methods.

The results of emotion analysis, sentiment analysis, and stress detection demonstrate
the efficacy of models in capturing nuanced emotional states. However, these models
are primarily data-driven and lack the ability to explain their predictions. The CSR-
NLI prompting framework, which integrates symbolic reasoning with large language
models, aims to enhance interpretability and provide a deeper understanding of con-
versational messages.

5.1.2 Comparison with Related Work

Traditional sentiment analysis models primarily focus on polarity detection. In con-
trast, the emotion analysis framework implemented in this study captures nuanced
emotional states, aligning with recent advancements such as COSMIC and DialogueGCN.
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The integration of ensemble learning methods enhances interpretability and robustness,
demonstrating superior performance in workplace emotion classification.

The CSR-NLI Prompting Framework presents a novel hybrid approach to inte-
grating commonsense reasoning into mental health assessment. Unlike purely neural
models, CSR-NLI combines symbolic reasoning with large language models, yielding
higher logical consistency and structured causal inference. The multi-model evalua-
tion confirms that structured prompting enhances reasoning capabilities, particularly
in GPT-4-Turbo and LLaMA-3.3-70B, which exhibit an average reasoning score im-
provement of 50 points over baseline models.

The newly developed Reasoning Evaluation Dataset improves upon CAMS by
introducing a larger, more accurate dataset containing 4,142 records specifically tai-
lored for workplace-related causal reasoning. Experimental results indicate that our
dataset allows for superior reasoning generation, validated through Wilcoxon Signed-
Rank Tests and Paired t-Tests, confirming statistically significant improvements in rea-
soning coherence.

The study demonstrates that iterative symbolic prompting significantly improves
causal reasoning in large language models, supporting the growing relevance of hybrid
neuro-symbolic architectures in explainable AI. The CSR-NLI framework enhances
the explainability of AI-driven mental health assessments by integrating structured
reasoning aligned with human interpretations, offering promising potential for real-
time mental health monitoring systems in workplace settings. The following section
discusses these implications in detail, emphasizing the practical relevance of the pro-
posed framework.

5.1.3 Practical Implications

The findings of this research present key advancements in AI-driven workplace mental
health monitoring:

• Enhanced Workplace Well-Being: The ability to detect emotions and stress
levels in workplace communication enables proactive mental health support, re-
ducing burnout and absenteeism.

• Improved AI Explainability: The integration of CSR-NLI enhances transparency
in mental health assessments, providing interpretable causal reasoning compared
to black-box deep learning models.

• Superior Dataset for Mental Health Analysis: The newly developed dataset
surpasses CAMS, offering a broader range of workplace stressors and sentiment
variations, leading to improved model generalizability.
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• Scalability and Cost-Effectiveness: The lightweight, efficient framework en-
sures real-time deployment across workplace environments, enabling cost-effective
mental health interventions and potentially lowering insurance premiums.

The proposed framework’s practical implications extend beyond emotion detec-
tion, enabling organizations to proactively address mental health concerns through ex-
plainable AI solutions. By offering structured reasoning and enhanced model trans-
parency, the CSR-NLI framework promotes a more comprehensive and trustworthy
approach to workplace mental health assessment. These benefits are particularly rele-
vant in corporate environments where scalability, cost-effectiveness, and ethical con-
siderations are critical.

The insights gained from the comparative analysis and practical implications of the
proposed framework underscore the importance of combining symbolic reasoning with
neural inference. The CSR-NLI framework’s ability to generate interpretable causal
reasoning presents a promising avenue for enhancing the robustness and reliability of
mental health monitoring systems. The next section delves deeper into the strengths
and limitations of CSR-NLI, providing a detailed evaluation of its performance and
areas for improvement.

5.2 Insights from CSR-NLI Framework

The CSR-NLI framework represents a significant advancement in integrating symbolic
reasoning with neural inference for causal reasoning and emotion analysis. Unlike
traditional neural approaches that often suffer from interpretability issues, CSR-NLI
enhances decision transparency by iteratively refining reasoning through structured
commonsense validation. This section provides an in-depth evaluation of the frame-
work’s contributions, its empirical effectiveness, and identified limitations and areas
for improvement.

5.2.1 Advancing Emotion and Causal Reasoning Analysis

CSR-NLI introduces a novel prompting technique that dynamically generates com-
monsense hypotheses and iteratively refines them using Neuro-Symbolic AI principles.
Compared to existing methods such as causal and abductive mental state (CAMS)
dataset-based reasoning models, CSR-NLI consistently achieves higher logical con-
sistency, improved alignment with human interpretations, and more structured causal
inference.

For example, when analyzing the input message:

“I feel overwhelmed at work due to upcoming deadlines,”
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CSR-NLI generates a structured reasoning output:

“Work deadlines impose time constraints that increase cognitive load,
leading to heightened stress levels in working environments.”

This structured approach ensures that AI-generated reasoning aligns with real-
world knowledge and reduces hallucinations commonly found in neural-based rea-
soning models.

Additionally, the newly created dataset outperforms CAMS in terms of data diver-
sity, reasoning quality, and annotation consistency, making it a more suitable bench-
mark for evaluating AI-driven causal reasoning in workplace mental health contexts.

5.2.2 Effectiveness of CSR-NLI in Prompting and Reasoning Generation

The evaluation of CSR-NLI reasoning performance was conducted across multiple
large language models (LLMs), including GPT-3.5-Turbo, GPT-4-Turbo, Allam-2-
7B, LLaMA-3.3-70B-Versatile, and DeepSeek-R1-Distill-LLaMA-70B. The results
demonstrated that CSR-NLI achieves superior logical coherence, with an average rea-
soning score of 92.08 on GPT-3.5-Turbo, 82.07 on GPT-4-Turbo, and 87.13 on LLaMA-
3.3-70B. A total of 4,142 reasoning instances were compared with human-annotated
ground truth reasonings, revealing that CSR-NLI outperforms baseline neural approaches
in terms of logical structure and causal relevance.

Further validation was performed using statistical significance tests, including the
Wilcoxon Signed-Rank Test and Paired t-Test, both of which confirmed that CSR-NLI
improves reasoning coherence and alignment compared to existing baseline models.
To visualize these improvements, various analytical techniques such as histograms,
scatter plots, and correlation heatmaps were employed. These visual analyses demon-
strated a clear enhancement in reasoning score distribution across multiple LLMs, fur-
ther reinforcing the robustness and reliability of the framework.

The findings demonstrate that CSR-NLI offers a more interpretable, adaptable, and
scalable approach to causal reasoning in AI-driven mental health analytics by integrat-
ing symbolic reasoning with neural inference. Its robustness across multiple LLMs
enhances causal reasoning quality, improving coherence and enabling real-time de-
ployment in workplace communication monitoring. While promising for explainable
AI in assessing stressors and emotional states, certain limitations remain to be ad-
dressed for optimizing efficiency and adaptability.

5.2.3 Limitations and Areas for Improvement

Despite its advantages, CSR-NLI exhibits certain limitations that require further inves-
tigation. While the framework outperforms previous methods, it still struggles with
highly nuanced and ambiguous conversational messages, where subtle variations in
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language can impact reasoning accuracy. Although the newly developed dataset offers
improvements over CAMS, additional generalization is necessary to ensure applicabil-
ity across diverse workplace communication settings.

Another key challenge lies in the computational cost associated with the iterative
refinement process. While this enhances reasoning quality, it increases inference time
and computational expense, potentially limiting real-time applications, particularly in
high-volume organizational environments. Additionally, CSR-NLI’s dependency on
high-resource large language models, such as GPT-4-Turbo, raises concerns regarding
deployment feasibility at scale. The reliance on these models may introduce constraints
in terms of accessibility and affordability, especially for organizations with limited
computational resources.

Addressing these limitations is critical to enhancing the broader applicability of
CSR-NLI. As the framework continues to evolve, integrating hybrid reasoning models
and optimizing computational efficiency will be essential to achieving higher scala-
bility and interpretability. The next section provides recommendations for future im-
provements and discusses potential avenues for enhancing the performance of CSR-
NLI in real-world applications.

5.2.4 Future Directions for Enhancing CSR-NLI

To further enhance CSR-NLI and address its existing challenges, several key improve-
ments can be explored. Optimizing prompt engineering is a crucial step in improving
alignment with complex and nuanced conversational contexts, ensuring that the gen-
erated reasoning remains contextually accurate and interpretable. Additionally, multi-
dataset benchmarking should be conducted to evaluate CSR-NLI across a diverse range
of corpora beyond CAMS and the newly developed dataset. This will help assess its
generalizability and effectiveness in different workplace communication settings.

Improving computational efficiency is another priority, as reducing iterative cy-
cles without compromising reasoning accuracy can make CSR-NLI more scalable for
real-time applications. Hybrid symbolic-neural pruning techniques could be explored
to achieve this balance, enabling faster inference times while maintaining reasoning
quality. Furthermore, integrating adaptive iterative refinement mechanisms that dy-
namically adjust the number of reasoning steps based on message complexity can help
optimize performance, ensuring that more complex cases receive additional refinement
while simpler cases are processed more efficiently.

Finally, advancing CSR-NLI through hybrid reasoning models that combine graph-
based AI with symbolic commonsense reasoning can further enhance causality repre-
sentation. This integration could improve the framework’s ability to model complex
relationships and dependencies within workplace mental health assessments. By im-
plementing these advancements, CSR-NLI can evolve into a more robust, scalable, and
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widely applicable framework for neuro-symbolic AI in mental health analytics.

5.2.5 Conclusion

The CSR-NLI framework represents a significant step forward in neuro-symbolic AI,
particularly in workplace mental health analysis. By introducing structured commonsense-
driven reasoning, the framework outperforms existing datasets and baseline models
while maintaining high transparency, scalability, and logical coherence. Future im-
provements in prompt engineering, dataset generalization, and computational effi-
ciency will further enhance its applicability across diverse organizational contexts,
setting a new standard for AI-driven causal reasoning in mental health assessment.

5.3 Challenges and Lessons Learned

The development of the CSR-NLI framework encountered several technical, ethical,
and methodological challenges. Understanding these challenges is essential for im-
proving the framework’s effectiveness and ensuring its successful deployment in work-
place mental health monitoring. This section discusses the primary obstacles faced
during the research process and highlights the key lessons learned to guide future ad-
vancements.

5.3.1 Technical Challenges

The development and implementation of the CSR-NLI framework presented several
technical challenges. While integrating symbolic reasoning with neural inference im-
proved reasoning quality, it also significantly increased computational complexity. The
reliance on large-scale language models required substantial processing power, raising
concerns about scalability and real-time deployment in workplace settings. Future
enhancements could explore model compression techniques or distillation strategies
to improve efficiency. Additionally, dataset limitations posed another challenge. Al-
though the custom-developed dataset demonstrated superior performance compared
to CAMS, manual annotation remained a bottleneck. Semi-supervised learning tech-
niques could be leveraged to reduce the manual effort required for high-quality dataset
generation.

Another challenge involved the trade-off between iterative refinement and perfor-
mance. The CSR-NLI framework’s iterative reasoning improved explainability but
resulted in increased inference time, making it less viable for real-time applications.
Implementing adaptive reasoning mechanisms that dynamically adjust the number of
reasoning iterations based on message complexity could optimize efficiency without
sacrificing accuracy. Furthermore, the dependency on high-resource large language
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models, such as GPT-4 Turbo, raises concerns about feasibility for large-scale corpo-
rate deployments. While symbolic reasoning contributes to interpretability, aligning
AI-generated explanations with human mental models for causal reasoning remains an
area for further exploration.

5.3.2 Ethical and Methodological Challenges

Ethical considerations played a critical role in this research, particularly concerning
privacy, transparency, and bias. The analysis of workplace communication data re-
quired strict adherence to data protection protocols, including anonymization tech-
niques to safeguard employee privacy. However, challenges related to implicit re-
identification persisted, highlighting the need for stronger privacy-preserving mech-
anisms such as differential privacy. Furthermore, ensuring trust in AI-generated in-
sights is crucial for adoption. While CSR-NLI improves explainability, additional
mechanisms must be implemented to allow employees to query, contest, and better
understand AI-driven assessments.

A major challenge in workplace integration was overcoming resistance from em-
ployees and HR departments regarding AI-driven mental health monitoring. Many
concerns revolved around AI’s role in decision-making and the potential for misin-
terpretation of employee sentiments. The research findings suggest that co-designing
intervention strategies with employees can help foster trust and encourage responsible
AI adoption. Additionally, bias in model outputs remains an issue, as class imbalances
in stress and emotion detection models affected the fairness of AI-driven assessments.
To address this, further augmentation of underrepresented categories and continuous
bias auditing are necessary to ensure unbiased and equitable AI applications.

5.3.3 Lessons Learned

This research provided valuable insights into deploying AI for workplace mental health
monitoring. One key lesson is that high-quality datasets contribute more to model
performance than complex architectures. The custom-developed dataset significantly
outperformed CAMS, demonstrating that well-structured and diverse datasets are cru-
cial for improving AI reasoning. Another important finding is the trade-off between
explainability and performance. While symbolic reasoning enhances model trans-
parency, it also increases computational costs, suggesting the need for lightweight
neuro-symbolic approaches that balance efficiency and interpretability.

Additionally, the study highlights that AI models must be adaptive to different
workplace contexts. Rigid AI models fail to generalize effectively across diverse orga-
nizational settings, reinforcing the need for adaptable frameworks that tailor responses
to specific workplace environments. Ethical AI deployment emerged as a key consid-
eration for adoption. Beyond technical improvements, establishing clear guidelines on
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how AI-driven insights are used, ensuring human-in-the-loop oversight, and addressing
employee concerns are essential for successful implementation. These lessons will in-
form future advancements in AI-driven mental health assessments, ensuring that such
systems are both technically robust and ethically responsible.

5.4 Implications for Workplace Environments

The successful integration of CSR-NLI within the Mentalisys Health Application demon-
strates its potential to revolutionize corporate communication platforms and employee
mental health monitoring. This section discusses the broader implications of the pro-
posed framework, emphasizing its scalability, ethical considerations, and potential for
enhancing workplace well-being.

The integration of AI-driven solutions, particularly the CSR-NLI framework within
the Mentalisys Health Application, holds the potential to revolutionize corporate com-
munication platforms and employee mental health monitoring. By leveraging ad-
vanced neuro-symbolic reasoning, the proposed framework enhances decision-making,
improves employee well-being, and contributes to business sustainability.

5.4.1 Impact on Corporate Communication Platforms

CSR-NLI’s integration with workplace communication platforms such as Slack facil-
itates real-time emotion and stress analysis, enabling organizations to monitor work-
place sentiment dynamically. Unlike traditional sentiment analysis models that rely
on polarity-based detection, the neuro-symbolic reasoning employed in CSR-NLI cap-
tures deeper causal relationships behind employee stressors. This capability fosters a
proactive approach to mental health intervention, reducing employee burnout, absen-
teeism, and turnover.

5.4.2 Enhancing Employee Mental Health and Well-Being

The framework goes beyond conventional text classification by incorporating causal
reasoning, allowing HR teams to pinpoint specific triggers of workplace stress. By
leveraging symbolic reasoning, CSR-NLI generates structured insights into employ-
ees’ psychological well-being, promoting a supportive and psychologically safe work
environment. This refined understanding enables organizations to introduce personal-
ized mental health interventions, reducing stress-related workplace conflicts and en-
hancing overall job satisfaction.
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5.4.3 Overcoming Adoption Barriers

Despite the clear benefits of AI-driven workplace mental health monitoring, several
challenges may hinder adoption. One of the primary concerns is data privacy and
ethical implications, as employees may perceive AI-based sentiment monitoring as in-
trusive. Ensuring strict adherence to data anonymization, encryption, and obtaining
informed consent are essential measures to build trust and transparency. Additionally,
corporate hesitation remains a significant barrier, with organizations often reluctant
to implement AI-driven monitoring due to perceived cost, complexity, or skepticism
regarding its effectiveness. Demonstrating CSR-NLI’s scalability, lightweight imple-
mentation, and minimal maintenance requirements can help alleviate such concerns.
Another critical challenge is the stigma surrounding workplace mental health, which
may discourage employees from engaging with AI-driven well-being tools. Rais-
ing awareness through educational workshops, fostering transparency in AI decision-
making, and involving employees in the implementation process can improve trust and
adoption. Addressing these barriers effectively is crucial for ensuring the successful
integration of CSR-NLI in corporate environments.

5.4.4 Conclusion

CSR-NLI represents a transformative leap in workplace mental health monitoring, of-
fering real-time, explainable, and scalable solutions for corporate environments. By
addressing privacy concerns, fostering organizational trust, and demonstrating finan-
cial benefits, this research provides a robust foundation for integrating AI into work-
place well-being strategies. Future directions should explore further automation of
symbolic reasoning models and broader integration with industry-specific HR plat-
forms to maximize impact.

5.5 Limitations of the Study

While the CSR-NLI framework offers promising advancements in workplace mental
health assessment, several limitations must be acknowledged to provide a comprehen-
sive understanding of its scope. Identifying these limitations is crucial for guiding
future research and improving the framework’s applicability across various organiza-
tional contexts.

5.5.1 Platform and Data Constraints

The study primarily focuses on analyzing text-based communication from corporate
platforms such as Slack. While effective for workplace communication analysis, this
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approach does not account for multimodal data, including voice, video, or physiolog-
ical indicators, which could further enrich mental health assessments. Additionally,
the framework’s dependency on structured workplace communication may limit its
applicability to informal or less structured environments.

5.5.2 Generalizability Across Workplace Contexts

Although the framework was rigorously evaluated using benchmark datasets, its gener-
alizability across different organizational cultures and industries remains a challenge.
Communication styles, workplace norms, and stress indicators vary across sectors, ne-
cessitating additional validation in diverse corporate environments.

5.5.3 Computational and Deployment Challenges

The framework’s reliance on large-scale language models, particularly high-resource
architectures like GPT-4-Turbo, introduces concerns regarding computational efficiency
and real-time deployment. While the system achieves robust performance, optimizing
it for large-scale, real-time applications in organizations with extensive communication
data remains an area for improvement.

5.5.4 Ethical and Privacy Considerations

The sensitive nature of workplace mental health assessments necessitates strict adher-
ence to ethical standards concerning data privacy, informed consent, and user trust.
Compliance with regulations such as GDPR and HIPAA is essential to ensure respon-
sible data handling throughout collection, processing, and storage.

The use of Large Language Models (LLMs) like ChatGPT for reasoning generation
introduces additional privacy considerations. Effective privacy-preserving techniques,
including prompt engineering, data masking, anonymization, and encryption, must be
implemented to prevent LLMs from directly accessing identifiable data. Ensuring that
data processing occurs within secure environments and that users have full control over
their data rights is crucial.

Transparency in AI-driven decision-making is essential to build user trust. Incor-
porating explainability mechanisms and maintaining clear governance policies through
regular audits and compliance checks will enhance user acceptance and adherence to
ethical standards.

5.5.5 Scalability and Cost Constraints

The integration of neuro-symbolic reasoning with large language models enhances
interpretability but may pose challenges for scalability in resource-limited organiza-
tions. The cost associated with deploying and maintaining high-performance AI mod-
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els could be a barrier to widespread adoption, particularly for small and medium-sized
enterprises.

5.5.6 Conclusion

Acknowledging these limitations is essential for contextualizing the findings and guid-
ing future research directions. Addressing these challenges through improved dataset
diversity, optimized computational frameworks, and enhanced ethical safeguards will
be key to making CSR-NLI a more scalable and widely applicable solution for work-
place mental health monitoring.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1 Summary of Key Contributions

This research addresses the pressing need for advanced, real-time, and explainable so-
lutions to monitor and improve employee mental health within corporate environments.
By integrating Neuro-Symbolic AI (NSAI) with sentiment analysis, stress detection,
and commonsense-driven reasoning, the study presents several key contributions.

One of the primary contributions of this research is the development of a novel
causal reasoning dataset that improves upon CAMS by incorporating refined causal
reasoning data specific to workplace mental health. This dataset enables more ac-
curate and interpretable AI-driven mental health assessments, providing a stronger
foundation for future research in this domain. Additionally, the study introduces the
CSR-NLI framework, which significantly advances neuro-symbolic AI by integrating
symbolic reasoning with natural language inference. This framework enhances log-
ical coherence, causal alignment, and reasoning transparency, making AI-generated
insights more interpretable and actionable.

The research also contributes to the development of enhanced sentiment and stress
analysis models by employing advanced machine learning techniques, including en-
semble learning and transformer-based architectures. These models effectively detect
nuanced emotional states within workplace communication and achieve high accuracy
and robustness, as validated through standard evaluation metrics. Furthermore, through
structured prompting and symbolic reasoning, CSR-NLI improves the interpretability
of AI-driven causal analysis. Experimental evaluations demonstrate that structured
symbolic inference significantly enhances reasoning quality in large language models,
making AI-generated explanations more reliable and human-understandable.

Another key contribution of this research is its impact on workplace mental health
monitoring. The integration of the Mentalisys Health Application provides real-time
emotional and stress monitoring in corporate environments, allowing organizations to
take proactive measures to support employee well-being, reduce burnout, and improve
team dynamics. Beyond workplace well-being, the study highlights practical business
implications, demonstrating how AI-driven mental health monitoring can contribute
to tangible organizational benefits, such as reducing workplace stress, improving em-
ployee engagement, and potentially lowering corporate insurance premiums through
early risk detection.

In summary, this research bridges significant gaps in workplace mental health as-
sessment by introducing an innovative, scalable, and interpretable AI solution. The
integration of structured commonsense reasoning with advanced machine learning
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techniques ensures that mental health assessments are not only accurate but also ex-
plainable and actionable for organizations. These contributions pave the way for more
effective AI-driven interventions in corporate mental health management.

6.2 Practical Recommendations

The proposed framework for AI-driven mental health assessment, integrated into work-
place communication platforms, presents a strategic pathway for organizations to en-
hance employee well-being while maintaining ethical integrity. The following recom-
mendations provide a roadmap for effective adoption:

6.2.1 Integration into Corporate Wellness Strategies

To maximize its impact, organizations should embed the CSR-NLI framework within
existing corporate wellness programs. By integrating the system into widely used plat-
forms such as Slack and Microsoft Teams, employers can gain real-time insights into
workplace sentiment and emerging stress patterns. The system’s predictive capabili-
ties enable organizations to proactively address well-being concerns through tailored
interventions, including mental health workshops, stress management programs, and
personalized employee assistance initiatives.

6.2.2 Enhancing HR Practices and Decision-Making

HR departments can leverage the framework to refine employee support programs and
performance reviews. By incorporating AI-driven emotional analytics, HR profession-
als can better assess workplace sentiment trends, identify burnout risks, and design
data-driven well-being initiatives. The custom-developed dataset introduced in this
research enhances emotion causality detection, enabling more context-aware assess-
ments of workplace communication.

6.2.3 Addressing Adoption Barriers

While AI-driven mental health monitoring provides significant benefits, potential bar-
riers such as privacy concerns and ethical considerations must be addressed to fos-
ter trust and adoption. Organizations should communicate the purpose and scope of
AI-driven monitoring transparently, ensuring employees understand that the system is
designed to support well-being rather than track performance. Strong data protection
measures, including anonymization and restricted access, should be implemented to
comply with privacy regulations such as GDPR. Furthermore, organizations can fa-
cilitate adoption through phased pilot testing, allowing employees to engage with the
system voluntarily before organization-wide deployment.
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6.2.4 Ethical Deployment and Trust-Building

Ethical AI deployment is critical to ensuring employee trust and engagement. Organi-
zations must maintain transparency regarding AI decision-making processes and offer
employees access to their own sentiment and stress assessments. Furthermore, peri-
odic audits should be conducted to ensure that the framework operates fairly and does
not reinforce biases in sentiment analysis or stress detection.

6.2.5 Scalability and Long-Term Adoption

To ensure long-term success and scalability, organizations should adopt an incremental
approach to AI integration. The deployment should begin with small teams or depart-
ments before scaling organization-wide. HR professionals and managers should be
trained to interpret AI-generated insights and use them effectively to guide workplace
well-being policies. Moreover, continuous refinement of the AI model using real-world
workplace data will ensure that the framework remains adaptable to evolving corporate
communication styles and employee needs.

6.2.6 Conclusion

By following these recommendations, organizations can effectively integrate AI-driven
sentiment and stress analysis into workplace environments while upholding ethical
standards. The proposed CSR-NLI framework not only enhances employee mental
health monitoring but also fosters a more transparent, data-driven approach to work-
place well-being. Through strategic implementation, businesses can improve em-
ployee satisfaction, increase productivity, and ultimately drive a healthier organiza-
tional culture.

6.3 Future Work Directions

6.3.1 Enhancements to CSR-NLI Framework

The CSR-NLI framework has demonstrated significant potential in integrating sym-
bolic reasoning with neural inference. However, further improvements can be made
to enhance its causal reasoning capabilities. Future research should explore incorpo-
rating domain-specific knowledge graphs, improved commonsense datasets, and more
effective prompting strategies tailored to complex workplace reasoning tasks. Addi-
tionally, expanding the framework’s adaptability to multilingual data would increase
its applicability across diverse organizational settings.
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6.3.2 Integration of Multimodal Data

Currently, the framework primarily focuses on textual data from workplace communi-
cation platforms. A future research direction involves incorporating multimodal data
sources, including vocal tone, facial expressions, and physiological signals, to gain a
more comprehensive understanding of employee emotions. This multimodal approach
would strengthen sentiment and stress detection by capturing non-verbal cues associ-
ated with workplace well-being.

6.3.3 Scalability for Real-Time Processing

With increasing volumes of workplace communication data, ensuring real-time rea-
soning efficiency is crucial. Future enhancements should focus on optimizing CSR-
NLI’s computational efficiency while preserving reasoning accuracy. Techniques such
as hybrid symbolic-neural pruning and adaptive inference mechanisms could improve
processing speed. Additionally, leveraging cloud-based AI architectures or distributed
computing solutions can enhance the framework’s scalability for large-scale deploy-
ments.

6.3.4 Cross-Industry Applications

While CSR-NLI has been validated in corporate environments, its potential extends
beyond workplace mental health assessment. Future research could explore sector-
specific adaptations for industries such as healthcare, education, and customer service.
In healthcare, the framework could assist in identifying burnout risks among medical
professionals, while in education, it could support student well-being monitoring based
on online discussions.

6.3.5 Longitudinal Studies and Impact Assessment

The long-term effects of AI-driven mental health interventions require further investi-
gation. Future work should involve longitudinal studies assessing how AI-based frame-
works impact employee productivity, stress levels, and workplace engagement over
extended periods. These studies would provide empirical validation for the effective-
ness of AI-driven mental health interventions and guide improvements for real-world
applications.

6.3.6 Ethical and Regulatory Compliance

Ethical deployment of AI-driven mental health solutions requires adherence to regula-
tions such as GDPR, HIPAA, and regional privacy laws. The integration of LLMs like
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ChatGPT for reasoning generation presents specific challenges related to data privacy
and compliance.

To mitigate risks, techniques such as prompt engineering, data masking, differen-
tial privacy, and federated learning should be employed to ensure LLMs do not process
identifiable data. Comprehensive data governance policies addressing data storage,
processing, and deletion must be established to comply with varying regulatory re-
quirements.

Regular audits, transparency reports, and collaboration with legal experts are es-
sential for maintaining compliance. Ensuring proper documentation of LLM-generated
decisions and providing audit logs will promote ethical AI use and build user trust in
workplace mental health monitoring systems.

6.3.7 Conclusion

By addressing these future work directions, CSR-NLI and the Mentalisys Health Ap-
plication can continue evolving into scalable, explainable, and domain-adaptive AI so-
lutions for workplace mental health analytics. These advancements will enhance both
technical capabilities and ethical considerations, ensuring the framework remains ap-
plicable across various industries while promoting responsible AI-driven mental health
monitoring.

6.4 Final Thoughts

The increasing recognition of mental health as a critical factor in workplace produc-
tivity underscores the importance of AI-driven solutions for proactive well-being mon-
itoring. This research has demonstrated the potential of integrating Neuro-Symbolic
AI (NSAI) with real-time emotion analysis, stress detection, and commonsense-driven
reasoning to create an interpretable and scalable mental health assessment framework.

The development of the Mentalisys Health Application, powered by the CSR-NLI
framework, represents a significant step towards enhancing AI explainability in work-
place wellness. Unlike traditional sentiment analysis tools, this approach not only
detects emotional states but also uncovers causal factors behind workplace stressors,
enabling targeted interventions. The system’s ability to generate structured, human-
like reasoning fosters greater transparency and trust, addressing a key limitation in
AI-driven mental health assessments.

Despite these advancements, ethical considerations such as data privacy, informed
consent, and AI explainability remain crucial for fostering user trust and compliance
with regulatory frameworks. Ensuring that employees perceive these systems as sup-
portive rather than intrusive is essential for their successful adoption. This research
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highlights the need for transparent communication, secure data handling, and continu-
ous ethical audits to align AI innovations with organizational well-being goals.

Looking ahead, future improvements in multimodal integration, longitudinal stud-
ies, and cross-industry adaptation will further extend the impact of AI-driven mental
health solutions. The application of this research in sectors such as healthcare, educa-
tion, and high-stress industries holds promise for broader adoption and refinement. By
bridging technological advancements with human-centric design, this work lays the
foundation for a more empathetic, inclusive, and productive workplace environment.

In conclusion, this study underscores the transformative role of AI in mental health
analytics, demonstrating that by integrating symbolic reasoning with neural inference,
AI-driven workplace wellness solutions can be both powerful and ethical. The ongo-
ing evolution of this framework will not only refine its technical robustness but also
contribute to reducing workplace mental health stigma, fostering a culture of psycho-
logical safety and proactive well-being management.
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