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Abstract

The rapid advancement of Artificial Intelligence (AI) has led to its widespread

adoption across various industrial domains, creating a pressing need for systems

that are not only accurate but also interpretable and trustworthy. This thesis, ti-

tled “Data-Driven Approaches Using Explainable AI for Industrial Applications,”

presents an investigation into the integration of Explainable AI (XAI) techniques

across diverse AI-driven decision-making paradigms within industrial contexts.

Beginning with a comparative analysis of Expert Systems (ES), Recommender

Systems (RS), and modern XAI frameworks, the work traces the architectural

evolution from rule-based logic to data-driven black-box models, emphasizing the

critical importance of explainability in such transitions.

In the domain of recruitment automation, the thesis introduces an interpretable

resume categorization framework that integrates the K-Nearest Neighbors (KNN)

algorithm with Local Interpretable Model-agnostic Explanations (LIME), illus-

trating how transparent predictions can foster fairness and trust in hiring sys-

tems. Extending into the financial security sector, a hybrid thresholding method-

ology for fraud detection is proposed, combining LIME and SHAP explanations.

This approach achieves a balance between model performance and interpretability

through informed threshold optimization using ROC-AUC (Receiver Operating

Characteristic – Area Under the Curve) and PR-AUC (Precision–Recall – Area

Under the Curve) metrics.

The broader evolution of AI-based decision-making is further explored through a

comparative review of Decision Support Systems (DSS), ES, RS, and XAI, offer-

ing a roadmap for the design of next-generation intelligent systems centered on

explainability. A case study on software defect prediction demonstrates the prac-

tical utility of integrating XAI with predictive analytics in software engineering.

i



Finally, the thesis proposes a novel method that fuses Gustafson-Kessel fuzzy clus-

tering with Sentence-BERT embeddings to semantically group resumes in an un-

supervised setting. By applying LIME and SHAP, the interpretability of cluster

memberships is enhanced, enabling transparent profiling of applicants. This ap-

proach bridges the gap between unsupervised learning and explainability, high-

lighting impactful use cases in human resource management.

Overall, this work contributes to the growing body of research aimed at making

AI systems in industrial settings not only powerful and scalable, but also compre-

hensible, ethical, and aligned with human decision-making.
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Chapter 1

Introduction

Industrial applications play a critical role in building the next generation of intelligent, trans-

parent, and trustworthy systems within real-world environments. In the era of digital trans-

formation, the integration of Artificial Intelligence (AI), machine learning, and data science

has profoundly reshaped various industrial sectors, including finance, manufacturing, logistics,

and human resource management. These technologies are increasingly deployed to automate

complex tasks, optimize operations, and support data-driven decision-making. However, as

AI models become more advanced, they often operate as black boxes, making it difficult to

understand the reasoning behind their decisions. This raises a critical question: Can these

AI-driven systems be trusted to make fair, ethical, and interpretable decisions in sensitive in-

dustrial environments? As industries adopt data-driven methods, the challenge is not only to

improve performance but also to ensure that AI systems are transparent and accountable. The

need for explainable AI (XAI) has become crucial to address concerns regarding fairness, bias,

and accountability, especially in high-stakes areas like recruitment, fraud detection, and predic-

tive maintenance. In such contexts, it is vital that these systems provide clear, understandable

reasons for their decisions, fostering trust and ensuring ethical application.

Modern industrial systems increasingly leverage data-driven technologies to optimize effi-

ciency, reliability, and automation across operations. These technologies, spanning areas such

as banking, recruitment, and software engineering, integrate data acquisition, analysis, and

decision-making. The convergence of the Internet of Things (IoT), cyber-physical systems

(CPS), and AI has significantly transformed industrial operations [27], [64], [244], [297].

While traditional Information Technology (IT) systems emphasize the confidentiality, in-

tegrity, and availability (CIA) triad, data-centric industrial systems introduce new challenges.
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1. INTRODUCTION

In modern enterprises, data is a strategic asset, and effective data management is key to driving

competitive advantage—especially for innovation-driven firms [157], [47]. Research shows

that data-driven decision-making correlates with measurable gains in productivity and prof-

itability [27].

Machine Learning (ML) has become central to enabling intelligent automation in indus-

trial applications [196]. With the rise of Industry 4.0, advanced ML methods—such as deep

learning, reinforcement learning, and ensemble techniques—are increasingly embedded in op-

erational pipelines. These approaches support adaptive control, real-time optimization, and

continuous learning from sensor or system-generated data, enabling the development of au-

tonomous and intelligent systems.

However, these benefits come with a cost. The black-box nature of many AI systems raises

significant concerns about transparency, accountability, and trustworthiness—particularly in

high-stakes or regulated environments. As a result, the demand for interpretable and explain-

able AI systems has grown substantially [21].

This need has driven the emergence of Explainable Artificial Intelligence (XAI) [403],

[193], which aims to bridge the gap between complex AI models and human interpretability.

XAI techniques—such as Local Interpretable Model-agnostic Explanations (LIME) [310] and

SHapley Additive exPlanations (SHAP) [216]—generate human-understandable explanations

for algorithmic decisions, enhancing transparency and fostering trust. Surveys by Adadi and

Berrada [5] and Arrieta et al. [29] highlight the growing importance of XAI, particularly in

domains where decision-making must be auditable and reliable. Recent research [30, 385, 413]

further emphasizes the utility of XAI in tasks such as feature selection, model debugging, and

fairness auditing.

In industrial settings, explainability is essential. It empowers domain experts, auditors, and

stakeholders to understand, validate, and trust the outcomes of AI-based systems. This the-

sis investigates how data-driven approaches, when combined with explainable AI techniques,

can be applied across diverse industrial applications—from recruitment automation and fraud

detection to unsupervised clustering of resumes—toward building systems that are not only

high-performing but also interpretable, ethical, and transparent.
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1.1 Motivational Points and Problem Formulation

1.0.1 Scope and Limitations

This thesis is situated within the broader domain of industrial applications of Artificial Intelli-

gence, with a specific focus on data-driven decision-making processes. It deliberately excludes

areas related to manufacturing operations and other industrial domains that do not directly

involve data-centric decision systems.

The primary scope of this research lies in the integration of Explainable Artificial Intelli-

gence (XAI) techniques to enhance interpretability, transparency, and trust in classical machine

learning models applied to industrial tasks. The thesis presents interpretable frameworks lever-

aging methods such as Local Interpretable Model-agnostic Explanations (LIME) and SHapley

Additive exPlanations (SHAP), applied to use cases including resume classification, financial

fraud detection, and semantic clustering of candidate profiles.

The work emphasizes the use of classical machine learning techniques—such as K-Nearest

Neighbors (KNN), fuzzy clustering, and Term Frequency–Inverse Document Frequency (TF-

IDF)—prioritizing transparency and human-in-the-loop interaction over the raw performance

of complex black-box models. It also explores hybrid thresholding strategies to manage chal-

lenges like class imbalance, and provides a comparative analysis of decision-making paradigms,

from traditional Expert Systems (ES) and Recommender Systems (RS) to modern explainability-

driven approaches.

However, this thesis does not consider deep learning methods, including neural networks

and transformer-based architectures. These models, although powerful, are excluded due to

their limited interpretability within the scope of this research. By focusing solely on inter-

pretable, classical AI methodologies, this thesis aims to contribute to the development of trans-

parent and accountable AI systems for critical industrial applications.

1.1 Motivational Points and Problem Formulation

Opaque “black-box” models in AI-based decision-making have raised critical concerns about

fairness, accountability, and transparency—especially in safety-critical and regulation-sensitive

industrial domains. This is particularly true for high-stakes applications such as financial fraud

detection and intelligent recruitment, where unjustified or biased decisions can lead to signifi-

cant ethical, legal, and operational consequences.

Explainable Artificial Intelligence (XAI) has emerged as a response to these challenges

by aiming to make AI decisions more interpretable and trustworthy for human stakeholders.

3



1. INTRODUCTION

Surveys and reviews [5, 29, 30], as well as regulatory frameworks like the European Union’s

General Data Protection Regulation (EU GDPR), underscore the growing need for explainabil-

ity across sectors such as finance, healthcare, recruitment, and automation.

Despite this growing attention, many academic advances in XAI remain disconnected from

real-world industrial workflows. This gap between theoretical models and practical deployment

motivates this thesis, which aims to bridge explainability research with operationally relevant,

data-driven industrial applications. The following key objectives guide the research:

• Conducting a comparative analysis of traditional intelligent systems—such as Deci-

sion Support Systems, Expert Systems, and Recommender Systems—with modern XAI

frameworks, focusing on their transparency and usability in industrial contexts [306];

• Developing interpretable AI models for real-world applications such as financial fraud

detection and AI-driven hiring, where fairness, trust, and compliance are of paramount

importance [301, 302];

• Introducing explainability into unsupervised learning pipelines by integrating semantic

embeddings (e.g., Sentence-BERT), fuzzy logic-based clustering, and local explanation

tools like LIME and SHAP for applications in resume profiling and candidate group-

ing [304];

• Aligning technical model performance with human-centric values—by connecting quan-

titative evaluation metrics to ethical, legal, and accountability considerations [385, 413].

This thesis aims to design trustworthy and interpretable AI systems that meet both opera-

tional demands and ethical expectations in industrial environments. By leveraging tools such

as LIME [310], SHAP [216], semantic embeddings, and fuzzy clustering, it demonstrates how

explainability can be effectively embedded into a variety of industrial AI solutions.

Targeted studies in fraud analytics, intelligent hiring, software defect prediction, and se-

mantic clustering of resumes, are used in this work to investigate whether AI systems can be

designed to be both high-performing and explainable. The central hypothesis driving this re-

search is that explainability is not a trade-off, but a prerequisite for building secure, fair, and

human-aligned AI systems in industrial applications.
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1.1.1 Problem Statement

The domain of industrial applications presents complex challenges for deploying trustworthy

AI solutions. Classification accuracy is often hindered by data imbalance [165], high dimen-

sionality, and the unstructured nature of real-world data. Given its data-driven nature, the

domain exhibits the following key characteristics:

• Extreme class imbalance in financial fraud detection scenarios;

• High-dimensional, unstructured textual data in intelligent recruitment systems;

• A critical need for domain-specific explanations to ensure human trust and regulatory

compliance;

• An absence of unified, human-centered evaluation frameworks to assess the effectiveness

of explainable AI solutions [385, 413].

The central research question guiding this thesis is:

How can Explainable Artificial Intelligence (XAI) be effectively integrated into in-

dustrial applications to support interpretable, transparent, and reliable decision-

making, without sacrificing predictive performance or domain relevance?

To address this question, the thesis develops tailored XAI pipelines that combine both

global and local interpretability methods (e.g., SHAP and LIME), unsupervised semantic clus-

tering using fuzzy logic and contextual embeddings (e.g., Sentence-BERT), and application-

specific workflows for fraud analytics and AI-assisted hiring. The work also revisits traditional

paradigms—expert systems, recommender systems, and decision support systems—by reinter-

preting them through the lens of modern XAI [303, 306].

Ultimately, this research underscores the position that explainability is not merely an

added feature, but a foundational requirement for responsible, human-aligned, and opera-

tionally effective AI systems in industrial environments.
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1.1.1.1 Abstracted Definition

To mathematically formalize the problem, we define an industrial dataset D as:

D= {(xi,yi)}N
i=1 (1.1)

where N denotes the total number of instances, xi ∈ Rd is a d-dimensional feature vector

(e.g., representing a credit card transaction, a resume embedding, or sensor data), and yi ∈ Y is

the corresponding target label, with Y being a discrete or continuous output space depending

on the task (classification, regression, or clustering).

The primary objective is to learn a predictive function:

f : Rd → Y (1.2)

optimized via a suitable loss function L( f (xi),yi) to maximize performance metrics such

as accuracy, precision, recall, F1-score, or AUC-ROC.

However, in high-stakes industrial applications, accuracy alone is insufficient. It is critical

that model predictions are accompanied by explanations that are transparent, trustworthy, and

actionable. To support this, we define an explanation function:

E : Rd×Y→M (1.3)

where M represents the space of interpretable explanations—such as feature attributions,

decision rules, example-based rationales, or textual narratives—offering insight into why f (x)

was predicted for a given x.

The research focus is on the joint optimization of predictive accuracy and explanation qual-

ity. This is formally described as:

• The predictive model f : X→ Y is trained to maximize predictive performance:

P( f ) =
1
N

N

∑
i=1

δ
(

f (xi),yi
)

(1.4)

where

δ (a,b) =

{
1, if a = b,
0, otherwise

(1.5)

is an indicator function that checks prediction correctness.
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• The explanation function E aims to maximize explanation quality Q(E), defined as:

Q(E) = Interpretability(m)︸ ︷︷ ︸
simplicity, sparsity, rule length,

user comprehension

+ Fidelity( f ,E)︸ ︷︷ ︸
how well E(x, f (x))

approximates the behavior of f

(1.6)

where m = E(x, f (x)) ∈M is the explanation for prediction f (x).

In the industrial sector, Equations 1.3, 1.4, 1.5, and 1.6 are highly complex to prove theo-

retically. Therefore, in my thesis, I adopt a practical, application-oriented approach instead of

a purely theoretical one.

These formulations follow the foundational principles proposed by Ribeiro et al. [310],

emphasizing the trade-off between fidelity and interpretability in surrogate models. They also

align with Lundberg and Lee [216], who introduce additive feature attributions through SHAP,

and reflect broader explainability challenges discussed by Doshi-Velez and Kim [107].

In this context, interpretability refers to the ease with which a human can understand the

model’s reasoning, while fidelity refers to how accurately the explanation reflects the true be-

havior of f .

Key Challenges Addressed:

• Tackling data imbalance, noise, and heterogeneity typical in fraud detection and process

monitoring, which hinder both prediction and explanation.

• Extending explainability to supervised models (e.g., KNN with LIME) and unsupervised

methods (e.g., fuzzy clustering with contextual embeddings like Sentence-BERT).

• Combining local (instance-specific) and global (model-level) explanations to serve di-

verse stakeholder needs.

• Ensuring computational efficiency and real-time applicability of explanation methods

within industrial pipelines.

In this research aims to develop and validate explainable AI frameworks that balance

predictive performance P( f ) with explanation quality Q(E), thus enabling reliable, fair, and

human-aligned decision-making in industrial applications.
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1.2 Key Contributions and Thesis Outline

This thesis, titled “Data-Driven Approaches using Explainable AI for Industrial Applications”,

advances the field of Explainable AI (XAI) by exploring its application in industrial settings.

The key contributions of this work are as follows:

• Development of a Transparent and Fair Automated Resume Categorization Frame-

work: This work introduces a novel automated framework for resume categorization,

combining K-Nearest Neighbors (KNN) with LIME (Local Interpretable Model-agnostic

Explanations). The framework not only improves recruitment efficiency but also ensures

transparency and fairness in the decision-making process, making it interpretable and

adaptable to real-world hiring practices [302] in chapter 3.

• Explainable Fuzzy Clustering Framework for Unsupervised Text Analysis: This

contribution presents an explainable fuzzy clustering framework integrating Gustafson-

Kessel clustering, Sentence-BERT embeddings, and LIME. The framework enables in-

terpretable unsupervised analysis of text data, providing valuable insights for industrial

applications, particularly in scenarios involving large-scale, unstructured data [304] in

chapter 4.

• Hybrid Thresholding Method for Credit Card Fraud Detection: A novel hybrid

method that integrates LIME and SHAP (SHapley Additive exPlanations) to enhance

credit card fraud detection. This method balances interpretability with predictive accu-

racy, specifically addressing challenges posed by imbalanced datasets, and demonstrates

the value of data-driven explainability in high-stakes decision-making like fraud detec-

tion [301] in chapter 5.

• Evolutionary Study of AI-Driven Decision Support: This contribution traces the evo-

lution of AI-driven decision support systems, from traditional Decision Support Systems

(DSS) and Expert Systems to modern Explainable AI, supported by case studies on soft-

ware defect prediction. This work demonstrates how data-driven methods have progres-

sively integrated explainability to improve decision-making in industrial environments

[303]. in chapter 6.
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1.2 Key Contributions and Thesis Outline

Collectively, these contributions advance the state-of-the-art in Explainable AI by address-

ing transparency, fairness, and usability challenges, enabling more trustworthy AI-driven decision-

making in industrial contexts.

The structure of this thesis is organized as follows:

• Chapter 1: Introduction

This chapter presents the motivation, background, problem statement, research objec-

tives, and significance of the study. It also outlines the scope and contributions of the

thesis.

• Chapter 2: Literature Review

A comprehensive review of relevant literature on Decision Support Systems, Expert Sys-

tems, Recommender Systems, and Explainable AI techniques. This chapter discusses

the evolution of AI-driven decision-making and identifies gaps that the thesis aims to

address.

• Chapter 3: Explainable AI in Automated Resume Categorization

This chapter explores an explainable KNN-based framework for resume categorization,

integrating LIME to enhance transparency in recruitment decisions. Aligned with Indus-

trial Applications, the system balances accuracy and interpretability, supporting fair and

trustworthy automation in hiring processes.

• Chapter 4: Explainability in Unsupervised Learning: Resume Grouping and Sum-

marization

This chapter proposes an interpretable framework for resume grouping using Gustafson-

Kessel fuzzy clustering and Sentence-BERT embeddings, enhanced with LIME-based

explanations. Aligned with Industrial Applications, the approach supports transparent,

data-driven profiling and semantic summarization in talent acquisition systems.

• Chapter 5: Hybrid Thresholding for Fraud Detection Using XAI

This chapter introduces a hybrid thresholding methodology combining LIME and SHAP

techniques for improved fraud detection performance and interpretability in industrial

applications.

• Chapter 6: Evolution of AI-Driven Decision-Making Systems

This chapter explores the evolution of intelligent systems—including Decision Support
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Systems, Expert Systems, Recommender Systems, and XAI—through the lens of In-

dustrial Applications. A case study on software defect prediction highlights how these

systems enhance decision-making from data processing to actionable insights in indus-

trial settings.

• Chapter 7: Conclusion and Future Work

This chapter summarizes the thesis contributions, discusses overall findings and implica-

tions for industrial applications, highlights limitations, and outlines directions for future

research in Explainable AI.

List of Publications

Journal Articles

1. Ravi, M., Negi, A. (2025). Evolution of AI-Driven Decision Making With Decision

Support Systems, Expert Systems, Recommender Systems, and XAI. IETE Technical
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2. Ravi, M., Negi, A. (2025). Hybrid Thresholding for Enhanced Performance and Inter-
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cepted for Publication.

3. Ravi, M., Negi, A. Leveraging LIME Explainability and Gustafson-Kessel Fuzzy Clus-
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1. Ravi, M., Negi, A. (2022). A Comparative Review of Expert Systems, Recommender
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DOI: 10.1109/I2CT54291.2022.9824265

2. Ravi, M., Negi, A. (2025). Enhancing Transparency and Fairness in Automated Resume

Categorization: A KNN-Based Approach with LIME Explanations. In: Sombattheera,

C., Weng, P., Pang, J. (eds) Multi-disciplinary Trends in Artificial Intelligence. MIWAI
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2024. Lecture Notes in Computer Science, vol. 15431. Springer, Singapore. DOI:

10.1007/978-981-96-0692-4 33

In the following chapter, we present a comprehensive review of the conceptual foundations

of Explainable Artificial Intelligence (XAI) and its relevance to industrial domains. Partic-

ular emphasis is placed on their integration within the context of industrial applications and

the specific problem domains addressed in this thesis, such as fraud detection and AI-driven

recruitment.
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Chapter 2

Literature Survey on Explainable AI
and Industrial Applications

2.1 Introduction

This chapter presents a comprehensive review of important literature related to data-driven ap-

proaches using Explainable Artificial Intelligence (XAI) for industrial applications. It explores

foundational work in interpretable machine learning, transparent decision-making systems, and

the integration of XAI techniques across domains such as fraud detection, resume categoriza-

tion, and fuzzy clustering. The objective is to highlight the prevailing research trends, uncover

critical limitations in current methodologies, and establish a conceptual foundation for the data-

driven, explainability-focused contributions presented in this thesis.

2.2 Industrial Applications and Decision-Making Systems

Broadly speaking, industrial domains are interested about the application of intelligent tech-

nologies within industrial environments. The environments would integrate sensors, software

systems, and data analytics to enhance operational efficiency and support decision-making

processes. Traditional systems, such as Decision Support Systems (DSS) and Expert Systems

(ES) [370], represent early efforts toward automating industrial decision making.

Recommender Systems (RS), often based on collaborative filtering and content-based ap-

proaches, have become increasingly prevalent in industrial applications. However, they have

been deprecated due to a lack of interpretability [312]. In recent years, there has been a growing
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emphasis on developing explainable recommender systems and transparent decision-making

interfaces to enhance user trust and accountability.

2.3 Explainable Artificial Intelligence (XAI)

Explainable Artificial Intelligence (XAI) seeks to enhance the transparency and interpretability

of machine learning models, enabling humans to better understand, trust, and manage auto-

mated decisions. Ribeiro et al. [310] introduced LIME, a model-agnostic technique that ex-

plains individual predictions by learning an interpretable model in the vicinity of the instance

being explained. Similarly, Lundberg and Lee [216] proposed SHAP values, a unified frame-

work grounded in cooperative game theory, to assign consistent and theoretically sound feature

importance scores.

These methods are particularly critical in high-stakes domains where fairness, account-

ability, and transparency are essential. However, most existing XAI approaches are primarily

tailored to supervised learning models, such as classifiers and regressors. Their application

to unsupervised learning tasks, including clustering, remains limited and is an active area of

research.

2.3.1 Where Did XAI Start?

Explainable Artificial Intelligence (XAI) originated from the need to understand, trust, and

control AI systems, especially as they increasingly support or automate decision-making in

high-risk domains. The foundational roots of XAI can be traced back to the early development

of Expert Systems (ES) in the 1970s and 1980s. Systems such as MYCIN and DENDRAL were

developed using explicit IF-THEN rule-based logic, making their reasoning processes inher-

ently transparent and interpretable [60]. These systems were able to trace the rules fired during

inference, allowing users to understand how conclusions were reached, almost reminiscent of

expert human reasoning.

However, the shift from symbolic AI to statistical and connectionist paradigms in the 1990s,

particularly with the advent of machine learning (ML) and deep learning (DL), introduced

complex, black-box models such as neural networks and ensemble classifiers. Although these

models achieved superior predictive accuracy, they lacked interpretability, making it difficult

for end-users to comprehend, or justify the outputs—particularly in problematic domains such

as healthcare, finance, law, and defense.
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This growing concern led to a renewed focus on explainability. A significant milestone in

the evolution of modern XAI was the launch of DARPA’s Explainable Artificial Intelligence

(XAI) program in 2016 [150]. The initiative aimed to develop machine learning models that

could explain their behavior in ways understandable to humans, without significantly sacri-

ficing performance. It emphasized user-centric design of explanations, acknowledging that

effective explanation depends on the end-user’s background, goals, and trust requirements.

Parallel to this, academic and industry researchers began creating post-hoc interpretability

techniques[21], such as LIME (Local Interpretable Model-agnostic Explanations) and SHAP

(SHapley Additive explanations), which allowed opaque models to be probed and interpreted

after training. These tools became the cornerstones of XAI by providing localized and global

explanations for model behavior. While the principles of explainable AI have long existed in

the form of rule-based systems, the field of XAI re-emerged with urgency as a response to

the increasing opacity of high-performing ML/DL models. The intersection of transparency,

trust, and accountability continues to drive the evolution of XAI, especially in mission-critical

applications.

2.3.2 What is the Evolution of XAI Approaches?

The evolution of Explainable Artificial Intelligence (XAI) approaches reflects the ongoing bal-

ance between achieving high predictive performance and maintaining interpretability for hu-

man users [303]. Over time, this evolution can be broadly categorized into three distinct waves:

2.3.2.1 Symbolic and Rule-Based Methods

The earliest approaches to AI explanation were embedded directly into the design of symbolic

systems, often referred to as Expert Systems. These systems, such as MYCIN and PROSPEC-

TOR, were built using explicit IF-THEN rule-based logic that codified expert knowledge [338].

The inherently transparent nature of these rule-based architectures allowed the system to gener-

ate explanations by tracing the exact inference path taken during decision-making. This form of

explanation was intuitive and aligned with human reasoning, enabling users to verify and trust

the system’s conclusions. However, these symbolic methods were limited by the complexity of

knowledge acquisition and their inflexibility in assimilating new data.
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2.3.2.2 Post-Hoc Explanations for Black-Box Models

With the increasing dominance of statistical machine learning [358] and deep learning [199]

models from the 1990s onward, the AI landscape shifted toward data-driven, high-capacity

models that often functioned as black boxes. Inherently Interpretable Tree Ensemble Learning[404].

These models provided state-of-the-art predictive accuracy but lacked transparency, as their in-

ternal decision processes were hidden in complex mathematical structures. To address this,

researchers developed post-hoc explanation techniques [171, 344, 345] designed to interpret

existing black-box models without modifying them.

Among the most influential methods are LIME (Local Interpretable Model-agnostic Ex-

planations) by Ribeiro et al. [310] and SHAP (SHapley Additive exPlanations) by Lundberg

and Lee [216]. LIME explains individual predictions by approximating the black-box model

locally with an interpretable surrogate, such as a linear model, allowing users to understand

which features most influenced a specific decision. SHAP builds on cooperative game theory

to assign each feature a contribution value (Shapley value), providing consistent and theoreti-

cally grounded explanations that can be aggregated globally or viewed locally. These methods

democratized explainability by offering model-agnostic tools applicable across a wide variety

of ML models and domains, significantly enhancing transparency.

2.3.2.3 Inherently Interpretable Models

More recently, there has been a growing emphasis on designing models that are inherently

interpretable by construction, thus avoiding the need for post-hoc explanations that may be ap-

proximations or potentially misleading. These models integrate interpretability as a core design

principle, ensuring that every decision-making step can be directly inspected and understood

by humans.

Examples include attention-based neural networks, where attention weights highlight im-

portant inputs; rule lists and decision sets, which provide compact and human-readable logical

conditions; and generalized additive models that model outcomes as sums of feature contribu-

tions. Rudin [319] advocates for the use of such models in high-stakes domains to improve

reliability and reduce the risk of misleading explanations. These inherently interpretable mod-

els strive to achieve a balance where performance and explainability are not mutually exclu-

sive, providing transparent decision boundaries and rationale while maintaining competitive

accuracy. The field of XAI has transitioned from built-in explainability in symbolic systems,
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through the era of post-hoc interpretation of black-box models, toward the design of intrinsi-

cally transparent models. This evolution is driven by the increasing complexity of AI systems

and the demand for trustworthy and accountable AI in real-world applications.

2.3.3 What Are the Important Developments in XAI?

Over the past decade, Explainable Artificial Intelligence (XAI) has evolved from a theoretical

necessity to a practical imperative, leading to a wide array of important developments. These

advances have focused on making machine learning models more interpretable, usable, and

trustworthy in real-world settings. Key developments in XAI can be categorized into five broad

areas:

2.3.3.1 Model-Agnostic Explanation Tools

One of the most impactful contributions to XAI has been the creation of model-agnostic tools

such as LIME (Local Interpretable Model-agnostic Explanations) [310] and SHAP (SHapley

Additive exPlanations) [21, 216]. These methods allow practitioners to interpret black-box

models such as deep neural networks and ensemble models—without modifying their internal

architecture. LIME works by locally approximating the black-box model with an interpretable

surrogate (e.g., linear regression), while SHAP is based on cooperative game theory to assign

a consistent importance value to each feature. These tools are widely adopted due to their

flexibility and applicability across domains, and have become standard components in many

machine learning pipelines.

2.3.3.2 Visualization Techniques for Interpretability

A significant body of work has emerged around visualization tools that enhance human under-

standing of model behavior. These include:

• Saliency maps for convolutional neural networks (CNNs)[383], which highlight the in-

put regions most influential for a model’s decision commonly used in image classification

tasks.

• Feature importance plots [86], particularly in tree-based models such as random forests

and gradient-boosting, which rank features by their influence on model output.
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• Partial dependence plots (PDPs) [245] and accumulated local effects (ALE) plots,

which illustrate how changes in a feature affect the predicted outcome.

These visualization techniques serve to bridge the gap between raw model outputs and hu-

man interpretability, offering intuitive insights that support both debugging and trust-building.

2.3.3.3 Integrated Explanation Frameworks

Several comprehensive platforms have been developed to streamline and standardize explain-

ability efforts across organizations. Notable examples include:

• IBM AI Explainability 360 (AIX360): An open-source library that provides a wide

range of explainability algorithms for data preprocessing, model interpretation, and post-

hoc analysis.

• Google’s What-If Tool: A visual interface for TensorBoard that enables users to explore

counterfactuals, feature effects, and fairness issues without writing code.

• Microsoft InterpretML: A platform offering both glass-box (interpretable by design)

and black-box explainers.

These frameworks aim to operationalize XAI, enabling consistent integration of inter-

pretability in machine learning workflows while addressing concerns like fairness, bias de-

tection, and compliance.

2.3.3.4 Application-Specific Advances

The push for explainability has led to significant progress in specialized domains where trans-

parency is critical. In healthcare, for instance, researchers have developed interpretable deep

learning systems to diagnose diseases such as diabetic retinopathy using attention-based CNNs

and saliency visualizations. In finance, techniques such as hybrid thresholding with LIME and

SHAP (e.g., fraud detection systems) have been deployed to ensure regulatory compliance and

reduce risk exposure. The use of domain-specific constraints and interpretable architectures

has allowed these systems to meet the dual objectives of accuracy and trustworthiness.
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2.3.3.5 Human-in-the-Loop Decision Making

A growing focus in XAI is on the integration of explanations into human decision-making

workflows. This involves the development of human-in-the-loop systems, where users actively

interact with AI models through explanations to guide, verify, or override decisions. According

to Doshi-Velez and Kim [108], a core goal of XAI is not just to produce explanations, but to

improve the mental model of users interacting with AI. When explanations are appropriately

designed and aligned with cognitive principles, they can enhance human trust, accountability,

and performance.

Collectively, these developments mark a shift from post-hoc explanation as an auxiliary

feature to explanation as a core component of AI system design. By making models more

interpretable, these tools and frameworks improve transparency, foster user trust, and support

responsible AI deployment in high-stakes environments.

2.3.4 What Are the Obstacles That Make XAI Application Difficult?

While Explainable Artificial Intelligence (XAI) has made significant strides in increasing the

transparency and accountability of AI systems, its application in real-world settings remains

fraught with several key challenges. These obstacles span technical, cognitive, ethical, and

practical dimensions, hindering the widespread deployment of effective and trustworthy XAI

systems.

2.3.4.1 Trade-off Between Accuracy and Interpretability

A persistent challenge in XAI is the perceived trade-off between interpretability and predictive

performance. Highly interpretable models such as decision trees, linear regression, or rule-

based systems are easy to understand but often lack the representational capacity to model

complex, nonlinear relationships in data [242, 416]. In contrast, high-performing models like

deep neural networks or ensemble methods (e.g., random forests, gradient boosting) offer su-

perior accuracy but are typically opaque to human users. This trade-off becomes especially

critical in high-stakes domains (e.g., healthcare, legal systems) where both performance and

transparency are non-negotiable. Finding a balance between model fidelity and interpretability

remains an active area of research.
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2.3.4.2 Subjectivity of Explanations

Another fundamental difficulty lies in the subjective nature of explanations. As highlighted

by Miller [235], what constitutes a ”good” or ”satisfactory” explanation often varies across

individuals, tasks, and domains. For instance, domain experts may require highly technical

justifications grounded in domain knowledge, whereas end-users may prefer simple, high-level

rationales. This variability makes it difficult to design one-size-fits-all explanation methods,

necessitating adaptive and user-centric explanation strategies. Additionally, human cognitive

biases can influence how explanations are perceived, potentially undermining their intended

purpose.

2.3.4.3 Scalability and Real-Time Constraints

Generating explanations, particularly for complex or large-scale models, is computationally

demanding. Post-hoc methods like SHAP involve repeated model evaluations for each feature

or instance, which can become infeasible in real-time systems. This lack of scalability restricts

the deployment of XAI in scenarios requiring low-latency decisions (e.g., autonomous driv-

ing, fraud detection in financial transactions). Efficient approximation methods or lightweight

interpretable models are being explored, but often at the cost of explanation richness or fidelity.

2.3.4.4 Evaluation of Explanation Quality

There is no universally accepted metric to evaluate the quality of explanations . Unlike clas-

sification accuracy, which is objectively measurable, explanation quality is often assessed via

human studies, including user satisfaction, trust calibration, or task performance. These eval-

uations are inherently subjective and vary across contexts, making it difficult to benchmark or

compare different XAI methods rigorously. Some researchers have proposed proxy metrics

such as explanation-fidelity, sparsity, or stability, but these are imperfect substitutes for human

judgment.

2.3.4.5 Security and Manipulation Risks

Paradoxically, the transparency enabled by XAI can also introduce security vulnerabilities. As

shown by Aivodji et al. [11], adversaries can exploit explanations to reverse-engineer model
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behavior or craft adversarial inputs that manipulate outputs without detection. This raises con-

cerns about fairwashing—where seemingly fair explanations are used to mask underlying dis-

crimination and model inversion attacks, where sensitive training data may be reconstructed

from explanations. Therefore, ensuring the robustness of the explanation and protecting the

confidentiality of the model are emerging priorities in the XAI community. While, XAI is vital

for building trustworthy AI systems, its adoption is impeded by trade-offs, subjectivity, scala-

bility concerns, lack of evaluation standards, and emerging security threats. Addressing these

challenges requires interdisciplinary collaboration among AI researchers, cognitive scientists,

ethicists, and domain practitioners to develop robust, human-aligned, and context-sensitive

XAI solutions.

2.3.5 What is the Future of XAI?

As Artificial Intelligence continues to permeate decision-critical domains, the role of Explain-

able AI (XAI) is expected to grow in both scope and significance. The future of XAI will be

shaped not only by technological advances but also by regulatory, social, and ethical impera-

tives. Several key directions are poised to define the next wave of XAI research and applica-

tions.

2.3.5.1 Domain-Specific Frameworks

A promising avenue for XAI lies in the development of domain-specific explanation frame-

works. Generic, one-size-fits-all explanation techniques often fall short when applied to high-

stakes areas such as healthcare, finance, human resources, or education. In these domains,

explanations must be aligned with domain-specific reasoning patterns and compliance require-

ments. For instance, an interpretable system in healthcare may need to justify treatment rec-

ommendations using medically relevant indicators, while in finance, regulatory audit trails and

risk justifications are crucial. Tailoring XAI frameworks to the semantics and workflows of

specific domains will be central to increasing adoption and trust.

2.3.5.2 Human-Centered and Interactive AI

The future of XAI is increasingly human-centered. This means moving beyond static expla-

nations to interactive, adaptive, and user-personalized explanation systems. These systems

will incorporate user feedback into the explanation loop, refining the nature and presentation
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of explanations based on user expertise, preferences and cognitive needs. Human-centered AI

emphasizes the co-adaptation of human and machine decision-making, where interpretability

is treated not as a one-off output but as part of a continuous learning dialogue between a user

and a system.

2.3.5.3 Causal and Counterfactual Reasoning

Traditional post-hoc methods such as LIME and SHAP rely on statistical associations between

input features and model predictions. However, the next frontier of XAI will move toward

causal and counterfactual explanations—answering not just what led to a decision, but why

and how it could have been different. As proposed by Wachter et al. [376], counterfactual ex-

planations provide insights by showing how small changes in input could alter the output. This

is especially useful for decision subjects (e.g., loan applicants) who want to know what they

could change to receive a different outcome. These methods support actionable transparency

and empowerment.

2.3.5.4 Regulatory Compliance and Ethical AI

XAI will play a crucial role in achieving ethical and legal compliance in AI systems. Reg-

ulations such as the European Union’s General Data Protection Regulation (GDPR) have in-

troduced a “right to explanation” for automated decisions, compelling organizations to justify

algorithmic outputs to affected individuals. As regulatory frameworks evolve, explainability

will become a legal necessity in compliance-heavy sectors such as finance, insurance, law,

and public administration. This trend is expected to fuel investment in robust, auditable and

transparent AI pipelines.

2.3.5.5 Interpretable-by-Design Systems

A critical shift in the future of XAI is the movement toward interpretable-by-design mod-

els—those that are intrinsically transparent rather than explained after deployment. Rather

than relying on post-hoc techniques to open black boxes, researchers are now developing ar-

chitectures where interpretability is a primary design constraint. Examples include sparse linear

models, decision rule lists, attention mechanisms, and generalized additive models. These in-

herently interpretable models aim to combine competitive predictive performance with human-

understandable reasoning, making them ideal for high-stakes applications where accountability
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and trust are paramount. The trajectory of XAI is moving toward more interactive, domain-

aware, and ethically grounded systems. The integration of causal reasoning, personalized feed-

back, regulatory alignment, and interpretable architectures will define the future landscape of

trustworthy and human-centric AI.

2.3.6 Domains of XAI

Explainable Artificial Intelligence (XAI) has found applications across a wide array of do-

mains, particularly in areas where decision transparency, accountability, and user trust are

critical. The demand for interpretability varies by field, depending on the consequences of

incorrect predictions, regulatory requirements, and stakeholder involvement. Below are some

key domains where XAI has made significant contributions:

2.3.6.1 Healthcare and Biomedical Informatics

In healthcare, AI systems assist in all of these: diagnosis, treatment planning, medical imaging,

and patient risk stratification [251]. However, clinicians require clear justifications for recom-

mendations due to the high stakes involved. XAI helps provide traceable and medically relevant

explanations for decisions made by black-box models such as deep convolutional neural net-

works (CNNs). For instance, saliency maps and attention mechanisms highlight the regions of

interest in medical scans (e.g., for detecting diabetic retinopathy), thereby enhancing clinical

decision-making and fostering trust in AI-assisted diagnostics [392].

2.3.6.2 Finance and Credit Risk Assessment

Financial institutions increasingly employ machine learning models for fraud detection, credit

scoring, and loan approvals. Given the heavy regulatory oversight of the sector, XAI is essen-

tial to provide justification to regulators and customers. Techniques such as SHAP and LIME

are used to explain why a loan was denied or flagged as risky, allowing institutions to demon-

strate fairness and avoid algorithmic discrimination. Moreover, counterfactual explanations

help applicants understand what could be changed to improve future outcomes [62].

2.3.6.3 Human Resources and Resume Filtering

In recruitment systems, AI is used for resume parsing, ranking, and categorization. XAI plays

a key role in mitigating biases and ensuring fairness, especially with sensitive features such
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as gender, ethnicity, or age. Techniques like Local Interpretable Model-agnostic Explanations

(LIME) and SHAP are applied to explain why a candidate is selected or rejected, fostering

transparency in hiring pipelines. In our own work, we demonstrated the effectiveness of com-

bining KNN classifiers with LIME explanations and fuzzy clustering for interpretable resume

categorization and profiling [160] and [18].

2.3.6.4 Education and Intelligent Tutoring Systems

XAI is increasingly integrated into adaptive learning systems and intelligent tutoring environ-

ments. These systems personalize feedback and learning paths for students. Explainability

helps educators and learners understand why specific recommendations or assessments are

made, aiding in trust-building and pedagogical insights. For example, interpretable models can

justify predicted knowledge gaps or recommend study resources based on traceable learning

patterns [87] and [83].

2.3.6.5 Autonomous Systems and Robotics

In autonomous vehicles, drones, and industrial robots, real-time decisions must be interpretable

to ensure safety and regulatory compliance. XAI is used to explain navigation choices, anomaly

detection, or object recognition decisions. For example, explaining why an autonomous car

chose a particular path or reacted to an obstacle can assist in post-incident analysis and liability

assessment [355], [324], and [106].

2.3.6.6 Security and Legal Systems

XAI is relevant in surveillance, cyber intrusion detection, and legal decision support. Legal

systems require AI decisions to be transparent and explainable, especially when used in sen-

tencing, bail decisions, or case prioritization. In cybersecurity, explainable models help ana-

lysts understand threat predictions, root causes of intrusions, and the rationale behind alerts.

The growing integration of AI into critical decision-making domains necessitates that mod-

els be interpretable, auditable, and aligned with human reasoning. XAI supports transparency

not just as a technical feature, but as a core requirement for ethical, legal, and responsible AI

deployment across domains [39] and [185].
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2.3.7 Criticism of XAI

Despite the increasing adoption and enthusiasm around Explainable Artificial Intelligence (XAI),

the field has attracted substantial criticism from both technical and philosophical perspectives.

These critiques raise important concerns regarding the validity, usability, and ethical implica-

tions of explanations provided by AI systems.

2.3.7.1 Faithfulness and Fidelity

One of the primary concerns is whether the explanations are faithful to the actual reasoning of

the underlying model. Post-hoc methods such as LIME and SHAP generate approximations,

which may not always accurately reflect the internal logic of complex models. This can lead to

misleading explanations, especially in cases where the explanation simplifies nonlinear inter-

actions or masks confounding variables. Rudin [319] strongly advocates for using inherently

interpretable models over black-box models with post-hoc explanations, arguing that approxi-

mations may obscure important decision factors and give users a false sense of transparency.

2.3.7.2 Explanation Versus Justification

Another critique centers on the distinction between explanation and justification. While ex-

planations aim to provide insight into how a model works, justifications attempt to rationalize

decisions in a way that aligns with human expectations. Critics argue that many XAI meth-

ods, especially model-agnostic ones, often generate outputs that serve more as justifications

than true explanations. These may be tailored to appease users rather than reveal the actual

mechanics of the decision-making process, leading to a phenomenon known as “fairwashing”

[11].

2.3.7.3 Lack of Standardized Evaluation

XAI methods lack standardized metrics for assessing explanation quality. Evaluations are often

context-dependent, relying on subjective human judgments or ad hoc criteria such as sparsity,

stability, and consistency. This makes it difficult to benchmark methods or establish best prac-

tices. Doshi-Velez and Kim [108] emphasize the need for a rigorous science of interpretability,

including frameworks for evaluating how explanations influence human understanding, trust,

and performance.
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2.3.7.4 Cognitive Bias and User Misinterpretation

Even when explanations are technically accurate, they may be misinterpreted by users due to

cognitive biases or lack of domain knowledge. Users may over-trust or under-trust systems

based on how explanations are framed—a phenomenon known as the illusion of explanatory

depth. This can undermine the intended purpose of XAI, particularly when decisions must be

reviewed or overridden by human experts. The effectiveness of an explanation depends not

only on content but also on delivery, user background, and task context [51].

2.3.7.5 Ethical and Legal Concerns

Critics also point out that XAI, if poorly implemented, may be used to deflect accountability

or satisfy regulatory requirements superficially. Superficial transparency - where explanations

exist only for compliance rather than genuine insight - risks reducing XAI to a checkbox ex-

ercise. Furthermore, explanation mechanisms can inadvertently expose model vulnerabilities,

making systems more susceptible to adversarial attacks or privacy breaches. While XAI holds

promise for enhancing AI transparency, several unresolved challenges persist. Critics urge cau-

tion in over-relying on post-hoc explanations and advocate for inherently interpretable models

wherever possible. Future progress in XAI will depend not just on technical innovations, but

also on addressing philosophical, cognitive, and ethical dimensions of what it truly means to

“explain” intelligent behavior [351] and [265].

2.4 XAI in Fraud Detection

Fraud detection is a critical area of industrial application where precision and interpretability

are vital. Traditional models such as Logistic Regression and Random Forest have been used

extensively. However, thresholding remains a bottleneck. Bhattacharyya et al. [53] addressed

performance metrics under class imbalance.

Our prior work [301] proposed a hybrid thresholding mechanism that combines ROC and

PR curves and integrates LIME and SHAP to enhance model interpretability and performance

in fraud detection tasks.

25



2. LITERATURE SURVEY ON EXPLAINABLE AI AND INDUSTRIAL
APPLICATIONS

2.5 XAI in Resume Classification and Recruitment

AI-based recruitment tools face challenges related to fairness, bias, and lack of transparency.

Models like KNN and SVM have been applied to classify resumes based on skills and job titles.

Yet, very few systems offer interpretable outputs. LIME has been used to explain decisions in

candidate selection processes [302].

Our earlier chapter proposed a framework combining LIME with traditional models to

improve interpretability in resume classification, thus aligning with responsible AI adoption in

HR analytics.

2.6 Fuzzy Clustering and Semantic Embeddings

Fuzzy clustering algorithms, such as Gustafson-Kessel (GK) [154], extend traditional clus-

tering methods by adapting to non-spherical clusters using covariance matrices. These are

particularly effective for high-dimensional and weakly structured data like resumes.

Sentence-BERT [307] offers semantically rich embeddings suitable for textual clustering.

Few studies, however, have explored combining fuzzy clustering with XAI for transparent

grouping of unlabelled text data.

Our proposed model integrates GK fuzzy clustering with Sentence-BERT embeddings and

LIME to generate interpretable clusters for resumes, contributing a novel direction in unsuper-

vised explainable AI.

2.7 Summary and Research Gaps

The literature reveals substantial advances in Explainable Artificial Intelligence (XAI) and its

applications across various domains. However, several key research gaps persist in the context

of industrial applications.

• Limited Integration of XAI in Unsupervised Learning: While XAI techniques like

LIME and SHAP have gained traction in supervised models, their application in unsu-

pervised learning, particularly clustering—remains underexplored. This hinders trans-

parency in decision-making processes where there are no ground truth labels.
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• Lack of Semantic-Aware Clustering in Resume Analytics: Most resume categoriza-

tion methods rely on traditional keyword-based or statistical approaches. Few mod-

els leverage contextual embeddings (e.g., Sentence-BERT) in combination with adap-

tive clustering techniques (e.g., Gustafson-Kessel) to capture deep semantic similarities

among resumes.

• Inadequate Thresholding Strategies in Fraud Detection: Conventional thresholding

methods (e.g., fixed or ROC-based) often fail to balance precision and recall effectively

in imbalanced datasets. Hybrid thresholding approaches that integrate performance met-

rics with XAI tools are needed to improve both detection accuracy and interpretability.

• Software Development approach of AI Systems in Industrial Applications: Existing

work often treats expert systems, recommender systems, and XAI frameworks in isola-

tion. A holistic framework combining interpretability, adaptability, and domain-specific

constraints is lacking in industrial decision-making systems.

• Transparency and Fairness in Recruitment Automation: While AI is increasingly

used in hiring pipelines, few systems offer clear explanations for model decisions. This

raises concerns about bias and fairness, making the integration of XAI essential for ethi-

cal and accountable AI recruitment tools.

2.7.1 Conclusion

These research gaps underscore the necessity for a unified, explainable, and domain-adaptable

AI framework—addressed in this thesis through hybrid thresholding, interpretable clustering,

and contextual resume summarization within a data-driven paradigm using Explainable AI

(XAI) for industrial applications.

This chapter has reviewed the historical origins, evolution, key developments, challenges,

future directions, domains of application, and criticisms of Explainable Artificial Intelligence

(XAI). From its roots in rule-based Expert Systems to modern model-agnostic interpretability

tools and inherently interpretable models, XAI has become an essential pillar in the develop-

ment of transparent, trustworthy AI systems. Despite promising advancements, XAI continues

to face challenges related to fidelity, subjectivity, scalability, and ethical deployment. However,

its increasing integration into critical industrial domains, such as manufacturing, healthcare, fi-

nance, and human resources, reinforces its growing importance and practical value.
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In the next chapter, we delve into a detailed review of the conceptual foundations underpin-

ning data-driven approaches using Explainable AI for industrial applications, with a particular

focus on the problem domains addressed in this thesis.
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Chapter 3

Enhancing Transparency and Fairness
in Automated Resume Categorization:
A KNN-Based Approach with LIME
Explanations

In the previous chapter, literature related to XAI was reviewed in the context of industrial ap-

plications. In this chapter, we propose an interpretable resume categorization framework that

integrates the K-Nearest Neighbors (KNN) algorithm with Local Interpretable Model-agnostic

Explanations (LIME). This approach addresses the dual objectives of achieving high classi-

fication accuracy and ensuring transparency in automated recruitment systems. By applying

TF-IDF vectorization and optimizing KNN parameters —along with LIME’s local explana-

tions for individual predictions —the framework fosters trust in AI-driven decision-making,

which aligns with the overarching goal of this thesis: advancing data-driven approaches using

Explainable AI for industrial applications [302].

3.1 Introduction

In today’s digital and industrial landscape, efficient workforce management leads to automated

resume processing. AI-driven resume classification systems are a prime example of crucial,

trustworthy decision-making systems for industrial applications that ensure transparency and

interpretability. This research leverages the Local Interpretable Model-agnostic Explanations
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(LIME) framework to make complex models understandable, recognizing that resumes repre-

sent unique professional journeys. By addressing the opacity of AI algorithms, this approach

supports fair, accountable, and human-centered recruitment processes in industrial systems.

LIME helps reveal the thought processes behind model decisions. By employing LIME

with models like K-Nearest Neighbors (KNN), Random Forest, Support Vector Machine (SVM),

and Logistic Regression, we can understand not just what the models predict but how and why.

LIME deciphers the language of these models, providing insights into the influential terms

within resumes.

This approach fosters transparency and trust by exposing biases and illuminating decision

boundaries. It transforms the landscape from one dominated by faceless algorithms to an arena

where humans and machines collaborate. By revealing the inner workings of algorithms, LIME

makes interpretability a cornerstone of ethical and trustworthy AI.

Our chapter is structured as follows: Section 3.2 describes the Automated Resume Cate-

gorization, Section 3.3 details the Proposed Methodology, Section 3.4 presents the Results and

Discussion, and Section 3.5 provides the Conclusion.

3.2 Automated Resume Categorization

Automated resume categorization explores the integration of K-nearest neighbors (K-NN) al-

gorithms and Explainable Artificial Intelligence (XAI) techniques. Studies highlight the chal-

lenges of using machine learning for recruitment, emphasizing the need for models that bal-

ance accuracy with ethical considerations [318]. K-NN algorithms are prominent in assessing

the suitability of candidates based on job descriptions, addressing biases in automated hiring

[133, 228]. While K-NN is widely used in classification tasks, its application to resume cat-

egorization is less explored [90, 103]. This research fills that gap by implementing K-NN in

resume analysis and enhancing categorization processes. Ethical considerations are crucial

in AI recruitment systems [372]. Yu et al. reported a cascaded hybrid model for extracting

resume information, which depends on the structure of the resume and is time consuming

[412]. Kopparapu et al. proposed an automatic information extraction method from unstruc-

tured resumes with good precision and recall [189]. Text analytics, a rapidly growing field,

transforms unstructured data into structured data for better classification and mining [129]. A

Term Frequency-Inverse Document Frequency (TF-IDF) feature extraction method trained by

SVM yielded good classification results [93]. Manchanda et al. used a remote multi-class
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supervised technique for dynamic text segmentation [222], while Jo et al. employed K-NN

for text segmentation based on similarity features [173]. The literature underscores the need

for ethical frameworks, transparency, and user trust in AI systems, particularly in recruitment

[107]. Clear explanations of the model are essential to promote transparency and confidence in

decision-making processes.

3.2.1 Introducing Interpretability through LIME

The reason we chose LIME (Local Interpretable Model-agnostic Explanations) for our ap-

proach is that it can offer interpretability that is vital for intricate machine learning models like

Random Forest, KNN, and 3-layer MLP. LIME may be used with any classifier because to its

model-agnostic nature, which also makes it possible to simplify complicated models into more

understandable ones and provide detail on specific predictions. This promotes openness and

confidence in the system by emphasizing important characteristics that have a big influence on

classification choices, making sure that users, including HR specialists, can comprehend and

verify the model’s findings. Fairness in automated resume categorization is ensured and black-

box models become more interpretable through the use of Explainable Artificial Intelligence

(XAI) approaches such as LIME [311], [419], [78], [306]. This also ensures compliance with

ethical standards.

3.2.2 Problem Definition

The literature review highlights a gap in automated resume categorization: balancing high

accuracy of models like K-Nearest Neighbors (KNN) with the need for transparency. Current

issues include model opacity, decision-making biases, and the need for real-world applicability.

The main challenge is creating a resume categorization framework that ensures high predictive

accuracy while providing clear and interpretable insights. The proposed solution integrates

Local Interpretable Model-agnostic Explanations (LIME) to offer localized, understandable

explanations for individual predictions, thus addressing these challenges and improving trans-

parency in automated recruitment.

3.2.3 Problem Statement

The challenge is to develop an automated resume categorization system that balances high ac-

curacy with transparency. The solution involves integrating Local Interpretable Model-agnostic
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Explanations (LIME) to clarify the decision-making of complex models like K-Nearest Neigh-

bors (KNN). This approach aims to ensure a trustworthy and fair recruitment system by pro-

viding clear, interpretable insights while maintaining predictive performance.

3.2.4 Mathematical formation and formulation

Let X represent resumes and Y the set of categories. Each resume xi has a ground truth label

yi ∈ Y . The goal is to find a function f : X → Y that maps resumes to categories. In machine

learning, this function is learned from a labeled dataset D= {(x1,y1),(x2,y2), . . . ,(xn,yn)}. The

K-Nearest Neighbors (KNN) algorithm computes the category of a resume xq based on its k

nearest neighbors Nk(xq):

fKNN(xq) = argmax
y∈Y

∑
xi∈Nk(xq)

δ (yi = y) (3.1)

The challenge is to balance accuracy.

( fKNN(xi)≈ yi) (3.2)

with transparency as shown in Eq (1). and Eq (2). We introduce an interpretability function

I : X → R (3.3)

that measures a model’s decision interpretability it shown in Eq (3). The problem is to find a

model balancing accuracy and interpretability:

f ∗ = argmax
f∈F

α ·Accuracy( f ,D)+(1−α) · Interpretability( f , I) (3.4)

where F is the space of possible models, and α controls the trade-off between accuracy and

interpretability as shown in Eq (4). Integrating Local Interpretable Model-agnostic Explana-

tions (LIME) can enhance interpretability. In this formulation guides developing a resume

categorization framework achieving high accuracy and transparency. In the following section

describes the methodology.
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3.3 Proposed Methodology

Our proposed methodology for multiclass resume classification integrates various machine

learning classifiers with advanced interpretability techniques. The framework consists of sev-

eral key components, each contributing to the overall performance and transparency of the

classification system.

3.3.1 Framework Overview

The proposed framework is designed to classify resumes into predefined job categories using a

combination of machine learning models and interpretability methods.

Figure 3.1: Proposed framework integrating K-Nearest Neighbors (KNN) with LIME for trans-
parent and interpretable automated resume categorization.

Figure 3.1 depicts the workflow of our method, which consists of multiple essential ele-

ments. The data set is pre-processed at the beginning of the process to make it suitable for

analysis. Feature extraction is performed after preprocessing to find pertinent attributes for cat-

egorization. The data is then divided into testing and training sets. The model is trained using

the training set, and the trained model is then validated. KNN is used as the main classifier in

this system, and LIME is used to improve interpretability by providing context for each predic-

tion. Ultimately, human judgment is incorporated into the process to examine and validate the

model’s results. Our approach’s data preprocessing is described in the below steps.
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3.3.2 Data Preprocessing

Resumes and job classifications are included in the dataset, which was obtained from Kaggle1,

includes resumes and job categories. Given a dataset D = {(xi,yi) | xi ∈ X,yi ∈ Y}, where

xi represents the raw resume text and yi the corresponding job category. Imports all python

libraries like pandas, numpy, pipeline, nltk, spacy, re, matplotlib, Label Encoder, TfidfVector-

izer, ensemble classifiers, GridSearchCV, train test split, accuracy score, classification report,

LimeTextExplainer. It is loaded into a Pandas DataFrame, where the goal is to map resumes xi

to categories yi using a labeled dataset D = {(x1,y1),(x2,y2), . . . ,(xn,yn)}. Text preprocessing

involves:

x′i = Clean(xi) (3.5)

where Clean(xi) removes URLs, hashtags, mentions, and special characters [156]. The cleaned

text is then tokenized and converted to lowercase. Stopwords are removed:

x′′i = Vectorize(Tokenize(x′i)) (3.6)

where Tokenize(x′i) splits the text into tokens, and Vectorize(x′′i ) converts tokens into numer-

ical features using TF-IDF. Tokenization, lemmatization and stemming are applied to further

normalize and reduce dimensionality. Categorical labels are encoded as [14]:

y′i = Encode(yi) (3.7)

The dataset is split into training and test subsets:

{(Xtrain,Ytrain),(Xtest,Ytest)}= Split(D) (3.8)

The cleaned resumes are transformed into numerical features using TF-IDF vectorization. The

dataset is then split into training and test subsets, denoted as (Xtrain,Xtest,ytrain,ytest), with 20%

of the data allocated to testing. These steps prepare the data for machine learning model train-

ing and evaluation.

1https://www.kaggle.com/code/avantika2001/resume-screening/input

34



3.3 Proposed Methodology

3.3.3 Model Selection and Hyperparameter Tuning

A pipeline combining TF-IDF vectorization with k-Nearest Neighbors (kNN) classification

is employed. GridSearchCV is used to optimize hyperparameters, including the number of

neighbors, weighting method, and distance metric. The parameter grid for this search is as

follows: This grid includes the number of neighbors for the K-Nearest Neighbors classifier,

with values [3, 5, 7, 9], the weighting method (’uniform’ or ’distance’), and the distance metric

(’Euclidean’ or ’Manhattan’). The best model is selected based on accuracy.

3.3.4 Explainability with LIME

To interpret the model’s predictions, LIME (Local Interpretable Model-agnostic Explanations)

is utilized. The LIME text explainer is configured to explain individual predictions by high-

lighting the contributions of various features. The explanation is then visualized and saved for

further analysis. Using LIME (Local Interpretable Model-agnostic Explanations) to explain

Algorithm 1: LIME for K-Nearest Neighbors (kNN)
1: Input:
2: Instance x to be explained
3: Pipeline P (includes TF-IDF and kNN)
4: Number of features num f eatures to include in the explanation
5: Output:
6: LIME explanation object
7: Procedure:
8: 1. Extract class names from the label encoder used in the pipeline
9: 2. Create a LIME Text Explainer with the extracted class names

10: 3. Use the LIME explainer to generate an explanation
11: For the instance x, compute perturbed samples X ′ = {x′ 1,x′ 2, . . . ,x′ N}
12: Compute proximity weights w i for each x′ i based on similarity to x
13: Train a locally interpretable model g using weighted least squares with weights w i
14: Explanation:
15: Use the LIME Explainer to fit the local model g with instance x
16: Specify the number of features num f eatures to include in the explanation.
17: 4. Return the LIME explanation object.

K-Nearest Neighbors (kNN) classifier predictions is the method described in the algorithm.

It starts by explaining an instance x and the machine learning pipeline, which consists of the

kNN model and TF-IDF for text processing. It also specifies how many features the explana-

tion should have. The process involves first collecting the class names from the pipeline’s label
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encoder and configuring a LIME Text Explainer with those class names. The altered samples

are generated in the vicinity of the instance x, and proximity weights are calculated by com-

paring them to x. Next, weighted least squares are used to train a locally interpretable model

g, where the weights represent the proximity of each altered sample. Ultimately, the LIME

explainer chooses a certain amount of features to incorporate in the explanation and fits this

local model to the original instance x. The result is a LIME explanation object that tells you

which features contributed most to the model’s prediction for that specific case.

3.3.5 Incorporating Alpha Terms in LIME Interpretations

As stated in Equation (4)’s Section 2. Specifically, when applying LIME to classifiers like

KNN, alpha terms are utilized to control the influence of specific features on model predictions

in our approach. The local model’s feature weighting is adjusted via alpha terms, which affect

how much each feature contributes to the prediction. For example, an alpha parameter is set to

adjust the importance of specific terms while using LIME to interpret a KNN model for resume

categorization. “Software engineer” is one term that is given more weight in the local model’s

choice if it has a high positive alpha. On the other hand, a word with a low or negative alpha has

less power. This strategy contributes to improving interpretability, striking a balance between

feature importance and guaranteeing clear and intelligible model predictions.

3.3.6 Model Evaluation

The performance of each trained model is evaluated using various metrics, including accuracy,

precision, recall, and F1-score. These metrics provide a comprehensive understanding of the

models’ capabilities in classifying resumes into predefined categories. Evaluation is carried out

on the testset(X test t f id f ,y test), allowing an assessment of how well the models generalize

to unseen data. In order to promote transparency and interpretability in automated resume

categorization, we created a K-Nearest Neighbors (KNN) classifier with Local Interpretable

Model-agnostic Explanations (LIME). This method addresses any biases in recruitment while

ensuring high accuracy and fairness. In the following section describes results and discussion.

3.3.7 Applications

Human resources, career counseling, educational institutions, and resume screening tools are

just a few of the practical uses for the method’s findings. With resume management, these apps
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increase effectiveness, equity, and transparency. By adding more features and cutting-edge

methods, along with continual feedback from stakeholders, future development could improve

the system.

3.4 Results and Discussion

In this section, we describe the corresponding results of our method. Random Forest, Support

Vector Machine (SVM), Logistic Regression, and a 3-layer Multi-Layer Perceptron (MLP) are

some of the machine learning classifiers that we use in our multiclass resume categorization

framework. We mainly use LIME (Local Interpretable Model-agnostic Explanations) on the

KNN classifier to improve model interpretability. Using a locally interpretable approxima-

tion of the complex KNN model, LIME highlights resume terms that have a major impact on

categorization decisions, hence offering insights into individual predictions.

We further apply LIME to additional models, including Random Forest, a three-layer mul-

tilayer perceptron (MLP), and Decision Tree, to provide a comprehensive understanding of in-

dividual predictions and their integration into the overall system. This interpretability-focused

approach enhances the credibility and transparency of the resume classification framework.

Among all classifiers, the K-Nearest-Neighbors (KNN) model demonstrates superior perfor-

mance. LIME explanations for KNN are shown in Figure 3.2a, while Figures 3.2b to 3.2f

present interpretability results for Random Forest, Support Vector Machine (SVM), Logistic

Regression (LR), Artificial Neural Network (ANN), and Decision Tree (DT), respectively. The

complete set of visualizations is summarized in Figure 3.2.

Understanding machine learning model decisions is vital, particularly in sensitive areas

like resume classification. Interpretability ensures trust and comprehension for stakeholders.

This research uses Local Interpretable Model-agnostic Explanations (LIME) to enhance the

interpretability of K-Nearest Neighbors (KNN). The comparison between random forest, SVM,

and logistic regression methods is also presented.

3.4.1 LIME Overview in Our Methodology

To improve the interpretability of complex models, such as KNN, Random Forest (RF), Support

Vector Machine (SVM), Logistic Regression (LR), 3-layer Multi-Layer Perceptron (MLP), and

Decision Tree, our system employs LIME (Local Interpretable Model-agnostic Explanations).

By altering the feature values of a resume and using a more basic surrogate model to learn the

37



3. EXPLAINABLE AI IN AUTOMATED RESUME CATEGORIZATION

(a) KNN

(b) Random Forest

(c) SVM

(a) LIME explanations for KNN, RF, and
SVM

(d) Logistic Regression

(e) ANN

(f) Decision Tree

(b) LIME explanations for LR, ANN, and DT

Figure 3.2: Side-by-side comparison of LIME explanations for six classifiers on resume data
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decision function of the more complex model, LIME offers local explanations. This method

improves transparency and confidence in our automated resume categorization system by lo-

cating and emphasizing key terms in resumes that have a substantial impact on classification

judgments.

3.4.2 Interpretation: Resume data

Each term in the resume data is assigned a significance score and the importance of charac-

teristics is shown in our study as key-value pairs. Terms with good scores have a favorable

influence on the KNN model’s categorization, whereas terms with negative scores indicate that

red color has a negative effect. Higher absolute values indicate the green color in the figure

with greater relevance, while the magnitude of these scores represents the strength of their in-

fluence. By offering a clear understanding of how particular features affect the model’s conclu-

sions, LIME (Local Interpretable Model-agnostic Explanations) improves the interpretability

of these scores, making it simpler to interpret and put your trust in the predictions of complex

models like KNN.

3.4.3 Comprehensive Evaluation

The KNN-based LIME method is shown in figure 5.2 and table3.1 results. The significance of

each feature (word or term) in the immediate vicinity of a data point determines the importance

of the features in KNN. Each prediction given by the KNN classifier has a thorough explana-

tion provided by the LIME approach. During our tests, we used the KNN classifier with the

following hyperparameters: k ∈ {3,5,7,9}, weight options of ’distance’ or ’uniform’, and dis-

tance metrics such as ’Euclidean’ and ’Manhattan’. With a precision of 0.995, recall of 0.997,

and an F1 score of 0.995, the classifier demonstrated strong performance metrics and a stable

capacity to classify resumes with a balanced trade-off between precision and recall. Positive

significance scores in the context of LIME highlight qualities that are relevant in the local con-

text by contributing positively to the predicted class, these features are shown in the figure as

green. On the other hand, negative scores indicate characteristics that make the predicted class

less likely; in the figure, these qualities are indicated by red. This methodology guarantees

a transparent and comprehensible decision-making process within the model, offering lucid

insights into the influential elements within each forecast.
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In comparison, the Random Forest model achieves a slightly lower accuracy of 0.984, with

a precision of 0.989, recall of 0.970, and F1-Score of 0.972. Although it shows high importance

scores for certain features, its overall contribution to features is less pronounced compared to

KNN. The RF model benefits from its ensemble approach but may lack the clarity offered by

LIME to reveal the impact of characteristics.

The SVM and LR models both achieve an accuracy of 0.994, with precision and recall

values similar to those of KNN. These models demonstrate high performance, but their feature

importance is less transparent without additional interpretability tools. Logistic regression,

with its coefficient-based importance, provides clear insights into feature contributions, though

it performs marginally lower than KNN in recall.

The MLP model, while achieving high accuracy and F1-Score (both 0.994), is noted for

its complexity and longer training times. This complexity makes it less practical for quick

interpretations compared to KNN. Despite its strong performance, the extended training time

of MLP emphasizes the advantage of simpler models like KNN for scenarios requiring rapid

insights.

The Decision Tree model, with an accuracy of 0.974 and an F1-Score of 0.963, provides

straightforward interpretability but falls short of the performance metrics of other models. Its

ability to rank features based on impurity reduction is useful, yet it may not capture feature

interactions as effectively as more sophisticated models.

3.4.4 Limitations and Future Work

Data biases and the computational complexity of models such as the Multi-Layer Perceptron

(MLP) are among the constraints of this work. Subsequent research endeavors should fo-

cus on improving these concerns by optimizing pre-processing stages, investigating additional

functionalities, and assessing impartiality and moral implications in automated resume cate-

gorization. More sophisticated methods and hybrid models may improve interpretability and

performance even more. The relationship between the number of neighbors (k) and model ac-

curacy is plotted to understand the effect of k on performance. Additionally, the importance of

LIME features is visualized to provide insights into which features are most influential in the

model’s predictions.
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3.4.5 Quantitative results of proposed method in comparison to other state-of-
the-art-methods

Table 3.1: Comparison of our method with existing model [20].

S.no Classifiers Precision Recall F1-Score Our-method Ali-method Mis-class
1 Proposed 0.995 0.997 0.995 0.994 0.972 0.006
2 RF 0.989 0.970 0.972 0.984 No 0.016
3 SVM 0.992 0.997 0.994 0.994 0.993 0.006
4 LR 0.992 0.997 0.994 0.994 0.993 0.006
5 MLP 0.995 0.997 0.995 0.994 No 0.006
6 DT 0.975 0.975 0.963 0.974 No 0.026

Note: RF = Random Forest, SVM = Support Vector Machine, LR = Logistic Regression, MLP = Multi-Layer
Perceptron, DT = Decision Tree.

Mis-class refers to misclassification rate, and Ex-Accuracy indicates existing accuracy from [20].

Table 3.1 describes evaluation metrics in resume data. While MLP offers high performance, its

complexity and longer processing times make KNN a practical choice for scenarios demanding

both high efficiency and interpretability. LIME’s ability to elucidate both positive and nega-

tive feature impacts in MLP enhances our understanding of model behavior, bridging the gap

between high-performing yet complex models and the need for clear, actionable insights.

3.5 Conclusion

This chapter contributes to the thesis objective of developing data-driven approaches using

Explainable AI for industrial applications by advancing an interpretable framework for auto-

mated resume categorization. By integrating KNN with LIME, the approach improves model

transparency, interpretability, and fairness, which are key elements for AI-driven trustworthy

decision making in recruitment systems. It supports ethical adoption of AI while addressing

practical challenges such as bias and privacy. This work demonstrates how Explainable AI can

improve operational effectiveness and stakeholder trust in industrial contexts, paving the way

for more responsible and adaptive intelligent systems. In the following chapters, we will delve

into more specific applications and evaluations.
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Chapter 4

Leveraging LIME Explainability and
Gustafson-Kessel Fuzzy Clustering for
Resume Grouping and Text
Summarization

In the previous chapter, we propose an interpretable resume categorization framework that inte-

grates the K-Nearest Neighbors (KNN) algorithm with Local Interpretable Model-agnostic Ex-

planations (LIME). Building upon this foundation of explainable AI in industrial applications,

the current chapter introduces an innovative approach that combines the Gustafson-Kessel

(GK) fuzzy clustering algorithm with advanced semantic embeddings generated by Sentence-

BERT to improve the interpretability of unsupervised learning for resume data. By integrating

LIME, the proposed framework offers transparent insights into cluster memberships, address-

ing a key challenge in applying unsupervised techniques within data-driven industrial environ-

ments. This method advances applicant profiling and human resource management by deliver-

ing effective and interpretable clustering results, thereby contributing to trustworthy AI-driven

decision-making in industrial contexts.

4.1 Introduction

Modern business pays a lot of attention to employing the right person for their job vacancies.

This task is as important as it is arduous. To attract the best talent, companies would like to
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4.1 Introduction

be perceived as fair and objective employers when such appointments are made. However,

traditional human resource (HR) approaches in the industry are not seen to be scalable against

the very large number of applications. Further, conventional HR approaches appear to be

subjective and of doubtful efficacy.

Recent advances using Large Language Models (LLMs) have shown promise in automat-

ing aspects of resume analysis (e.g., ResumeFlow [424]). However, LLMs are heavyweight ap-

proaches and are prone to well-known hallucination problems, whose resolution is a non-trivial

research challenge in itself [124, 280]. To avoid these complications, we adopt a lightweight

strategy for resume grouping. In addition to classification accuracy, interpretability and ex-

plainability of results are crucial in recruitment contexts, since HR professionals must trust and

understand the basis of automated recommendations.

In this study, we combine interpretability and explainability with computationally lean clus-

tering methods. Specifically, we adopt the Gustafson–Kessel (GK) fuzzy clustering algorithm

to group resumes based on their textual representations, and we augment the clustering pro-

cess with explainable AI (XAI) techniques. This grouping aims to uncover latent semantic

similarities in resumes while providing interpretable explanations for HR decision support.

The exponential rise in unstructured textual data in domains such as Human Resource Man-

agement (HRM) has created a pressing need for automated techniques capable of efficiently

analyzing and categorizing text. Resume processing is one such application, where clustering

can facilitate talent pooling, job matching, and candidate selection. However, most clustering

approaches lack transparency, making it difficult for end-users to interpret and trust results. Our

approach addresses this limitation by integrating Local Interpretable Model-Agnostic Expla-

nations (LIME) [310] and SHapley Additive exPlanations (SHAP) [216] with GK clustering.

To achieve this, we train a Random Forest surrogate model to approximate fuzzy cluster as-

signments, enabling the application of supervised explainability techniques in an unsupervised

setting. LIME provides local explanations for individual resumes, while SHAP provides global

feature-importance insights, together bridging the gap between clustering outputs and human-

understandable reasoning.

4.1.1 Contributions

The primary contributions of this study are as follows:
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4. GK FUZZY CLUSTERING APPROACH TO RESUME TEXT CATEGORIZATION

1. Leveraging contextual embeddings for semantic resume representation: We em-

ploy Sentence-BERT embeddings (specifically, all-MiniLM-L6-v2) to generate rich,

context-aware representations of resumes, capturing deeper semantic relationships for

profiling and clustering.

2. Applying Gustafson–Kessel fuzzy clustering for adaptive and interpretable group-

ing: GK clustering models clusters with varying shapes and densities by incorporating

covariance information, enhancing clustering accuracy and interpretability for complex

resume datasets.

3. Integrating explainable AI techniques for clustering interpretability: We adapt LIME

and SHAP via a Random Forest surrogate model to provide both local and global expla-

nations of cluster assignments, improving transparency and trust in clustering outcomes.

4. Practical application in Human Resource Management (HRM): We validate our ap-

proach on real-world resume datasets, demonstrating its ability to automate applicant

profiling and job matching while providing interpretable and actionable insights to HR

professionals.

The rest of the chapter is organized as follows: section 4.2 describes Related works, section

4.3 describes proposed work, section 4.4 describes Adapting GK Fuzzy Clustering for Resume

for Text Summarization section 4.5 describes Explainablity in GK Fuzzy Clustering, section

4.6 describes Experimental Results, and section 4.7 describes the Conclusion.

4.2 Related work

In section 4.1 a top level overview of clustering methods and the developments in fuzzy cluster-

ing in general was shown. Here we bring the NLP domain of text summarization and clustering

methods which relevant to the problem.

4.2.1 Clustering and Summarization Techniques

Clustering and text summarization are fundamental tasks in Natural Language Processing

(NLP), with applications ranging from information retrieval to resume profiling. Traditional

clustering methods such as k-means [236], hierarchical clustering [13], and fuzzy c-means

(FCM) [49] have been widely used for document grouping. However, these methods often
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4.2 Related work

assume spherical clusters and struggle with high-dimensional, overlapping, or noisy textual

data [329, 398].

Fuzzy clustering approaches, notably the Gustafson–Kessel (GK) algorithm [154], over-

come some of these limitations by adapting to clusters of varying shapes and densities through

covariance matrices. This flexibility is especially relevant to resumes, which often exhibit se-

mantic overlap in skills, roles, and experience.

Recent advances in text representation using transformer-based models (e.g., BERT) pro-

vide deeper semantic embeddings compared to earlier vector-space approaches like TF-IDF [298]

or BM25 [132]. Sentence-BERT [307] enables context-aware embeddings that effectively cap-

ture sentence-level meaning. Hybrid methods combining BM25 with TextRank for extractive

summarization have also shown promise, particularly for structured domains like resumes [55].

Such embeddings improve the quality of both summarization and downstream clustering.

4.2.2 Challenges in Clustering and Summarization

Despite these advances, challenges remain. Conventional clustering algorithms (e.g., k-means,

FCM) are sensitive to cluster shape and dimensionality, limiting their effectiveness for complex

textual data. GK clustering provides more flexibility by modeling elliptical clusters via covari-

ance information, but like other unsupervised methods, it suffers from limited interpretability

in textual contexts such as resume summarization.

Transformer embeddings (e.g., Sentence-BERT) improve semantic representation but ex-

acerbate the black-box problem. While summarization enhances data quality for clustering,

the resulting groupings remain difficult to explain to end-users such as HR professionals, who

require transparency in candidate selection.

4.2.3 Explainable Clustering for Textual Data

Explainability is a growing area of interest in clustering. Traditional methods operate as black

boxes, offering little insight into why particular points are grouped. Post-hoc explanation

frameworks have been proposed to address this gap. For example, [117] and [246] used LIME

to highlight influential features in cluster assignment, while Shapley-based approaches [85]

have been applied in domains such as network security and fault diagnosis [17].

In textual clustering, explainability remains underexplored. Studies such as [230] demon-

strated the benefit of combining transformers with clustering for semantic topic modeling,
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4. GK FUZZY CLUSTERING APPROACH TO RESUME TEXT CATEGORIZATION

while [213, 247] emphasized challenges in applying LIME/SHAP to fuzzy clustering, where

soft memberships complicate interpretation. These limitations highlight the need for frame-

works that integrate semantic embeddings, fuzzy clustering, and XAI to deliver both accuracy

and transparency.

4.2.4 Comparison of Clustering Techniques for Resume Data

Several clustering techniques have been applied to resume data. Prototype-based algorithms

such as k-means and FCM are popular for their simplicity but are limited in handling overlap-

ping clusters and irregular structures [101, 292]. Gaussian Mixture Models (GMM) [226] sup-

port probabilistic memberships but are computationally demanding. Agglomerative clustering

captures hierarchical relationships [398] but scales poorly with larger datasets. Density-based

methods such as DBSCAN [121] and HDBSCAN [65] excel at detecting arbitrary-shaped clus-

ters and noise, though they may underperform in sparse, high-dimensional text embeddings.

GK fuzzy clustering uniquely combines adaptability (via covariance-based elliptical clus-

ters) with soft membership assignments, making it well-suited for semantically overlapping

resume data. As shown in Table 4.1, 4.2, GK and Agglomerative clustering demonstrate ro-

bustness to summarized inputs, while density-based methods offer strong noise handling. We

hypothesize that integrating GK clustering with explainability tools such as LIME and SHAP

offers a promising balance between adaptability, interpretability, and semantic fidelity for re-

sume data.

46



4.2 Related work

Ta
bl

e
4.

1:
C

om
pa

ri
so

n
of

C
lu

st
er

in
g

M
et

ho
ds

on
R

es
um

e
D

at
a

(P
ar

t1
)[

42
,5

0,
56

,1
54

,3
17

,3
98

].

C
ri

te
ri

on
G

M
M

FC
M

G
K

k-
m

ea
ns

A
gg

lo
m

er
at

iv
eD

B
SC

A
N

H
D

B
SC

A
N

C
lu

st
er

in
g

B
as

is
Pr

ob
ab

ili
st

ic
ap

-
pr

oa
ch

[2
26

]

Fu
zz

y
m

em
be

r-
sh

ip
s[

50
]

A
da

pt
iv

e
fu

zz
y

cl
us

-
te

rs
[1

54
]

H
ar

d
cl

us
te

r-
in

g
[2

17
]

H
ie

ra
rc

hi
ca

l
cl

us
te

r-
in

g
[4

2,
39

8]

D
en

si
ty

-
ba

se
d

[1
21

]
H

ie
ra

rc
hi

ca
l

de
ns

ity
-

ba
se

d
[6

5]

D
at

as
et

O
ve

r-
la

p
[3

6,
16

2]
H

an
dl

es
ov

er
la

p
w

el
l

H
an

dl
es

ov
er

la
p

w
ith

fu
zz

y
m

em
be

r-
sh

ip
s

Fl
ex

ib
le

fo
r

ir-
re

gu
la

r
sh

ap
es

St
ru

gg
le

s
w

ith
ov

er
-

la
p

G
ro

up
s

pr
og

re
s-

si
ve

ly

E
ff

ec
tiv

e
fo

r
de

ns
e

re
gi

on
s,

ig
no

re
s

no
is

e

C
ap

tu
re

s
co

m
pl

ex
ov

er
la

p
pa

tte
rn

s

C
lu

st
er

Sh
ap

e
[1

38
]

E
lli

pt
ic

al
sh

ap
es

[2
26

]
Sp

he
ri

ca
l

sh
ap

es
A

da
pt

s
to

ir
re

gu
la

r
sh

ap
es

Sp
he

ri
ca

l
cl

us
te

rs
C

ap
tu

re
s

ar
bi

tr
ar

y
sh

ap
es

[3
98

]

A
rb

itr
ar

y-
sh

ap
ed

cl
us

-
te

rs
[1

21
]

A
rb

itr
ar

y
an

d
ne

st
ed

sh
ap

es
[6

5]
H

an
dl

in
g

O
ut

-
lie

rs
[2

15
]

O
ut

lie
rs

m
ay

pu
ll

bo
un

da
ri

es

Se
ns

iti
ve

to
ou

t-
lie

rs

A
da

pt
s

to
m

in
im

iz
e

ou
tli

er
s

Pr
on

e
to

ou
tli

er
s

G
ro

up
s

ou
tli

er
s

la
st

E
ff

ec
tiv

el
y

m
ar

ks
no

is
e

po
in

ts

E
xp

lic
itl

y
de

te
ct

s
an

d
ex

-
cl

ud
es

no
is

e
Su

m
m

ar
iz

at
io

n
Im

pa
ct

[1
9,

22
3]

Se
ns

iti
ve

to
su

m
-

m
ar

iz
at

io
n

qu
al

ity

A
ff

ec
te

d
by

po
or

su
m

m
a-

ri
za

tio
n

St
ru

gg
le

s
w

ith
ov

er
-

ge
ne

ra
liz

ed
da

ta

W
or

ks
w

el
l

w
ith

di
st

in
ct

fe
at

ur
es

A
da

pt
s

to
su

m
m

a-
ri

za
tio

n
ou

t-
pu

ts
[5

6]

R
eq

ui
re

s
go

od
de

ns
ity

se
pa

ra
-

tio
n

R
ob

us
t

to
su

m
m

a-
ri

za
tio

n
no

is
e

47



4. GK FUZZY CLUSTERING APPROACH TO RESUME TEXT CATEGORIZATION

Ta
bl

e
4.

2:
C

om
pa

ri
so

n
of

C
lu

st
er

in
g

M
et

ho
ds

on
R

es
um

e
D

at
a

(P
ar

t2
)[

42
,5

0,
56

,1
54

,3
17

,3
98

].

C
ri

te
ri

on
G

M
M

FC
M

G
K

k-
m

ea
ns

A
gg

lo
m

er
at

iv
eD

B
SC

A
N

H
D

B
SC

A
N

In
te

rp
re

ta
bi

lit
y

H
ar

d
to

in
te

rp
re

t
pr

ob
a-

bi
lis

tic
m

em
be

r-
sh

ip
s

[1
5]

Fu
zz

y
m

em
-

be
rs

hi
ps

m
ay

co
n-

fu
se

[1
6]

Fl
ex

ib
le

bu
t

co
m

-
pl

ex
to

ex
pl

ai
n

C
le

ar
,o

ne
cl

us
te

r
pe

r
re

-
su

m
e

[2
86

]

In
tu

iti
ve

hi
er

ar
ch

y
of

cl
us

-
te

rs
[2

99
]

M
od

er
at

e
in

te
r-

pr
et

ab
il-

ity
vi

a
co

re
sa

m
pl

es
[2

60
]

In
tu

iti
ve

vi
a

cl
us

te
r

hi
er

ar
ch

y

Pe
rf

or
m

an
ce

M
et

-
ri

cs
[1

47
]

M
od

er
at

e
Si

lh
ou

et
te

Sc
or

e
[3

17
]

L
ow

er
sc

or
es

fo
r

ov
er

-
la

pp
in

g
re

su
m

es

L
ow

er
sc

or
es

du
e

to
fu

zz
y

bo
un

d-
ar

ie
s

H
ig

h
Si

lh
ou

et
te

Sc
or

e,
lo

w
D

B
I

H
ig

h
Si

l-
ho

ue
tte

Sc
or

e
fo

r
st

ru
ct

ur
ed

da
ta

H
ig

h
Si

l-
ho

ue
tte

Sc
or

e
w

he
n

de
ns

ity
is

ap
pr

op
ri

-
at

e

St
ro

ng
D

B
I

an
d

Si
lh

ou
et

te
w

he
n

tu
ne

d
w

el
l

Sc
al

ab
ili

ty
C

om
pu

ta
tio

na
lly

ex
pe

n-
si

ve
[4

22
]

B
et

te
r

th
an

G
M

M
bu

t
sl

ow
er

th
an

k-
m

ea
ns

D
em

an
di

ng
fo

r
hi

gh
di

m
en

-
si

on
s[

27
1]

E
ffi

ci
en

t
fo

r
la

rg
e

da
ta

se
ts

Sl
ow

er
du

e
to

hi
er

-
ar

ch
ic

al
di

st
an

ce
ch

ec
ks

Sc
al

es
po

or
ly

in
hi

gh
di

m
en

-
si

on
s[

33
0]

M
or

e
sc

al
ab

le
th

an
D

B
-

SC
A

N
fo

r
va

ri
ab

le
de

ns
ity

N
ot

e:
T

hi
s

co
m

pa
ra

tiv
e

an
al

ys
is

su
m

m
ar

iz
es

th
e

ch
ar

ac
te

ri
st

ic
s

of
va

ri
ou

s
cl

us
te

ri
ng

m
et

ho
ds

ad
op

te
d

an
d

ap
pl

ie
d

to
re

su
m

e
em

be
dd

in
gs

de
riv

ed
fr

om
te

xt
su

m
m

ar
iz

at
io

n.
G

K
re

fe
rs

to
th

e
G

us
ta

fs
on

–K
es

se
lf

uz
zy

cl
us

te
ri

ng
m

et
ho

d.
T

he
ev

al
ua

tio
n

cr
ite

ri
a

in
cl

ud
e

ov
er

la
p

ha
nd

lin
g,

cl
us

te
rs

ha
pe

fle
xi

bi
lit

y,
in

te
rp

re
ta

bi
lit

y,
an

d
ro

bu
st

ne
ss

to
su

m
m

ar
iz

at
io

n
no

is
e.

A
m

on
g

th
es

e,
G

K
an

d
H

D
B

SC
A

N
of

fe
rs

tr
on

g
ad

ap
ta

bi
lit

y
fo

rc
ap

tu
ri

ng
co

m
pl

ex
re

su
m

e
pa

tte
rn

s
w

ith
so

ft
bo

un
da

ri
es

an
d

no
is

e
to

le
ra

nc
e,

m
ak

in
g

th
em

su
ita

bl
e

fo
rn

ua
nc

ed
re

su
m

e
gr

ou
pi

ng
.

48
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4.2.5 Explainability in HR and Resume Profiling

In human resource management (HRM), clustering is frequently applied for applicant group-

ing, talent pooling, and career path analysis [272]. However, lack of interpretability limits trust

and adoption in practice [391]. Surveys such as [68, 148] stress the necessity of integrating

XAI in HR applications. Our work builds on this line by proposing a framework that inte-

grates: (i) Sentence-BERT embeddings for semantic summarization, (ii) GK fuzzy clustering

for flexible grouping, and (iii) XAI methods (LIME and SHAP) via a Random Forest surrogate

for interpretability. Unlike previous studies, we target explainable clustering specifically for

resume datasets, thereby enhancing both transparency and trust.

4.2.6 Research Gaps and Problem Definition

While clustering and summarization methods are well-studied, several gaps persist for resume

analysis:

• Traditional clustering methods (k-means, agglomerative) assume spherical clusters and

offer limited interpretability.

• Fuzzy clustering (e.g., GK) supports overlapping memberships but lacks transparency in

textual domains.

• Transformer embeddings (e.g., Sentence-BERT) improve semantic quality but increase

opacity.

• XAI tools like LIME and SHAP are well explored in supervised learning but underuti-

lized in unsupervised fuzzy clustering.

Problem Definition: Given a set of resumes D = {x1, . . . ,xN} represented as Sentence-

BERT embeddings, the task is to partition them into C fuzzy clusters using GK clustering,

where each resume xi may belong to multiple clusters with degrees of membership. The key

challenge is to ensure interpretability of these assignments. To achieve this, we employ a

Random Forest surrogate model approximating the GK assignments, enabling the application

of LIME (local resume-level explanations) and SHAP (global embedding-dimension impor-

tances). This integration provides transparent and semantically meaningful insights into clus-

tering outcomes for HR decision support. This table 4.3 notation is used consistently through-

out the paper.
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Table 4.3: Notation used in the proposed method.

Symbol Description
U = [ui j] Membership matrix, where ui j represents the membership degree of resume xi to cluster j.
C Total number of clusters.
N Total number of resumes.
v j Centroid vector of cluster j.
m Fuzziness parameter that controls the degree of fuzziness in clustering.
xi Feature vector representing resume i.
Σ j Covariance matrix of cluster j.
ε or λ Small regularization term to avoid singular matrices.
I Identity matrix for regularization.
det(Σ j) Determinant of the covariance matrix Σ j.
U (t) Membership matrix at iteration t.
∥U (t+1)−U (t)∥ Difference between membership matrices at consecutive iterations.
Agglomerative Agglo
p Precision metric.
R Recall metric.
F1 F1 score, a harmonic mean of precision and recall.
SilhouetteScore
(Silhouttee) Silhouette score, evaluating cluster cohesion and separation.
ARI Adjusted Rand Index, measuring agreement between predicted and true clustering.
DBI Davies-Bouldin Index, assessing intra-cluster similarity and inter-cluster separation.
CHI Calinski-Harabasz Index, evaluating clustering quality.

Note: This notation is used consistently throughout the paper.

4.3 Proposed Work

In this section, we outline the procedure of our proposed approach. Figure 4.1 presents the

overall architecture, which integrates explainability into the resume clustering process to sup-

port human decision-making. Each resume xi ∈Rd is encoded into a d-dimensional contextual

embedding using the Sentence-BERT model, capturing semantic and syntactic nuances. These

embeddings are then used as input for the GK fuzzy clustering algorithm to group similar

resumes. To enhance interpretability, a Random Forest surrogate model is trained on the clus-

tering assignments, and both LIME and SHAP are applied to explain individual and global

feature influences, respectively.

X = {x1,x2, . . . ,xN} ∈ RN×d (4.1)

where X is the matrix of resumes with N rows and d columns, and each row xi represents the

Sentence-BERT embeddings of the i-th resume.

The raw resume data, as shown in Table 4.4, undergoes comprehensive preprocessing steps

that include tokenization, lemmatization, stemming, stop word removal, lowercasing, and han-
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4.3 Proposed Work

Figure 4.1: Overview of the proposed pipeline for grouping resumes into meaningful clus-
ters with explainability. First, raw resumes are processed through a summarization step (e.g.,
BM25-TextRank or BM25-kmeans) to extract key information and reduce length. The summa-
rized resumes are then transformed into vector representations using Sentence-BERT embed-
dings. These embeddings are clustered using the GK fuzzy clustering algorithm to form soft
clusters, producing cluster labels. To interpret the clusters, a Random Forest surrogate model is
trained on the cluster assignments, and model-agnostic explainability techniques such as LIME
and SHAP are applied to identify the most important features that characterize each cluster.
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Table 4.4: Example of Resume Data

Category Resume
Data Science Skills: - Programming Languages: Python (pandas, numpy, scipy, scikit-learn,

matplotlib), SQL, Java, JavaScript/JQuery. - Machine learning: Regression,
SVM, Naı̈ve Bayes, KNN, Random Forest, Decision Trees, Boosting tech-
niques, Cluster Analysis, Word Embedding, Sentiment Analysis, NLP, Di-
mensionality Reduction, Topic Modelling (LDA, NMF), PCA, Neural Nets.
- Database Visualizations: MySQL, SQLServer, Cassandra, HBase, Elastic-
Search, D3.js, DC.js, Plotly, Kibana, matplotlib, ggplot, Tableau. - Other Skills:
Regex, HTML, CSS, Angular 6, Logstash, Kafka, Python Flask, Git, Docker,
OpenCV, Deep Learning.
Education: - Data Science Assurance Associate at Ernst & Young LLP.
Skill Details: - JAVASCRIPT: 24 months - jQuery: 24 months - Python: 24
months
Company Details: - Ernst & Young LLP - Description: Fraud Investigations
and Dispute Services Assurance
Technology Assisted Review (TAR): - Accelerated review process with ana-
lytics and report generation. - Core member in developing an automated review
platform from scratch for e-discovery, implementing predictive coding and topic
modeling. - Researched classification models, predictive analysis, and text min-
ing. - Analyzed outputs and monitored precision for tool performance.

Note: This table provides an example of a detailed, preprocessed resume from the Data Science category, including
skills, education, company details, and project descriptions. Such resumes are subsequently summarized using
methods like Miller’s summarization to extract key information for more efficient analysis and clustering.

dling of missing values. These procedures are guided by the recommendations of [156] to

standardize and clean the unstructured textual data, ensuring it is suitable for further semantic

analysis.

Following preprocessing, the pipeline diverges into two parallel feature extraction meth-

ods. The first method involves summarizing each resume to retain the most salient information

while reducing verbosity. This approach is based on the BM25-TextRank algorithm proposed

by [132], which builds upon the original TextRank model by [233]. The modification replaces

the traditional cosine similarity metric with the BM25 ranking function introduced by [315],

thereby improving the semantic relevance of selected sentences. BM25-TextRank is imple-

mented using the Gensim Python library1, following the implementation guidelines described

by [425].

The summarized resumes generated using Sentence-BERT are presented in Table 4.5. For

comparison, Table 4.6 reports clustering performance without applying summarization, and

Figure 4.2 illustrates the associated dendrogram. These concise and structured summaries

enhance readability and provide a robust foundation for downstream tasks such as semantic

1https://radimrehurek.com/gensim
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Table 4.5: Resume Data with Summarization

Category Resume Summary (Miller) [234]
Data Science Skills: Python (pandas, scikit-learn), SQL,

JavaScript, Machine Learning (SVM, Ran-
dom Forest, NLP, PCA), Databases (MySQL,
ElasticSearch), Visualization (Plotly, Tableau),
Flask, Docker, OpenCV, Deep Learning. Ed-
ucation: Data Science Assurance Associate at
Ernst & Young LLP. Core team member devel-
oping predictive coding and topic modeling for
e-discovery tools.

Skills: Python, SQL, ML models, text
mining. Key contributor to TAR so-
lutions, focusing on cost and time
efficiency. Built machine learning
pipelines and monitored precision.

Note: This table presents a sample resume from the Data Science category along with its corresponding summary
generated using the Miller (2019) method, which leverages transformer-based models such as Sentence-BERT. The
summary captures the essential skills and experiences, providing a concise representation suitable for downstream
tasks like clustering and classification.

clustering and explainable resume profiling.

In the BM25-TextRank approach, sentences are ranked based on their BM25 scores, where

each sentence is treated as a “document” and the entire resume text as the “query.” Sentences

with the highest BM25 scores are selected to summarize key themes in the resume. Simultane-

ously, Sentence-BERT [328] generates sentence embeddings that capture the semantic meaning

of each resume. These embeddings are then clustered using k-means, enabling efficient com-

parison based on thematic content (dendrogram), as illustrated in Figure 4.3 and Table 4.7.

Table 4.8 reports the performance of BM25-TextRank on resume summarization, while Fig-

ure 4.4 depicts the corresponding dendrogram.

The use of BERT-based embeddings balances computational efficiency with robust seman-

tic representation. Traditional word-level embeddings, such as fastText, often fail to capture

subtle semantic distinctions in resumes, whereas Sentence-BERT provides richer, context-

aware representations. For unsupervised tasks such as clustering, Sentence-BERT is fine-tuned

using a Siamese network architecture [307], producing embeddings optimized for cosine simi-

larity. These fine-tuned embeddings significantly improve profile matching and candidate rank-

ing.

After summarization and embedding generation, the adapted GK fuzzy clustering algo-

rithm is applied to the Sentence-BERT embeddings. This approach leverages GK’s soft cluster-

ing capability to effectively handle overlapping and ambiguous resume profiles, while captur-

ing underlying semantic structures through BERT-derived vectors. The integration of Sentence-

BERT embeddings with GK clustering yields a more interpretable and semantically coherent
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Figure 4.2: This dendrogram illustrates the hierarchical structure of resume similarities with-
out applying summarization. It highlights the global similarity patterns among resumes based
solely on their original embeddings.
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Figure 4.3: This dendrogram illustrates the hierarchical structure among resumes using cosine
distance on the document embeddings derived from k-means-based summarization.
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Figure 4.4: This dendrogram illustrates the hierarchical structure among resumes using co-
sine distance on the document embeddings derived from BM25-TextRank-based summariza-
tion. Although the dendrogram is generated using Agglomerative Clustering, the summarized
embeddings are produced via sentence selection guided by BM25-weighted TextRank [315].
The visualization reveals structural similarities among resumes in the reduced semantic space,
which are subsequently utilized as input to the proposed GK Fuzzy Clustering method.
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grouping of resumes, making it particularly suitable for downstream applications such as job

matching and candidate profiling.

The following section details the adapted implementation of the GK fuzzy clustering algo-

rithm used in our study.

Table 4.6: Clustering performance at different distance thresholds without applying summa-
rization.

Distance Clusters Precision Recall F1 score ARI
0.55 24 0.36 0.58 0.45 0.246
0.50 31 0.42 0.52 0.47 0.266
0.60 16 0.30 0.60 0.40 0.199
0.65 12 0.25 0.72 0.37 0.172

Note: These results represent clustering performance when no summarization was applied to the resumes.
The hierarchical clustering was performed directly on Sentence-BERT embeddings of the full resume texts.
As seen, lower distance thresholds lead to more clusters and generally improved precision and F1 score, while
higher thresholds favor recall due to broader groupings.

Table 4.7: Best clustering results, in terms of B-Cubed F1 score, were achieved with k-means
on Resume summarization.

Distance Clusters Precision Recall F1 score ARI
0.60 37 0.40 0.40 0.40 0.183
0.55 48 0.52 0.39 0.44 0.298
0.50 62 0.59 0.37 0.46 0.315

Note: The table summarizes clustering performance based on cosine distance thresholds and cluster counts. Metrics
include B-Cubed Precision (P), Recall (R), and F1 score, suited for clustering evaluation against true labels. ARI
denotes Adjusted Rand Index measuring agreement between predicted and true clusters.

4.4 Adapting GK fuzzy Clustering for Resume Text Summariza-
tion

In this section, we describe how we adapt the GK fuzzy clustering algorithm to cluster normal-

ized feature vectors derived from resumes. The GK algorithm enhances clustering flexibility

by adapting the shape of clusters using individual covariance matrices, enabling the creation

of elliptical clusters with varying orientations. This capability makes GK fuzzy clustering es-

pecially suitable for resumes, where the relationships between sentences can vary widely in

semantic content.
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Table 4.8: Best clustering results, in terms of B-Cubed F1 score, were achieved with BM25-
TextRank on Resume Summarization.

Distance Clusters Precision Recall F1 score ARI
0.80 9 0.18 0.65 0.28 0.117
0.75 10 0.19 0.64 0.30 0.126
0.70 14 0.25 0.51 0.34 0.197
0.65 18 0.29 0.50 0.37 0.236

Note: Clustering performance is summarized based on cosine distance thresholds and cluster counts. Metrics
include B-Cubed Precision (P), Recall (R), and F1 score, suitable for clustering evaluation against true labels. ARI
is the Adjusted Rand Index measuring agreement between predicted and true clusters.

4.4.1 GK fuzzy Clustering on Sentence Embeddings

We apply GK fuzzy Clustering to sentence embeddings obtained from a BERT-based Sentence

Transformer. This approach clusters semantically similar sentences extracted from resumes,

grouping related content based on their contextual meaning. Each sentence is represented as

a high-dimensional vector encoding its semantic information. By leveraging the GK fuzzy

clustering algorithm, which generalizes fuzzy c-means by adapting to cluster covariance struc-

tures, we achieve enhanced flexibility and accuracy in clustering complex textual data. k-means

clustering and BM25-TextRank summarization are also used for comparison and are discussed

further in Section 6.

4.4.2 Step 1: Sentence Embedding with Sentence-BERT

Resumes are first preprocessed, and their sentences are encoded into dense vectors using

the Sentence-BERT model [328] (all-MiniLM-L6-v2). Sentence-BERT efficiently generates

contextualized sentence embeddings such that semantically similar sentences lie close in the

embedding space, facilitating meaningful cluster formation.

# Example sentences

sentence1 = "Experience in Data Science."

sentence2 = "Proficient in Python and ML."

embeddings = get_sentence_embeddings(

[sentence1, sentence2]

)

These embeddings serve as the input to the GK fuzzy clustering algorithm.
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4.4.3 Mathematical Formulation of GK Fuzzy Clustering

The objective function of GK fuzzy clustering is defined as:

J(U,V,Σ) =
N

∑
i=1

C

∑
j=1

um
i j d2(xi,v j,Σ j) (4.2)

where N is the number of sentences, C is the number of clusters, ui j is the membership
degree of sentence xi to cluster j, m is the fuzziness parameter (1 < m≤ 2), and d(xi,v j,Σ j) is
the generalized Mahalanobis distance between sentence embedding xi and cluster centroid v j,
weighted by the covariance matrix Σ j.

The generalized distance is calculated as:

d(xi,v j,Σ j) =
√
(xi−v j)T Σ

−1
j (xi−v j) (4.3)

which accounts for the elliptical shape of clusters by incorporating covariance structure.
The membership values are updated iteratively using:

ui j =
1

∑
C
k=1

(
d(xi,v j,Σ j)
d(xi,vk,Σk)

) 2
m−1

(4.4)

ensuring higher membership for sentences closer to cluster centers.

4.4.4 Initialization and Membership Normalization

The membership matrix U = [ui j] is initialized with values in [0,1], satisfying the constraint:

C

∑
j=1

ui j = 1, ∀i = 1, . . . ,N (4.5)

ensuring that each sentence’s memberships across clusters sum to 1.

4.4.5 Updating Cluster Centers and Covariance Matrices

Cluster centroids v j and covariance matrices Σ j are updated at each iteration as weighted aver-
ages of the sentence embeddings, using the fuzzy memberships as weights. This allows clusters
to adapt to the data’s inherent shape and orientation.

4.4.6 Stopping Criterion

The iterative process continues until convergence, defined as when the change in membership
matrix between iterations falls below a small threshold ε:
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∥U (t+1)−U (t)∥< ε (4.6)

At convergence, the algorithm outputs final cluster centers, covariance matrices, and mem-
bership degrees for all sentences.

Algorithm 2 outlines the steps of the adapted GK fuzzy clustering approach tailored to high-
dimensional resume embeddings. The input consists of resume documents for which we com-
pute dense representations using Sentence-BERT. These embeddings are normalized and used
as input to the clustering procedure.

The fuzzy membership matrix U ∈ RN×k is randomly initialized, where N is the number
of resumes and k is the number of groups. The algorithm iteratively refines the membership
degrees and cluster centroids. Cluster centers v j are calculated as weighted averages of em-
beddings, where the weights are controlled by the fuzzyness parameter m. Distances from data
points to centers are calculated and memberships are updated accordingly. The iterations stop
when the change in the membership matrix falls below a predefined tolerance ε , or when the
maximum number of iterations is reached.

The fuzziness parameter m > 1 controls the softness of the clustering. Lower values (closer
to 1) result in crisper assignments, whereas higher values allow samples to share membership
across multiple clusters. Once optimization converges, hard labels ŷi are assigned to each
resume by selecting the cluster with the highest membership score. This procedure enables the
capture of ellipsoidal cluster shapes and uncertainty in boundary regions, which is beneficial
for semantically complex data such as resumes.

4.4.7 Time Complexity

The primary computational cost in the GK fuzzy clustering algorithm stems from the core oper-
ations being iterated: that is, computing cluster centers, calculating distances using covariance
matrices, and updating the fuzzy membership matrix. Let N denote the number of resumes, C
the number of clusters, and d the dimensionality of the Sentence-BERT embeddings.

The computation of cluster centers requires evaluating a weighted mean over all N data
points for each cluster, leading to a complexity of O(N ·C ·d). Distance computations involve
Mahalanobis-like operations, which require matrix-vector multiplications using the inverse co-
variance matrices, resulting in a complexity of O(N ·C ·d2). Updating membership degrees for
all resume-cluster pairs involves computing relative distances between clusters and contributes
O(N ·C2) complexity.
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Algorithm 2: Adapted Gustafson-Kessel (GK) fuzzy Clustering [154] on Resume
Embeddings

1: Input: Dataset of resumes D = {d1,d2, . . . ,dN}, number of clusters k, fuzziness
parameter m, max iterations max iter, error tolerance ε .

2: Output: Cluster membership matrix U and cluster labels ŷ.
3: Load dataset D from CSV file.
4: Generate embeddings for each resume using Sentence-BERT:
5: for i = 1 to N do
6: Compute embedding vector ei← Sentence-BERT(di)
7: end for
8: Normalize all embeddings {ei}.
9: Initialize membership matrix U ∈ RN×k randomly with each row summing to 1.

10: for iteration = 1 to max iter do
11: Store old membership matrix Uold←U .
12: for each cluster j = 1 to k do
13: Compute cluster center:

v j =
∑

N
i=1 um

i jei

∑
N
i=1 um

i j

14: end for
15: Compute distances di j between each embedding ei and cluster center v j.
16: Update membership degrees ui j using:

ui j =
1

∑
k
l=1

(
di j
dil

) 2
m−1

17: if ∥U−Uold∥< ε then
18: break
19: end if
20: end for
21: Assign cluster labels:

ŷi = argmax
j

ui j
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Therefore, the total time complexity per iteration of the GK algorithm is:

O(N ·C ·d2 +N ·C2)

Assuming convergence is achieved in T iterations, the overall time complexity becomes:

O
(
T · (N ·C ·d2 +N ·C2)

)
The quadratic dependence on the embedding dimension d and the number of clusters C in-

dicates that while GK is more expressive than simpler clustering algorithms, it can be computa-
tionally intensive, especially for large-scale or high-dimensional data. However, with Sentence-
BERT embeddings (typically d = 384), the method remains practical for moderate-sized data
sets.

4.4.8 Evaluation of Computational Efficiency and Clustering Validity

To comprehensively assess the performance of the proposed methodology, we employ both
computational efficiency analysis and clustering validation metrics. Clustering performance is
evaluated using a combination of internal and external validation metrics, including the Silhou-
ette Score, DBI, CHI, and ARI. Additionally, classification metrics such as Precision, Recall,
and F1 score are computed by training a surrogate classifier (e.g., Random Forest) on the clus-
tered embeddings, enabling assessment of the quality and consistency of cluster boundaries.
These metrics are particularly useful for validating the semantic separability of the formed
clusters.

A detailed explanation of each evaluation metric is presented in the following. We compare
state-of-the-art clustering methods such as k-means, Fuzzy C-Means, GMM, Agglomerative
Clustering, DBSCAN, and HDBSCAN. For further analysis, we select GK clustering as the
base clustering method. The explainability techniques are then applied to the GK clustering
results.

4.4.9 Adjusted Rand Index (ARI)

The ARI quantifies the similarity between predicted cluster assignments and ground truth labels
(if available), while correcting for chance. The ARI ranges from -1 to 1, where higher values
indicate better agreement. A value of 0 corresponds to random labeling, while 1 indicates a
perfect match. ARI is an essential metric for external validation in unsupervised learning. This
approach is grounded in the methodologies of Yeung et al. [407], Zhang et al. [418], and Yeh
et al. [405].
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4.4.10 Silhouette Score

The Silhouette Score evaluates cluster cohesion and separation by comparing intra-cluster sim-
ilarity with the nearest inter-cluster distance. It yields values between -1 and 1, with higher
scores implying more coherent and distinct clusters. This metric is particularly effective in
determining the optimal number of clusters, with the peak score often indicating the best con-
figuration. Previous studies by Shahapure and Nicholas [335] and Shutaywi et al. [339] support
its relevance in text-based clustering.

4.4.11 Davies-Bouldin Index (DBI)

The DBI assesses clustering quality by measuring the average similarity ratio of each cluster
with its most similar counterpart. Lower DBI values indicate better clustering, representing
lower intra-cluster variance and higher inter-cluster separation. This index is well suited for
internal validation and has been adopted in previous work such as Petrovic et al. [281], Xiao et
al. [395], and Jumadi et al. [175].

4.4.12 Calinski-Harabasz Index (CHI)

The CHI, also referred to as the Variance Ratio Criterion, evaluates the ratio of between-cluster
dispersion to within-cluster dispersion. Higher CHI values signify better-defined and more
compact clusters. This metric is commonly used to identify optimal cluster counts and has
been validated in studies by Maulik and Bandyopadhyay [225], Lukasik et al. [215], and Wang
et al. [382].

4.4.13 Precision, Recall, and F1 score

Table 4.9, describes the evaluation formulas. To further validate the semantic coherence of the
clustering output, we adopt supervised evaluation using a surrogate Random Forest classifier
trained on the clustered Sentence-BERT embeddings. Precision, Recall, and F1 score are com-
puted by treating cluster labels as pseudo-ground truth for classification. These metrics help
to evaluate how well clustering boundaries translate into separable decision regions. High F1
score values indicate that clusters are not only compact but also discriminative, which is crucial
for downstream applications such as resume recommendation or candidate profiling.

In the following section we are describing explainablity in the context of fuzzy clustering.
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Table 4.9: Evaluation Metrics Formulas

Metric Formula

Precision Precision =
T P

T P+FP
Recall Recall =

T P
T P+FN

F1 score F1 = 2× Precision×Recall
Precision+Recall

Note: Here, T P, FP, and FN denote true positives, false positives, and false negatives, respectively. Precision
measures the proportion of correctly predicted positive samples, Recall measures the proportion of actual positives

correctly identified, and F1 score is the harmonic mean of Precision and Recall. These metrics are standard for
evaluating classification and clustering quality when ground truth or surrogate labels are available.

4.5 Explainability in GK fuzzy Clustering

Fuzzy clustering algorithms, such as the GK method [154], assign data points to multiple clus-
ters with varying degrees of membership, allowing the modeling of complex, overlapping pat-
terns, such as semantic similarities in resume embeddings. However, soft membership values
complicate interpretability compared to hard clustering, which poses challenges in understand-
ing why points belong to specific clusters.

Explainability is essential in this context to provide transparency in the clustering process,
which is critical in domains such as recruitment, where cluster assignments impact decision
making. Interpretable insights help build trust, validate cluster quality, and reveal key features
driving cluster formation [207, 242].

To address these challenges, we propose a novel explainability framework that combines
GK fuzzy clustering with surrogate modeling and model-agnostic explanation techniques. Specif-
ically, we train a Random Forest classifier [58] on Sentence-BERT embeddings [307] using
GK cluster labels as targets. Random Forest is chosen for its strong predictive performance,
its ability to capture non-linear feature interactions, and intrinsic feature importance metrics
[205].

Description: Algorithm 3 outlines the process of generating explainability for the GK fuzzy
clustering results using LIME. Since GK clustering produces soft cluster memberships based
on complex embeddings, direct interpretation is challenging. To address this, we first train a
surrogate Random Forest classifier that learns to predict the cluster labels generated by GK
clustering from the resume embeddings. This surrogate model serves as an interpretable proxy
that approximates the decision boundaries as found by GK.

Next, LIME is applied on this surrogate classifier to provide local explanations for indi-
vidual samples. By perturbing the embedding of the target sample es, LIME estimates the
impact of each embedding feature (dimension) on the cluster assignment predicted by the sur-
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Algorithm 3: Explainability of GK fuzzy Clustering with LIME
Input: Embeddings {ei}, cluster labels {ŷi} from GK clustering, sample index s to
explain.

2: Output: LIME explanation for cluster membership of sample s.
Train a surrogate Random Forest classifier F :

F : ei→ ŷi

4: Initialize LIME explainer on embedding space with feature names corresponding to
embedding dimensions.
Select sample embedding es for explanation.

6: Generate LIME explanation by perturbing es and querying classifier F to approximate
local decision boundary.
Save or visualize the explanation results (e.g., feature importance contributing to cluster
assignment).

rogate model. This process reveals which aspects of the embedding space most influence the
membership decision for that particular resume.

Algorithm 4: Explainability of GK fuzzy Clustering with SHAP
Input: Embeddings {ei}, cluster labels {ŷi} from GK clustering, sample index s to
explain.
Output: SHAP explanation for cluster membership of sample s.

3: Train a surrogate Random Forest classifier F :

F : ei→ ŷi

Initialize SHAP explainer (e.g., TreeExplainer) on classifier F .
Select sample embedding es for explanation.

6: Compute SHAP values for es to quantify feature contributions to the predicted cluster.
Save or visualize the SHAP explanation results (e.g., feature importance contributing to
cluster assignment).

Description: Algorithm 4 illustrates the process of explaining GK fuzzy clustering results
by leveraging SHAP (SHapley Additive exPlanations) values on a surrogate Random Forest
classifier. Due to the complexity of GK clustering’s soft membership assignments in high-
dimensional embedding spaces, direct interpretability is difficult

To overcome this, a surrogate Random Forest model is trained to predict cluster labels ob-
tained from GK clustering, effectively approximating the clustering decision function. SHAP
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is then applied to this surrogate model to compute Shapley values, which quantify the contri-
bution of each embedding feature to the prediction for individual samples.

By calculating SHAP values for the embedding of a target sample, we obtain a global and
local explanation framework that provides theoretically grounded and consistent attributions
of importance of features. This approach facilitates a transparent understanding of how each
dimension in the embedding influences the cluster membership, enabling domain experts and
stakeholders to trust and validate the fuzzy clustering results more effectively.

The outcome is a set of feature importance scores or visualizations that help stakeholders
understand the rationale behind cluster assignments in an interpretable way, enhancing trust
and facilitating deeper insights into the fuzzy clustering results.

On this surrogate model, we apply LIME [310] and SHAP [216] to provide complementary
local and global interpretability. LIME approximates local decision boundaries with simple
interpretable models, while SHAP offers consistent and theoretically grounded feature attribu-
tions based on cooperative game theory.

This integrated approach enhances transparency and fine-grained understanding of fuzzy
cluster assignments in the high-dimensional embedding space. Also, it bridges the gap be-
tween sophisticated fuzzy clustering and practical explainability, empowering stakeholders to
understand not only which resumes group together but also the underlying semantic reasons
thus improving trust, accountability, and utility in AI-driven resume profiling.

The experimental results and analyses are discussed in Section 4.6.

4.6 Experimental Results

This section presents a comprehensive evaluation of clustering methods applied to resume data
represented via Sentence-BERT embeddings generated from summarized text. The GK fuzzy
clustering algorithm, proposed as the base model, is compared with widely used clustering
techniques including FCM, k-means, GMM, and Agglomerative Clustering. Evaluation met-
rics include cluster quality indices, Silhouette Score, DBI, CHI, and ARI, as well as external
clustering metrics such as precision, recall, and F1 score, based on comparisons with true re-
sume categories.

4.6.1 Dataset and Experimental Setup

Experiments were conducted on the publicly available Kaggle resume dataset1, consisting of
962 English-language resumes covering various professional categories. After removing in-

1https://www.kaggle.com/datasets/gauravduttakiit
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complete or noisy entries, the data set was used for summarization, embedding, and clustering
analysis.

All experiments were performed on a machine with an Intel Core i5 processor, 16 GB
RAM, running Ubuntu 22.04. The implementation was done in Python 3.9.12 using the follow-
ing libraries: transformers, sentence-transformers, scikit-learn, pandas, numpy,
matplotlib, lime, and shap. This environment supported efficient execution of embedding
generation, clustering, and explainability analysis on summarized resume data.

4.6.2 Clustering Results without Summarization

Table 4.6 presents the performance of hierarchical clustering applied directly upon full resume
embeddings without any summarization. Key observations include: Lower distance thresholds
(e.g. 0.50) lead to a higher number of clusters (31) with improved precision (0.42) and F1 score
(0.47), while higher thresholds (e.g., 0.65) produce fewer clusters (12) with increased recall
(0.72) but reduced precision (0.25) and F1 score (0.37). These results highlight the trade-off
between cluster granularity and performance when clustering on raw embeddings, indicating
the potential limitations of unsummarized data and motivating the use of summarization to
enhance cluster quality.

4.6.3 Clustering Results using k-means on Summarized Resumes

Table 4.7 reports the clustering performance of k-means applied to summarized resume embed-
dings at different cosine distance thresholds. Key observations include: the highest B-Cubed
F1 score (0.46) and ARI (0.315) were achieved with 62 clusters at a distance threshold of 0.50.
At 48 clusters (threshold 0.55), a balanced precision (0.52) and recall (0.39) resulted in an F1
score of 0.44 and a notably high ARI of 0.298. These results demonstrate that summarization
combined with k-means clustering yields better cluster quality, effectively capturing meaning-
ful groupings within the resume data, as validated by consistent increases in the B-Cubed F1
and ARI metrics.

4.6.4 Clustering Results using BM25-TextRank on Summarized Resumes

Table 4.8 presents the clustering performance of the BM25-TextRank summarization method
applied before clustering on resume data, evaluated at various cosine distance thresholds. Key
observations include: The highest B-Cubed F1 score (0.37) and ARI (0.236) were achieved
with 18 clusters at a distance threshold of 0.65. Although precision values remain moderate,
recall is consistently higher (up to 0.65 at 9 clusters), indicating that the clustering effectively
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groups relevant resumes despite some precision trade-offs. These results highlight the effec-
tiveness of BM25-TextRank summarization. The summarization has better cluster quality and
focus on semantically important resume content, resulting in improved grouping coherence,
reflected in the increase in F1 score and ARI metrics.

After summarization, by using Sentence-BERT and normalization embeddings, dense vec-
tor representations were produced. We then applied the GK fuzzy clustering algorithm on
these normalized embeddings and evaluated the clustering quality using metrics such as Sil-
houette Score, DBI, CHI, Precision, Recall, F1 score, and ARI. The performance of GK fuzzy
clustering was compared against state-of-the-art clustering methods including FCM, k-means,
GMM, Agglomerative clustering, DBSCAN and HDBSCAN to demonstrate its effectiveness
in capturing the semantic structure of the summarized resume data.

4.6.5 Clustering Quality Evaluation

Tables 4.10 and 4.11 report the clustering quality measures across varying numbers of clusters
(3, 10, 15, 25, 30) using the above metrics. The GK fuzzy clustering (Table 4.10, with fuzziness
parameter m = 1.5) exhibits robust performance with relatively stable Silhouette scores and
competitive ARI values across cluster sizes. Although GK does not always achieve the highest
Silhouette scores or lowest DBI, its soft clustering nature allows nuanced cluster membership
that can capture resume similarities better than hard clustering in certain contexts.

In contrast, k-means and Agglomerative clustering consistently demonstrate higher Silhou-
ette Scores and ARI values, indicating tighter, well-separated clusters and better alignment with
ground truth labels. GMM performs well for moderate cluster sizes, but lags at smaller cluster
counts. FCM shows lower overall scores, possibly due to its fuzziness setting and sensitivity
to initialization.

Table 4.11, which reports similar metrics with a different fuzziness parameter m = 2.0 for
GK, confirms the robustness of GK across parameters. The results confirm the ability of GK
to maintain meaningful cluster structures despite fuzziness adjustment, although the highest
clustering indices remain with k-means and aggregative methods.

4.6.6 Clustering Accuracy Evaluation

Tables 4.12 and 4.13 for the cluster assignments, precision, recall, F1 score, and ARI are pre-
sented and compared against true resume categories, with Table 4.13 excluding density-based
methods such as DBSCAN and HDBSCAN for direct comparison.

The results show that k-means and Agglomerative clustering achieve the highest F1 scores
and ARI values, especially as the number of clusters increases, reflecting their effectiveness in
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Table 4.10: Comparison of clustering methods (GK, FCM, KMeans, GMM, Agglomerative)
evaluated using Silhouette Score, DBI, CHI, and ARI on resume data.

Method Clusters Silhouette DBI CHI ARI
GK 3 0.013 3.005 54.542 0.031

10 -0.023 2.513 26.348 0.035
15 -0.022 2.399 30.174 0.031
25 0.017 2.456 28.071 0.037
30 -0.020 2.972 31.969 0.048

FCM 3 -0.008 3.056 48.866 0.032
10 0.017 3.115 34.359 0.080
15 0.025 3.084 32.278 0.089
25 0.028 3.500 33.026 0.109
30 0.001 2.970 29.084 0.090

k-means 3 0.070 2.755 78.104 0.073
10 0.099 2.395 46.773 0.198
15 0.128 2.043 41.557 0.233
25 0.198 1.710 38.116 0.312
30 0.215 1.464 35.125 0.272

GMM 3 0.284 2.080 43.355 0.008
10 0.086 2.621 39.509 0.220
15 0.120 2.184 35.385 0.247
25 0.141 1.732 32.907 0.251
30 0.170 1.599 31.905 0.257

Agglomerative 3 0.055 2.910 67.721 0.082
10 0.102 2.243 49.939 0.174
15 0.148 1.860 44.741 0.193
25 0.194 1.523 41.206 0.271
30 0.232 1.523 41.027 0.338

DBSCAN 3 0.382 0.474 24.580 0.001
DBSCAN 9 0.307 1.032 28.204 0.007
DBSCAN 17 0.233 1.113 24.148 0.015

HDBSCAN 2 -0.100 3.381 19.024 0.024
HDBSCAN 9 -0.054 2.070 12.606 0.035
HDBSCAN 16 -0.021 1.798 11.074 0.031

Note: This table reports clustering performance on resume data using various unsupervised meth-
ods. Evaluation metrics include Silhouette Score, Davies–Bouldin Index (DBI), Calinski–Harabasz In-
dex (CHI), and Adjusted Rand Index (ARI). The GK method (Gustafson–Kessel fuzzy clustering) demon-
strates consistent robustness across cluster sizes, while k-means and Agglomerative clustering exhibit
strong performance in terms of ARI and Silhouette Score. GK was implemented using a custom class:
GK FuzzyClustering(n clusters=3, m=1.5, max iter=100, error=1e-5). Parameters for DB-
SCAN and HDBSCAN (eps = 0.80, 0.60, 0.50, (min cluster size = 3, 9, 17) min samples =

5) and HDBSCAN (eps = 0.20, 0.14, 0.11 (min cluster size = 2, 9, 16) were tuned to approx-
imate the target number of clusters. All results are based on Sentence-BERT embeddings of the resume data.
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Table 4.11: Clustering Comparison Results on resume data with Silhouette Score, DBI, CHI,
and ARI.

Method Clusters Silhouette DBI CHI ARI
GK 3 0.063 3.338 51.134 0.033

10 0.004 3.348 39.306 0.057
15 -0.018 3.132 34.532 0.038
25 -0.029 3.011 31.327 0.078
30 -0.011 2.835 34.765 0.047

FCM 3 0.065 2.921 44.224 0.028
10 0.028 3.370 41.091 0.043
15 -0.003 3.119 36.203 0.049
25 0.017 3.138 35.930 0.072
30 0.012 3.104 28.019 0.083

k-means 3 0.070 2.755 78.104 0.073
10 0.099 2.395 46.773 0.198
15 0.128 2.043 41.557 0.233
25 0.198 1.710 38.116 0.312
30 0.215 1.464 35.125 0.272

GMM 3 0.284 2.080 43.355 0.008
10 0.086 2.621 39.509 0.220
15 0.120 2.184 35.385 0.247
25 0.141 1.732 32.907 0.251
30 0.170 1.599 31.905 0.257

Agglomerative 3 0.055 2.910 67.721 0.082
10 0.102 2.243 49.939 0.174
15 0.148 1.860 44.741 0.193
25 0.194 1.523 41.206 0.271
30 0.232 1.523 41.027 0.338

DBSCAN 3 0.382 0.474 24.580 0.001
DBSCAN 9 0.307 1.032 28.204 0.007
DBSCAN 17 0.233 1.113 24.148 0.015

HDBSCAN 2 -0.100 3.381 19.024 0.024
HDBSCAN 9 -0.054 2.070 12.606 0.035
HDBSCAN 16 -0.021 1.798 11.074 0.031

Note: This table reports clustering performance on resume data using various unsupervised meth-
ods. Evaluation metrics include Silhouette Score, Davies–Bouldin Index (DBI), Calinski–Harabasz
Index (CHI), and Adjusted Rand Index (ARI). The GK method (GK fuzzy clustering) demon-
strates consistent robustness across cluster sizes, while k-means and Agglomerative clustering ex-
hibit strong performance in terms of ARI and Silhouette Score. GK was implemented using a cus-
tom class: GK FuzzyClustering(n clusters=3, m=2.0, max iter=100, error=1e-5). Pa-
rameters for DBSCAN and HDBSCAN (eps = 0.80, 0.60, 0.50, (min cluster size = 3, 9,

17) min samples = 5) and HDBSCAN (eps = 0.20, 0.14, 0.11 (min cluster size = 2, 9,

16) were tuned to approximate the target number of clusters. All results are based on Sentence-BERT
embeddings of the resume data.
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Table 4.12: Evaluation of clustering methods on resume data using Precision, Recall, F1 score,
and ARI.

Method Clusters Precision Recall F1 score ARI
GK 3 0.027 0.121 0.040 0.052

10 0.076 0.144 0.075 0.044
15 0.083 0.139 0.068 0.047
25 0.074 0.115 0.054 0.032
30 0.129 0.192 0.115 0.091

FCM 3 0.026 0.146 0.044 0.072
10 0.093 0.139 0.070 0.041
15 0.063 0.183 0.083 0.104
25 0.085 0.173 0.096 0.071
30 0.076 0.189 0.102 0.090

k-means 3 0.028 0.156 0.047 0.073
10 0.234 0.315 0.213 0.198
15 0.410 0.380 0.321 0.233
25 0.581 0.459 0.441 0.312
30 0.538 0.415 0.396 0.272

GMM 3 0.054 0.131 0.059 0.008
10 0.226 0.352 0.256 0.220
15 0.404 0.428 0.355 0.247
25 0.494 0.387 0.345 0.251
30 0.510 0.412 0.394 0.257

Agglomerative 3 0.029 0.166 0.050 0.082
10 0.288 0.320 0.251 0.174
15 0.438 0.361 0.321 0.193
25 0.528 0.424 0.399 0.271
30 0.538 0.457 0.438 0.338

DBSCAN 3 0.001 0.038 0.002 0.001
DBSCAN 9 0.001 0.031 0.001 0.007
DBSCAN 17 0.000 0.008 0.000 0.015

HDBSCAN 2 0.000 0.000 0.000 0.024
HDBSCAN 9 0.000 0.000 0.000 0.035
HDBSCAN 16 0.000 0.000 0.000 0.031

Note: This table reports clustering performance on resume data using various unsupervised methods. Evalua-
tion metrics include Precision, Recall, F1-score, and Adjusted Rand Index (ARI). The GK method (GK fuzzy
clustering) demonstrates consistent robustness across cluster sizes, while k-means and Agglomerative cluster-
ing exhibit strong performance in terms of ARI and Silhouette Score. GK was implemented using a custom
class: GK FuzzyClustering(n clusters=3, m=1.5, max iter=100, error=1e-5). Parameters for
DBSCAN and HDBSCAN (eps = 0.80, 0.60, 0.50, (min cluster size = 3, 9, 17) min samples

= 5) and HDBSCAN (eps = 0.20, 0.14, 0.11 (min cluster size = 2, 9, 16) were tuned to ap-
proximate the target number of clusters. All results are based on Sentence-BERT embeddings of the resume
data.
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Table 4.13: Evaluation of clustering methods on resume data using Precision, Recall, F1 score,
and ARI.

Method Clusters Precision Recall F1 score ARI
GK 3 0.024 0.116 0.037 0.038

10 0.052 0.152 0.064 0.061
15 0.061 0.169 0.080 0.060
25 0.094 0.147 0.088 0.042
30 0.136 0.154 0.099 0.044

FCM 3 0.033 0.116 0.043 0.034
10 0.055 0.143 0.064 0.059
15 0.068 0.144 0.077 0.044
25 0.097 0.223 0.127 0.105
30 0.081 0.164 0.093 0.059

k-means 3 0.028 0.156 0.047 0.073
10 0.234 0.315 0.213 0.198
15 0.410 0.380 0.321 0.233
25 0.581 0.459 0.441 0.312
30 0.538 0.415 0.396 0.272

GMM 3 0.054 0.131 0.059 0.008
10 0.226 0.352 0.256 0.220
15 0.404 0.428 0.355 0.247
25 0.494 0.387 0.345 0.251
30 0.510 0.412 0.394 0.257

Agglomerative 3 0.029 0.166 0.050 0.082
10 0.288 0.320 0.251 0.174
15 0.438 0.361 0.321 0.193
25 0.528 0.424 0.399 0.271
30 0.538 0.457 0.438 0.338

DBSCAN 3 0.001 0.038 0.002 0.001
DBSCAN 9 0.001 0.031 0.001 0.007
DBSCAN 17 0.000 0.008 0.000 0.015

HDBSCAN 2 0.000 0.000 0.000 0.024
HDBSCAN 9 0.000 0.000 0.000 0.035
HDBSCAN 16 0.000 0.000 0.000 0.031

Note: This table reports clustering performance on resume data using various unsupervised methods. Evalua-
tion metrics include Precision, Recall, F1-score, and Adjusted Rand Index (ARI). The GK method (GK fuzzy
clustering) demonstrates consistent robustness across cluster sizes, while k-means and Agglomerative cluster-
ing exhibit strong performance in terms of ARI and Silhouette Score. GK was implemented using a custom
class: GK FuzzyClustering(n clusters=3, m=2.0, max iter=100, error=1e-5). Parameters for
DBSCAN and HDBSCAN (eps = 0.80, 0.60, 0.50, (min cluster size = 3, 9, 17) min samples

= 5) and HDBSCAN (eps = 0.20, 0.14, 0.11 (min cluster size = 2, 9, 16) were tuned to ap-
proximate the target number of clusters. All results are based on Sentence-BERT embeddings of the resume
data.
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hard partitioning of resume data. GMM also shows competitive accuracy metrics at moderate
cluster counts.

Importantly, GK fuzzy clustering, while generally lower in hard clustering accuracy met-
rics, provides consistent performance with stable Precision and Recall values across cluster
sizes. This consistency indicates the strength of GK in modeling overlapping clusters, which
is beneficial for resume data where profiles may share multiple skill sets or experiences. FCM
similarly demonstrates soft clustering benefits but slightly lower overall accuracy.

4.6.7 Validation of Base Model

Based on extensive evaluations, it is seen that choice of GK fuzzy clustering algorithm as the
base model for this study is validated due to its strong balance between clustering quality and
interpretability. When combined with resume summarization and Sentence-BERT embeddings,
GK effectively captures semantic relationships and provides nuanced cluster assignments es-
sential for downstream explainability.

While hard clustering methods such as k-means and Agglomerative clustering achieve
higher numeric clustering indices and accuracy scores, the fuzzy approach of GK delivers
richer information about cluster boundaries and degrees of membership, which aligns well with
the complex, overlapping nature of skills in resume data. This makes GK particularly suitable
for resume profiling and recommendation tasks where explainability and cluster overlap are
important.

We also compared GK with state-of-the-art density-based clustering methods like DB-
SCAN and HDBSCAN on the same resume embeddings. Although these methods are adept at
detecting clusters of varying densities, their performance was suboptimal in this high-dimensional,
semantically rich embedding space. They exhibited sensitivity to parameter settings, frequently
producing numerous small or noisy clusters and lower clustering quality metrics compared to
GK. Moreover, density-based clustering struggled to handle the fuzzy and overlapping cluster
structure inherent in resume data. In contrast, GK’s capability to model cluster covariance and
assign soft memberships resulted in more coherent and meaningful clusters, which justifies its
choice as the base clustering method in this study.

4.6.8 Statistical Significance Analysis

To assess whether the observed differences in clustering performance are statistically signif-
icant, we conducted a non-parametric Friedman test [278] using F1 score values across five
clustering algorithms—GK, FCM, KMeans, GMM, and Agglomerative—evaluated at five dif-
ferent cluster sizes (3, 10, 15, 25, and 30). The test yielded a Friedman statistic of 15.59 with a
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corresponding p-value of 0.0036, indicating a statistically significant difference in performance
among the methods (p < 0.01).

To identify which algorithm pairs differ significantly, we applied a post-hoc [43] Nemenyi
test. As shown in Table 4.14, the difference between GK/FCM and GMM was marginally
significant (p ≈ 0.054). Although KMeans and Agglomerative methods demonstrated supe-
rior F1 scores, their pairwise differences with GK and FCM were not statistically significant
(p > 0.05), suggesting comparable performance among the top-performing methods.

The Friedman and Nemenyi tests are well-suited for this analysis as they do not assume
normality and accommodate repeated measures across multiple clustering configurations.

Table 4.14: Post-hoc Nemenyi test p-values for F1 score comparisons across clustering meth-
ods.

Method GK FCM k-means GMM Agglomerative
GK 1.000 0.900 0.179 0.054 0.070

FCM 1.000 0.179 0.054 0.070
k-means 1.000 0.900 0.900
GMM 1.000 0.900

Agglomerative 1.000

Note: The lower triangle is omitted for symmetry. Bold entries (if any) would denote significant differences at

p < 0.05. Marginal significance is observed between GK/FCM and GMM.

Friedman Test Results: The Friedman test yielded statistically significant differences
among clustering methods for all three evaluation metrics:

• Precision: χ2(4) = 13.21, p = 0.0103

• ARI: χ2(4) = 12.00, p = 0.0174

• Silhouette Score: χ2(4) = 12.96, p = 0.0115

Since p < 0.05 in all cases, we reject the null hypothesis that all clustering methods per-
form equally. These results confirm that the observed differences in clustering quality across
methods are statistically significant.

Post-hoc Nemenyi Test Results: The Nemenyi test further identifies where these differ-
ences lie:

• For Precision, the GK method is significantly outperformed by Agglomerative clustering
(p = 0.0166) and KMeans (p = 0.054), though the latter is marginal.

• For ARI, GK trails behind Agglomerative and KMeans with marginal significance (p =

0.1154 vs Agglomerative).
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• For Silhouette Score, GK is significantly lower than both KMeans (p = 0.0227) and
Agglomerative (p = 0.0409).

Although DBSCAN and HDBSCAN are important density-based clustering methods, they
were excluded from the Friedman and Nemenyi statistical tests due to the lack of consistent
cluster size control and unbalanced parameter settings across methods. Nevertheless, their
average performance scores are reported separately for completeness and insight.

Interpretation: Despite GK’s lower numerical performance on some metrics, its strength
lies in soft clustering interpretability and flexibility for explainable AI (XAI) integration. The
statistical tests support that k-means and Agglomerative clustering outperform GK in certain
metrics. However, the trade-off between performance and interpretability justifies the selection
of GK for surrogate modeling using Random Forest, followed by LIME and SHAP explana-
tions.

These findings reinforce that our proposed pipeline, which combines summarization, BERT
embeddings, and GK fuzzy clustering, offers a practical balance between clustering perfor-
mance and model explainability.

4.6.9 Ablation Study on GK Fuzzy Clustering Hyperparameters

To further optimize the performance of the chosen GK fuzzy clustering algorithm, we con-
ducted an ablation study by fine-tuning its key hyperparameters: the number of clusters (nclusters),
the fuzziness parameter (m), the maximum number of iterations (max iter), and the conver-
gence tolerance (error). The objective was to identify the configuration that maximizes clus-
tering quality on resume embeddings. A detailed account of this ablation study, including
extensive experimental results and validation metrics, is provided in the supplementary file. Ta-
ble 4.15 summarizes the top five hyperparameter configurations based on the Silhouette Score,
alongside their DBI Index and CHI Index values.

The results demonstrate that the adjustment of the number of clusters and the fuzziness pa-
rameter has a significant impact on cluster quality. Lower values of m (closer to 1.5) tend to pro-
duce better-defined clusters, as indicated by higher Silhouette Scores and Calinski–Harabasz
values, and lower Davies–Bouldin Index. Furthermore, limiting the maximum iterations to 50
and setting a strict convergence tolerance of 10−5 allows the algorithm to efficiently converge
without sacrificing cluster performance.

Overall, this ablation study provides valuable insights into the sensitivity of GK fuzzy
clustering to its hyperparameters and supports the selection of the optimal configuration for
subsequent explainability analyses.
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Table 4.15: Ablation study of top 5 configurations based on Silhouette Score for Gustafson-
Kessel fuzzy clustering.

Index nclusters m max iter error Silhouette Score DBI CHI
2 2 1.5 50 1×10−5 0.171857 3.203249 91.872072

10 2 2.0 50 1×10−4 0.169906 3.214999 91.233668
4 2 1.5 100 1×10−4 0.166911 3.216605 91.263223
7 2 1.5 200 1×10−4 0.160934 3.240142 89.931138
43 3 2.0 200 1×10−4 0.157765 3.240592 89.817984

Note: The best configuration was found with nclusters = 2, m = 1.5, max iter = 50, and error = 1× 10−5,
achieving a Silhouette Score of 0.172, a Davies–Bouldin Index of 3.20, and a Calinski–Harabasz Index of
91.87. These results indicate relatively compact and well-separated clusters for the resume embeddings.

4.6.10 Visualization of GK Fuzzy Clustering Results

Figure 4.5 presents the clustering results obtained by applying the GK fuzzy clustering algo-
rithm on the summarized resume embeddings. The clustering used the optimized hyperparam-
eters: error tolerance of 0.0001, fuzzifier m = 1.5, maximum iterations of 500, and a cluster
count of 4. The cluster quality is supported by the evaluation metrics, with a Silhouette Score
of 0.4089 indicating reasonable cohesion and separation, a Davies–Bouldin Index of 0.7669
showing well-defined clusters, and a Calinski–Harabasz Index of 161.84 reflecting compact
cluster structures. This visualization confirms the effectiveness of GK fuzzy clustering in iden-
tifying meaningful groupings in the resume data.

Figure 4.6 shows visualization after t-SNE dimensionality reduction for the clustering ap-
plied on resume embeddings. The figure compares five clustering algorithms, k-means, GMM,
Agglomerative Clustering, FCM, and GK Fuzzy Clustering, highlighting their cluster assign-
ments and structural differences. GK clustering, configured with a fuzziness parameter m= 1.5
and maximum iterations of 500, shows more distinct and well-separated clusters compared to
other methods. This qualitative visualization supports the quantitative metrics, demonstrat-
ing the superior cluster cohesion and separation achieved by the GK method on summarized
resume embeddings.

Figure 4.7 visualizes the clustering outcomes of resume embeddings after t-SNE dimen-
sionality reduction. The figure compares DBSCAN and HDBSCAN results with those from
GK fuzzy clustering. The GK clustering, configured with a fuzziness parameter m = 1.5 and
a maximum of 500 iterations, produces more distinct and well-separated clusters compared
to the density-based methods. This qualitative visualization supports the quantitative metrics,
demonstrating the superior cluster cohesion and separation achieved by the GK method on
summarized resume embeddings.

76



4.6 Experimental Results

Figure 4.5: Gustafson–Kessel fuzzy clustering results on resume data using optimal parame-
ters: error = 0.0001, fuzzifier m = 1.5, max iter = 500, and number of clusters = 4. Evaluation
metrics: Silhouette Score = 0.4089, Davies–Bouldin Index = 0.7669, and Calinski–Harabasz
Index = 161.84.
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Figure 4.6: Comparison of clustering results on resume embeddings reduced to three dimen-
sions using t-SNE for visualization. The subplots show cluster assignments produced by five
algorithms: k-means, Gaussian Mixture Model (GMM), Agglomerative Clustering, Fuzzy C-
Means (FCM, with default fuzziness m = 2.0), and GK Fuzzy Clustering (with fuzziness
m = 1.5 and max iter = 500). The visualization highlights differences in cluster compact-
ness, separation, and overall structure across methods, facilitating qualitative assessment of
their performance on resume data.
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Figure 4.7: Comparison of clustering results on resume embeddings reduced to three dimen-
sions using t-SNE for visualization. The subplots show cluster assignments produced by
two density-based clustering algorithms—DBSCAN and HDBSCAN—with varying param-
eter settings. Specifically, DBSCAN was evaluated with ε = 0.3 and ε = 0.5, yielding 66
and 4 clusters respectively, with ARI scores of 0.182 and 0.000. HDBSCAN was tested with
min cluster size values of 5, 10, and 15, resulting in 96, 19, and 11 clusters, and cor-
responding ARI scores of 0.307, 0.650, and 0.657. The visualizations illustrate how cluster
structures and separability vary based on the algorithm and parameter choice.

4.6.11 Limitations of Existing Methods and Justification for GK

Despite the availability of numerous clustering techniques, each method exhibits specific lim-
itations when applied to high-dimensional, semantically rich text data such as resume embed-
dings. Figure 4.8 shows the average semantic similarity within clusters.

k-means and Agglomerative Clustering are hard clustering algorithms that assume spheri-
cal or isotropic cluster shapes and assign each data point to a single cluster. This is unsuitable
for resume data, where skill overlaps and ambiguous boundaries are common. Moreover, k-
means is sensitive to initial centroid selection and may converge to suboptimal local minima.

GMM support elliptical clusters and soft memberships, but assume Gaussian distribution
of data, which may not hold for embedding spaces produced from natural languages. Its per-
formance is heavily dependent on the number of components and initialization parameters,
leading to risks of overfitting or underfitting.

FCM allows fuzzy assignments but assumes clusters of similar shapes and sizes and lacks
adaptive modeling of cluster covariance. This reduces its ability to capture complex semantic
structures in high-dimensional embeddings.

DBSCAN and HDBSCAN are density-based clustering methods effective for identify-
ing clusters with varying densities but are highly sensitive to parameters such as eps and
min samples. On high-dimensional resume embeddings, these methods often produce noisy
or fragmented clusters. Additionally, they lack soft assignment mechanisms, which limits their
utility in applications requiring nuanced interpretations of overlapping profiles.

Justification for GK Fuzzy Clustering: The resume domain features significant semantic
overlap and complex cluster shapes, making fuzzy clustering a natural choice. Among fuzzy
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Figure 4.8: Average semantic similarity within each cluster obtained from the GK fuzzy clus-
tering algorithm applied to normalized resume embeddings. Similarity is computed as the mean
pairwise cosine similarity among resumes in the same cluster. Higher values indicate more co-
hesive and semantically consistent clusters. This visualization assesses the internal consistency
of clusters in the latent embedding space.
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clustering algorithms, the GK method was selected due to its ability to model anisotropic,
non-spherical clusters through adaptive covariance matrices, enabling it to capture elliptical
structures in high-dimensional embedding spaces more effectively than traditional Fuzzy C-
Means (FCM) or Possibilistic C-Means (PCM). While kernel-based fuzzy clustering methods
also provide flexibility, GK offers a favorable balance between interpretability and computa-
tional efficiency for our dataset and application. Clustering being unsupervised and sensitive to
parameter choices, we performed an extensive ablation study to validate the impact of hyperpa-
rameters on clustering quality. Our selection is further supported by [264], which demonstrates
that GK enhances the adaptability of fuzzy clustering models such as Possibilistic Fuzzy C-
Means (PFCM). Overall, the superior clustering quality and adaptability of GK justify its use
in this work.

4.6.12 Explainability of GK fuzzy Clustering via Surrogate Modeling

After selecting the GK fuzzy clustering algorithm as the base model, we applied explainability
techniques to interpret the clustering results and understand the key features influencing cluster
assignments. Given the unsupervised nature of GK clustering, a Random Forest classifier was
trained as a surrogate model to approximate the cluster labels generated by GK. The surrogate
Random Forest model enabled the application of model-agnostic explanation methods LIME
and SHAP to interpret the clustering results. LIME provides local explanations by approxi-
mating the surrogate model with an interpretable local model, highlighting features influencing
individual cluster assignments. SHAP offers both local and global interpretability by quantify-
ing contribution of features based on cooperative game theory.

We first applied LIME to the surrogate model, which achieved perfect fidelity (accuracy
= 1.0), ensuring reliable and meaningful explanations. Across five runs on sample 0, the top
10 features consistently identified key embedding dimensions that influence cluster assign-
ment. LIME consistently identified key embedding features contributing to cluster assign-
ment. The common stable features included -0.01 < dim 378 <= 0.02, dim 327 > 0.07,
dim 298 <= -0.04, dim 30 <= -0.04, and dim 132 > 0.07, alongside other important di-
mensions such as dim 136 <= -0.05, dim 236 > 0.01, 0.03 < dim 63 <= 0.05, -0.02
< dim 125 <= 0.01, and dim 382 > -0.03. Their corresponding weights highlighted their
significant influence in the local decision-making process of cluster assignments. Figure 4.9
describes LIME explanations for resume (sample) 0.

Following LIME, we utilized SHapley Additive exPlanations (SHAP) to obtain both global
and local interpretability. SHAP values computed for sample 0 showed remarkable stability
across multiple runs, consistently highlighting key embedding dimensions such as dim 303 =

0.773, dim 132 = 0.08805, dim 215 = 0.021, dim 154 = 0.01669, dim 270 = -0.06069,
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dim 136 = -0.07009, and dim 293 = -0.1244. The base value for the model output was
0.3897. Figure 4.10 describes SHAP explanations for resume (sample) 0. This consistency
reinforces the robustness of the surrogate model’s feature attributions and the significance of
these features in cluster separation.

Together, LIME and SHAP analyses provide a comprehensive understanding of both local
and global decision patterns within the clustering framework. These explainability methods re-
vealed the key semantic features that influence the assignments of the clusters, which confirms
the internal coherence of the GK-based clusters. By highlighting how specific resume charac-
teristics contribute to clustering outcomes, the approach enhances transparency and supports
informed, interpretable decision-making in real-world recruitment scenarios.

Figure 4.9: LIME explanation for sample 0 showing the top stable features contributing to
cluster assignment in the surrogate Random Forest model.

Figure 4.10: SHAP analysis highlighting key global and local feature contributions for sample
0.
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4.6.13 HR Decision Support

The integration of Explainable AI (XAI) with GK fuzzy clustering enhances Human Resource
(HR) decision-making by providing interpretable, data-driven insights. LIME and SHAP ex-
planations reveal the key features— such as skill sets, job titles, and education— that influence
candidate grouping, offering transparency in the clustering process. This helps HR profession-
als understand the rationale behind automated decisions and supports informed shortlisting by
verifying whether a candidate aligns with the intended job role. Additionally, the interpretabil-
ity allows for bias detection, helping identify and mitigate unintended influences like location
or gender-biased terms. By enabling trust and accountability through transparent explanations,
the system increases user confidence in adopting AI-driven recommendations. Finally, LIME
and SHAP support human-in-the-loop validation, allowing recruiters to override or validate
clustering results, thereby maintaining explainability and auditability in hiring decisions. Re-
cent studies [125, 293, 314, 399] demonstrate that explainable AI techniques improve trans-
parency and fairness in HR processes, supporting our findings.

4.6.14 Limitations and Future Work

While the Gustafson-Kessel (GK) clustering algorithm outperforms traditional fuzzy methods
such as FCM, it exhibits limitations when applied to resume data. Specifically, GK can struggle
to maintain consistent cluster quality in the presence of imbalanced, high-dimensional, or noisy
data. Additionally, its higher computational cost may limit scalability for large datasets.

Future work may address these challenges by exploring hybrid clustering frameworks that
combine GK with more efficient or noise-resilient methods. For instance, integrating GK’s
capacity for modeling adaptive shapes with the scalability of k-means or the probabilistic
strengths of GMM could yield more robust and efficient clustering outcomes. Enhancing these
frameworks with explainability tools like SHAP or LIME would further improve transparency,
which is critical for high-stakes domains like recruitment.

Graph-based clustering methods also represent a promising direction, as they are well-
suited for to capture complex semantic relationships inherent in resume data. These methods
could improve both cluster cohesion and interpretability in datasets characterized by rich inter-
connections among candidate profiles.

Additionally, incorporating bias and fairness auditing mechanisms is essential to detect and
mitigate the influence of protected attributes such as gender or location. Empirical validation
through user studies with HR professionals can further assess the system’s usability and deci-
sion support capabilities.

Lastly, future research could explore the use of Large Language Models (LLMs), such as
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GPT-4o, to generate natural language explanations at the cluster level. Although promising,
this approach requires addressing challenges related to hallucination and computational cost.
In general, these directions aim to enhance the robustness, fairness, and real-world applicability
of explainable clustering systems in HR and related fields.

4.7 Conclusion

This chapter presents a novel explainable AI framework for clustering and summarizing re-
sumes, specifically designed for data-driven industrial applications. Here we see that, Gustafson-
Kessel (GK) fuzzy clustering algorithm in conjunction with embedding-based summarization
and Local Interpretable Model-agnostic Explanations (LIME), effectively addresses challenges
inherent in resume data, such as high dimensionality, semantic complexity, and weak fea-
ture correlations. Extensive evaluation on resume datasets using metrics like Davies-Bouldin
Index (DBI), Calinski-Harabasz Index (CHI), Silhouette Score, Precision, Recall, and F1-
Score demonstrates that the GK algorithm consistently outperforms traditional clustering tech-
niques, including K-means, Gaussian Mixture Models, Agglomerative Clustering, and Fuzzy
C-Means. The superior precision and recall highlight its effectiveness in scenarios where ac-
curacy and interpretability are crucial.

A significant contribution of this work is the integration of LIME and SHAP to enhance the
transparency and interpretability of clustering outcomes. LIME offers actionable insights into
feature weightage (importance) driving cluster assignments, thereby increasing trust and ac-
countability in AI-driven decision-making processes relevant to recruitment and talent manage-
ment within industrial environments. Additionally, embedding-based summarization improves
clustering quality by capturing the semantic essence of resumes while reducing computational
complexity, making the approach scalable for large datasets.

Overall, this methodology establishes a robust and explainable framework for automated
resume analysis that advances the state-of-the-art in industrial AI applications. It has strong po-
tential for deployment in recruitment, candidate profiling, and talent analytics. Future research
may extend this approach to dynamic real-time data, explore more sophisticated summarization
methods, and improve scalability for broader industrial applications.
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Chapter 5

Hybrid Thresholding for Enhanced
Performance and Interpretability in
Fraud Detection: Integrating LIME
and SHAP for Trustworthy AI Based
Decision Making

In the previous chapter, we introduces an innovative approach that combines the Gustafson-
Kessel (GK) fuzzy clustering algorithm with advanced semantic embeddings generated by
Sentence-BERT to improve the interpretability of unsupervised learning for resume data. This
work integrates Local Interpretable Model-agnostic Explanations (LIME) and SHapley Addi-
tive exPlanations (SHAP) to develop a hybrid thresholding method aimed at improving both
interpretability and model performance in fraud detection.

By averaging the AUC-ROC and PR-AUC scores, the approach derives a balanced de-
cision threshold that accounts for both class imbalance and performance stability, common
challenges in data-driven industrial AI deployments. The model is evaluated using key met-
rics such as precision, recall, F1-score, MCC, and PR-AUC across varying thresholds to assess
interpretability-performance trade-offs. This methodology ensures that AI systems used in in-
dustrial decision making, such as fraud detection, are not only accurate but also transparent
and trustworthy. Thus, this contribution directly supports the objectives of this thesis by offer-
ing a reliable and explainable solution tailored for critical applications in data-driven industrial
environments [301].
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5.1 Introduction

Artificial Intelligence (AI) has become a key enabler in decision-making across critical sec-
tors, such as banking, finance, healthcare, and cybersecurity. However, as AI models become
more complex, their lack of transparency, often described as the “black-box” problem—raises
significant concerns related to trust, fairness, and security. This challenge is especially acute
in high-risk domains, where understanding the rationale behind AI-driven decisions is essen-
tial [114]. Despite their strong predictive performance, AI models often face skepticism from
users, financial institutions, and regulatory bodies, particularly in customer-sensitive applica-
tions where clear explanations are mandatory.

To address these concerns, the field of Explainable AI (XAI) has emerged, developing
methods to enhance transparency and accountability in AI systems [5, 29]. Among the most
widely used XAI techniques are LIME[310] and SHAP[216]. Here we might say that LIME
(Local Interpretable Model-agnostic Explanation) approximates complex models locally with
simpler, interpretable models, whereas SHAP (SHapley Additive explanations) draws on coop-
erative game theory principles to attribute feature importance. However, LIME can be sensitive
to input perturbations, and SHAP’s computational complexity of SHAP may limit its scalabil-
ity, especially for large datasets typical of financial applications [134].

In high-stake scenarios, such as the detection of credit card fraud, ensuring interpretability,
fairness, and security is paramount. Although XAI techniques have advanced fraud detection,
there remains a research gap in integrating these methods within a hybrid thresholding frame-
work that balances performance and trustworthiness. In this study, we propose a novel hybrid
thresholding approach that combines XGBoost classifiers with normalized LIME and SHAP
explanations. This method enhances both the interpretability and predictive accuracy. We
utilized precision-recall (PR) and AUC-ROC curves to comprehensively evaluate the model’s
ability to balance precision and recall, ensuring robust performance on imbalanced datasets
[258]. By integrating these XAI techniques, our approach promotes transparency and fairness
in decision-making, addressing critical requirements for trust and security in high-dimensional,
security-sensitive financial domains.

5.1.1 Motivation

Although prior research has explored various fraud detection techniques and interpretability
methods, there remains a gap in unifying robust thresholding strategies with explainable AI
to address both performance and transparency in imbalanced datasets. This work is motivated
by the need to bridge this gap by proposing a hybrid thresholding approach integrated with
normalized LIME and SHAP explanations to, enhance the reliability and interpretability of
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credit card fraud detection systems.

In recent research a comparison between LIME and SHAP [10] is presented but here we
propose a different approach. To the best of our knowledge, the integration of LIME and
SHAP normalization within a hybrid thresholding framework, coupled with the use of PR and
ROC curves for performance evaluation, has not been previously explored in the literature,
positioning our approach as a novel contribution.

5.1.2 Contributions

In this chapter presents the following key contributions:

1. Application of the synthetic minority over-sampling technique (SMOTE) with Principal
Component Analysis (PCA) to address class imbalance and reduce dimensionality in
credit card fraud detection.

2. Comparative evaluation of classifiers, with XGBoost identified as the most effective
baseline model.

3. Integration of LIME and SHAP using min-max normalization and a hybrid contribution
score (α = 0.5) to enhance model interpretability.

4. Proposal of a hybrid thresholding method, averaging AUC-ROC and PR-AUC, to im-
prove decision boundaries in imbalanced settings.

5. Empirical validation on a real-world dataset, demonstrated the improved performance
and trustworthiness of the proposed framework.

The structure of the chapter is organized as follows: Section 5.2 outlines related work on Inter-
pretability, Section 5.3 describes the problem formulation; Section 5.4 describes the method-
ology; Section 5.5 describes the Experimental Results, Section 5.6 describes the results and
discussion; and Section 5.7 provides the conclusion.

5.2 Related Work on Model Interpretability

The increasing demand for interpretable machine learning models has driven the development
of several XAI techniques. These methods are essential for improving the transparency of
complex models, especially in high-stakes applications such as fraud detection [235]. Notable
XAI techniques include LIME [311] and SHAP as in [216] and, [306], which help explain
black-box models by providing local and global interpretability. LIME approximates complex
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models using simpler, interpretable models to highlight feature contributions to individual pre-
dictions, as in [311]. However, LIME’s reliance of LIME on local perturbations can lead to
inconsistent explanations [25]. By contrast, SHAP builds on Shapley values from game the-
ory, ensuring fair and consistent attribution of feature importance as in [216, 336]. Despite
its advantages, SHAP can be computationally intensive, particularly for large datasets as in
[98, 257]. To mitigate the shortcomings of individual methods, hybrid approaches have been
explored in literature that combine multiple XAI techniques. For example, an approach [345]
combines feature importance scores from various XAI methods to improve the robustness of
the explanation, where as shown by [30] a framework is presented for aggregating the expla-
nations to improve interpretability. Such approaches are particularly valuable in domains such
as fraud detection, where both accuracy and transparency are paramount [29, 385, 413].

Recent studies have also focused on improving the scalability of XAI methods for large-
scale applications[378]. Techniques for applying SHAP to large financial data sets and efficient
SHAP algorithms to large models have been investigated [134]. Similarly, [263] presented
some methods for optimizing LIME, improving both computational efficiency and stability.

5.2.1 Classification Methods, Data Imbalance and Interpretability

Before we present our hybrid threshold approach, we briefly review classification by unsuper-
vised methods and also look at data imbalance issues as this is a key aspect of credit card fraud
data sets. Further, more these methods, we also comment on their interpretability.

Here, we cite classification techniques that have often been employed in unsupervised set-
tings and frequently incorporate dimensionality reduction methods such as Principal Com-
ponent Analysis (PCA). Wu et al. [393] compared the following methods: isolation for-
est, extreme boosting based outlier detection (XGBOD), autoencoders, k-nearest neighbors
(KNN), one-class support vector machine (OCSVM), one-class anomaly detection (OCAN),
and copula-based outlier detector (COPOD). Although effective for outlier detection, these
methods often rely on computationally intensive architectures and may lack interpretability,
which is critical in credit card fraud detection.

A recent survey on machine learning techniques for credit card fraud detection [32], high-
lighted the importance of addressing data imbalance while maintaining model transparency.
Although AUC-ROC is a standard metric for model evaluation [57], it may inadequately rep-
resent minority class performance in highly skewed datasets. Consequently, several studies
[57, 69, 232, 258, 313, 323] advocate the use of precision-recall AUC (PR-AUC) as a more
appropriate metric, given its emphasis on the minority class.

In this chapter, we adopt a hybrid threshold balancing approach that computes two balanc-
ing thresholds, one from the AUC-ROC curve by maximizing the difference between TPR (true
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positive rate) and FPR (false positive rate), and another from the PR-AUC curve by maximiz-
ing the F1-score. The final decision threshold was determined by averaging these two values.
Here we balance sensitivity and precision, making it especially suitable for imbalanced classi-
fication tasks, such as fraud detection. Existing classification models on imbalanced datasets
[209, 420], have difficulty with classification accuracy and are inadequate for explainability.
However, we wish to test the hybrid thresholding balancing method with LIME and SHAP
explanations so that the integrated framework enhances both model performance and trans-
parency, offering a robust solution for real-world fraud detection scenarios. To address these
limitations, the proposed hybrid threshold balancing approach works within a supervised learn-
ing context, integrating LIME and SHAP normalization to improve interpretability and scala-
bility in imbalanced datasets. We employ XGBoost as the base classifier, which is known for
its effectiveness on structured and imbalanced data, as in credit card fraud detection. By lever-
aging well-established thresholding strategies from the AUC-ROC and PR-AUC analyses, we
tailor a threshold balancing technique that supports both high performance and interpretability.
Our approach utilizes both the AUC-ROC and PR-AUC for a more comprehensive evaluation,
addressing the shortcomings of relying solely on a single metric. The hybrid thresholding strat-
egy ensures a balanced contribution from both the local (LIME) and global (SHAP) explana-
tion methods, leading to a more reliable, interpretable, and practical classification framework,
particularly in domains where minority class accuracy is critical.

5.3 Problem Formulation

This chapter aims to develop a predictive model that classifies financial transactions as ei-
ther fraudulent or legitimate using supervised learning. The dataset consists of the transac-
tional and behavioral features associated with each transaction. Formally, given a dataset
D = {(x1,y1),(x2,y2), . . . ,(xn,yn)}, where each xi is a feature vector representing a transac-
tion, and yi ∈ {0,1} is the corresponding label (1 for fraud, 0 for legitimate), the goal is to learn
a classification function f : Rm→{0,1} that predicts the label for any new, unseen transaction.

One of the key challenges in financial fraud detection is class imbalance, in which fraudu-
lent transactions are far less frequent than legitimate transactions. This imbalance often leads
to models favoring the majority class (legitimate transactions), hindering the accurate detec-
tion of fraud. To mitigate this, we optimized the classification threshold, seeking a balance
between precision and recall by leveraging both the AUC-ROC and PR-AUC curves and, in-
corporating explainable AI (XAI) techniques. Specifically, we applied LIME and SHAP to
enhance the transparency and trustworthiness of the model. These techniques provide valuable
insights into the contribution of each feature to the model’s predictions, which is particularly
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critical in high-stakes domains, such as fraud detection, where decisions must be explainable
and compliant with regulatory standards.

5.3.1 Model Interpretability with LIME and SHAP

1. LIME for Local Explanation: LIME explains a model’s predicted outcome by approxi-
mating the behavior of a complex model locally around a specific instance xi. LIME fits an in-
terpretable surrogate model, which is typically linear, to simulate the model’s decision-making
process. The surrogate linear model for LIME [310] is defined as follows:

f̂ (xi) = β0 +
m

∑
j=1

β jxi j (5.1)

Here, f̂ (xi) represents the approximated prediction for instance xi, β0 is the intercept, and β j

reflects the influence of feature xi j on the model’s decision as shown in eq. 5.1 [311]. This
approximation allows instance-level insights into the features that contribute the most to the
prediction, making LIME effective for understanding individual decisions.
2. SHAP for local and global explanation: SHAP [216] provides a more comprehensive
approach to explain model predictions by quantifying the contribution of each feature to the
model’s output, drawing on principles from cooperative game theory. The Shapley value for
feature x j is defined as:

φ j = ∑
S⊆N\{ j}

|S|!(|N|− |S|−1)!
|N|! [ f (S∪{ j})− f (S)] (5.2)

Here, φ j is the average marginal contribution of x j across all possible subsets S of the features,
and N is the full set of features, as shown in eq. 5.2. SHAP differs from LIME in that it
provides both local and global interpretability, enabling the identification of feature importance
at both the individual and dataset-wide levels. This makes SHAP particularly effective for
understanding how different features consistently affect a model’s output.

5.3.2 Integration for Interpretability

In our framework, we integrate LIME and SHAP to provide complementary insights: LIME
offers localized and, instantaneous explanations for individual predictions. Simultaneously,
SHAP captures the global feature importance patterns across the entire dataset. This combi-
nation of techniques enhances the interpretability of the model, which is crucial for both de-
bugging the model and ensuring its robustness and trustworthiness, particularly in high-stakes
domains, such as fraud detection.
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5.3.3 Hybrid Threshold for Balanced Classification

The next step of our approach is to define a balanced classification threshold for fraud detection.
Traditional thresholding methods often fail to adequately address the challenges posed by class
imbalance, leading to poor performance in detecting the instances of minority classes. By
incorporating both the perspectives of the AUC-ROC and PR-AUC curves, we aim to derive
a hybrid threshold that ensures balanced precision, recall, and F1 score. This threshold was
computed using the following formulation, as shown in eq. 5.3.

Balanced Threshold =
1
2
[

arg max
θ∈ROC

(TPR−FPR)

+ arg max
θ∈PR

(F1-score)
] (5.3)

This hybrid threshold may be computed quite simply by balancing the insights from both
AUC-ROC and PR-AUC analyses, without relying on any optimization objective. It aims to
maintain a trade-off between sensitivity and precision, leading to more reliable binary decisions
in imbalanced data set settings. The final threshold is then applied to the predicted probabilities
of the classification model.

In the following section, we give more details on the methodology of our model, including
the implementation of the hybrid threshold approach and the integration of LIME and SHAP.

5.4 Methodology

We now present our approach to credit card fraud detection, including steps for data prepro-
cessing, feature engineering and selection, model training, application of explainable AI tech-
niques, normalization, hybrid thresholding, and model evaluation. The framework in Figure
5.1 illustrates our methodology for detecting fraudulent behavior of individuals using credit
card data. Details of these techniques are provided in the following sections. Unlike anomaly
detection approaches, we focus on detecting fraudulent transactions using classification-based
methodology.

5.4.1 Dataset and Preprocessing

The dataset used in this study is a publicly available Credit Card Fraud Detection dataset from
the Kaggle1. It comprises 284,807 transactions, of which only 492 are labeled as fraudulent,
showing that the dataset is highly imbalanced with fraud cases accounting for only 0.172% of
the total. The target variable class is binary, where 1 indicates a fraudulent transaction and

1https://www.kaggle.com/mlg-ulb/creditcardfraud
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Figure 5.1: Proposed framework for explainable hybrid thresholding in credit card fraud detec-
tion.
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0 indicates a legitimate transaction. To preserve the class distribution, an 80%-20% stratified
split was used for training and testing. All random processes were seeded using random state

= 42 to ensure reproducibility.

5.4.2 Handling Class Imbalance with SMOTE

To address class imbalance, we applied a synthetic minority over-sampling technique (SMOTE)
[73] to the training data. SMOTE generates new synthetic samples for the minority class by in-
terpolating existing minority class instances. The implementation us imblearn.over sampling.SMOTE
with default settings and random state = 42.

5.4.3 Feature Scaling and Dimensionality Reduction

All features were normalized using the StandardScaler method to obtain a zero mean and
unit variance. Subsequently, Principal Component Analysis (PCA) was applied to reduce di-
mensionality and computational complexity. The number of components was selected such
that 99% of the variance was retained. This step also mitigates multicollinearity among the
features.

5.4.4 Model Training with XGBoost

The classifier selected for this experiment is Extreme Gradient Boosting (XGBoost) [74], a
tree-based ensemble method that performs well on structured data. The model was trained
using PCA-transformed and SMOTE-balanced training data. The parameters for XGBoost
were set as follows.

• use label encoder = False

• eval metric = ‘logloss’

• random state = 42

The model outputs the class probabilities for each test instance, which are used in threshold
optimization.

5.4.5 Threshold Balancing

To address class imbalance in fraud detection, we propose a hybrid threshold- balancing strat-
egy instead of relying on a default threshold of 0.5. This approach integrates both the AUC-
ROC and PR-AUC perspectives to ensure balanced performance. First, we identify the optimal
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AUC-ROC threshold by maximizing the difference between the true positive rate (TPR) and
the false positive rate (FPR), as shown in eq. 5.4.

ThresholdROC = argmax
t
(TPR(t)−FPR(t)) (5.4)

Next, we computed the optimal threshold from the PR curve by calculating the F1 score for
each threshold value using precision and recall pairs, selecting the threshold that maximizes
the F1 score as shown in eq. 5.5

ThresholdPR = argmax
t
(F1-score(t)) (5.5)

Finally, the hybrid threshold was derived by averaging the two, as shown in eq. 5.6

Hybrid Threshold =
ThresholdROC +ThresholdPR

2
(5.6)

This hybrid method balances sensitivity and precision, leading to improved classification bound-
aries in imbalanced scenarios, while preserving interpretability.

To assess the effectiveness of our proposed model, we report all the evaluation results in
the Results and Discussion section. The model demonstrated strong performance across key
metrics, particularly under the imbalanced nature of fraud- detection data. The application of
the hybrid threshold significantly improved the classification performance. Additionally, the
confusion matrix indicates a high true positive rate and a reduction in false negatives, which
are essential for minimizing undetected fraudulent transactions. These findings validated the
reliability and robustness of the proposed approach.

5.4.6 Explainability

We employ LIME and SHAP to improve the interpretability of our credit card fraud- detection
model. LIME provides instance-level explanations by approximating the local decision bound-
ary, whereas SHAP quantifies both the local and global feature contributions using Shapley
values. Their outputs we normalized and combined using a hybrid thresholding strategy to
enhance model transparency, classification robustness, and compliance with trustworthy AI
principles.

5.4.7 Feature Importance and Explainability

LIME and SHAP we applied to quantify the influence of the features on the model predictions.
LIME identifies features that contribute most to individual decisions [310], whereas SHAP
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provides consistent-additive attributions across instances and the dataset [357]. Figure 5.3
illustrates both types of explanation. Normalized importance scores from both methods we
fused using hybrid thresholding to improve interpretability and classification performance.

5.4.8 Describing the LIME Process

LIME perturbs the input features and fits the local surrogate model to approximate the decision
function of the original model. It produces normalized feature importance scores per instance
to interpret fraudulent predictions. Algorithm 5 details the initialization and execution. The
first instance was used in the absence of fraud. The top 20 features that influence each decision
are reported to support transaction-level analysis.

Algorithm 5: Adopted LIME Algorithm for Fraud Detection [310]
Require: Preprocessed training data Xtrain, test data Xtest, trained model f

1: Apply PCA to Xtrain and Xtest
2: define feature names: PC1,PC2, . . . ,PCn
3: Initialize LIME explainer:
4: explainer← LimeTabularExplainer(Xtrain pca, feature names, class names={Non-Fraud,

Fraud}, mode=classification, discretize continuous=False)
5: Select x ∈ Xtest pca
6: if fraud instances exist in Xtest then
7: x← first fraud instance
8: else
9: x← Xtest pca[0]

10: end if
11: Generate explanation:
12: e← explainer.explain instance(x, f .predict proba,num f eatures = n)
13: Visualize or save explanation
14: return the top k influential features with weights

5.4.9 Describing the SHAP Process

Algorithm 6 outlines the process for ensuring feature consistency [216]. SHAP values we
computed using TreeExplainer on the trained XGBoost model to, quantify each feature’s con-
tribution to the prediction. Here, we must mention that TreeExplainer in the context of SHAP
is a fast and exact method for estimating SHAP values for tree models and ensembles of trees,
under several different possible assumptions about feature dependence.
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Algorithm 6: Adopted SHAP Algorithm [216]
Require: Xtest (test set), xgb model (trained XGBoost model)
Ensure: shap values (feature importance for each instance)

Initialize SHAP explainer:
2: shap explainer← TreeExplainer(xgb model)

Compute SHAP values:
4: shap values← shap explainer.shap values(Xtest)

if isinstance(shap values, list) then
6: shap values← shap values[1] {For multiclass outputs}

end if
8: return shap values

5.4.9.1 Normalization and Feature Contribution Fusion

To integrate LIME and SHAP contributions equally in fraud detection, we apply min-max
normalization to scale their feature importance scores to the [0,1] range. LIME provides lo-
cal explanations with smaller magnitudes, whereas SHAP captures global contributions that
can vary widely in scale. Without normalization, one method can dominate the fusion, lead-
ing to biased interpretations. Because both explanations share identical feature dimensions
(113726,17), normalization ensures a balanced influence. The normalized scores are then
combined using a hybrid thresholding strategy, that combines, both interpretability and classi-
fication performance. This step reinforces the model transparency and trustworthiness in the
detection process.

5.4.10 Hybrid Threshold Balancing Method

This method enhances fraud detection by integrating the LIME and SHAP explanations. It
combines the normalized feature contributions to compute a hybrid score for each instance.
This score is then used to determine an optimal classification threshold based on ROC and
Precision-Recall analysis. The method improves model interpretability while maintaining ro-
bust predictive performance. The complete process is presented in Algorithm 7.

Note: Let Li j and Si j represent the raw LIME and SHAP contributions for feature j of
instance i. These we normalized using min-max normalization to obtain L̃i j and S̃i j respec-
tively. The equal-weight combined contribution is computed as Ci j =

L̃i j+S̃i j
2 , while the hybrid

contribution is given by

Hi j = α · L̃i j +(1−α) · S̃i j, α ∈ [0,1] (5.7)

The suitability score for each instance was Ci = ∑ j Ci j. The optimal decision threshold is ob-
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Algorithm 7: Hybrid Thresholding with LIME and SHAP
Require: lime explanations, shap values, Xtest , α , num f eatures
Ensure: Predictions and evaluation metrics

Normalize LIME and SHAP contributions:
for each instance i in Xtest do

3: L̃i j =
Li j−min(L)

max(L)−min(L) , S̃i j =
Si j−min(S)

max(S)−min(S)
end for
Compute Hybrid Contributions:

6: for each instance i, feature j do
Ci j =

L̃i j+S̃i j
2 // Equal-weight average

Hi j = α · L̃i j +(1−α) · S̃i j // Weighted hybrid
9: end for

Threshold Estimation:
Compute ROC and PR curves

12: threshold roc← argmax(T PR−FPR)
threshold pr← argmax(F1-score)
optimal threshold← threshold roc+threshold pr

2
15: Compute Suitability Score:

for each instance i do
Ci = ∑ j Ci j

18: end for
Predict using Hybrid Threshold:
for each i do

21: ŷi =

{
1, if Ci ≥ optimal threshold
0, otherwise

end for
Evaluate Metrics: Accuracy, Precision, Recall, F1, AUC, PR-AUC, MCC (Matthews
Correlation Coefficient), Sensitivity, Specificity

24: return ŷ, evaluation metrics
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tained by averaging the thresholds that maximize T PR−FPR (from the AUC-ROC curve) and
F1-score (from the precision-recall curve) PR-AUC. Predictions ŷi we made by comparing Ci

with the optimal threshold. Instances where Ci ≥ optimal threshold we classified as fraudu-
lent. Performance-evaluated metrics are reported in the results and discussion section.

5.4.11 Computational Complexity Analysis

The overall complexity of the proposed method is dominated by threshold optimization, which
has a time complexity of O(m×n), where n is the number of instances and m is the number of
threshold values. If m≪ n, the complexity approximates to O(n); otherwise, it scales linearly
with both n and m. For Random Forest, the training complexity is O(T × d× log(n)), where
T is the number of trees and d is the average tree depth. The computing explanations for each
instance have complexity O(n× p) for LIME and SHAP, where p is the number of features.
Thresholding methods iterate over k threshold values, contributing to the complexity of O(n×
k). Thus, the total complexity of the method was: O(T × d× log(n))+O(n× p)+O(n× k).
This demonstrates that the computational cost depends on the number of trees, dataset size,
feature dimensionality, and threshold evaluations.

5.5 Experimental Results

The following dataset was used in the evaluation:

5.5.1 Dataset Description

This chapter employs the publicly available Credit Card Fraud Detection dataset, originally
provided by researchers from the Université Libre de Bruxelles (ULB) and hosted on Kaggle
1. The dataset contains anonymized features, including ‘Time‘, ‘Amount‘, and 28 principal
components resulting from a PCA transformation of the original input variables. A major
challenge of this dataset is its severe class imbalance, with fraudulent transactions comprising
approximately only 0.17% of the total. To address this, the Synthetic Minority Oversampling
Technique SMOTE) was applied to balance the class distribution, thereby improving the ef-
fectiveness of the learning algorithms. All data usage complies with the licensing and access
policies of the host platform.

1https://www.kaggle.com/mlg-ulb/creditcardfraud

98



5.5 Experimental Results

5.5.2 Simulation Environment and Equipment

All experiments were conducted using Python 3.9.12 within a Jupyter Notebook environment
on a system equipped with an Intel Core i5 processor and 16 GB RAM. The simulation envi-
ronment utilized a range of libraries and tools, as detailed below:

• Data Processing: Pandas, Numpy, and scikit-learn for data manipulation and pre-
processing.

• Modeling Framework: XGBoost classifier with parameters use label encoder=False

and
eval metric=’logloss ’, integrated with
scikit-learn for model development.

• Explainability: LIME and SHAP for local and global model interpretability, including the
normalization of feature importance values.

• Hybrid Thresholding: Optimal threshold is determined as the average of the values
derived from the ROC and Precision-Recall curves.

• Threshold Analysis: Evaluation across thresholds ranging from 0.1 to 0.9 in increments
of 0.1.

• Validation Strategy: 5-fold cross-validation was performed StratifiedKFold with a
fixed random state of 42 to ensure reproducibility.

This setup ensures a robust and reproducible computational environment for the devel-
opment, training, and evaluation of machine learning models that address the challenges of
imbalanced credit card fraud detection.

Table 5.1: Evaluation Metrics for Credit Card Fraud Detection

Metric Formula
Accuracy T P+T N

T P+T N+FP+FN
Precision T P

T P+FP
Recall (Sensitivity) T P

T P+FN
Specificity T N

T N+FP
F1-Score 2·Precision·Recall

Precision+Recall
MCC (T P·T N)−(FP·FN)√

(T P+FP)(T P+FN)(T N+FP)(T N+FN)

Note: TP = true positives, TN = true negatives, FP = false positives, FN = false negatives.
These formulas are standard evaluation metrics used to assess the performance of classification
models in imbalanced datasets such as credit card fraud detection.
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In this evaluation, the following terms are used: True Positives (TP) refers to correctly pre-
dicted fraud cases, True Negatives (TN) refers to correctly predicted non-fraud cases, False
Positives (FP) refers to non-fraud cases incorrectly classified as fraud, and False Negatives
(FN) refers to fraud cases incorrectly classified as non-fraud.

Additionally, we considered the True Positive Rate (TPR), which measures the proportion
of actual fraud cases correctly identified, and the False Positive Rate (FPR), which measures
the proportion of non-fraud cases misclassified as fraud, to assess the model performance.
For evaluation, we trained an XGBoost model using a hybrid threshold method, as detailed in
Tables 5.1, 5.2, 5.3, 5.4, 5.5, 5.6, and 5.7. To enhance interpretability, we applied LIME and
SHAP to analyze feature importance.

Table 5.2: Comparison of Baseline Methods on SMOTE

Model Train Time (s) Accuracy Precision Recall F1-Score AUC-ROC MCC
Random Forest 54.71 0.9998 0.9996 1.0000 0.9998 1.0000 0.9996
ANN 52.20 0.9997 0.9908 1.0000 0.9997 1.0000 0.9994
Logistic Regression 3.24 0.9809 0.9908 0.9708 0.9807 0.9975 0.9619
SVM 3720 0.9960 0.9976 0.9945 0.9960 0.9997 0.9921
KNN 0.02 0.9990 0.9981 1.0000 0.9990 0.9997 0.9981
Decision Tree 38.30 0.9985 0.9980 0.9990 0.9985 0.9985 0.9969
Gradient Boosting 474.47 0.9877 0.9934 0.9819 0.9876 0.9993 0.9754
Naive Bayes 0.16 0.9241 0.9733 0.8722 0.9200 0.9751 0.8529
XGBoost 44.65 0.9998 0.9996 1.0000 0.9998 1.0000 0.9996
Ours (Hybrid) 46.87 0.9999 0.9999 0.9999 1.0000 1.0000 0.9998

Note: All models were evaluated using SMOTE-balanced data. PCA was not applied.

Table 5.3: Comparison of Baseline Methods on PCA

Random Forest 61.43 0.9995 0.9487 0.7551 0.8409 0.9486 0.8462
ANN 4478.33 0.9995 0.8804 0.8265 0.8526 0.9777 0.8528
Logistic Regression 5.40 0.9752 0.0601 0.9184 0.1129 0.9716 0.2315
SVM 1960.95 0.9968 0.3217 0.7551 0.4512 0.9732 0.4917
KNN 0.08 0.9995 0.9186 0.8061 0.8587 0.9437 0.8603
Decision Tree 25.01 0.9990 0.7041 0.7041 0.7041 0.8518 0.7036
Gradient Boosting 271.04 0.9988 0.8372 0.3673 0.5106 0.5341 0.5541
Naive Bayes 0.32 0.9783 0.0637 0.8469 0.1184 0.9597 0.2287
XGBoost 463.68 0.9996 0.9195 0.8163 0.8649 0.9729 0.8662
Ours (Hybrid) 44.86 0.9994 0.8235 0.8571 0.8400 0.9729 0.8339
Note: All models were evaluated using data transformed using PCA, with 95% explained

variance. SMOTE was applied prior to PCA on the training set to address the class imbalance.

Figure 5.2 illustrates the LIME output for a specific prediction, showing each feature’s
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Table 5.4: Comparison of Baseline Methods on SMOTE with PCA

Methods Accuracy Precision Recall F1 Score AUC-ROC PR-AUC Specificity MCC
Random Forest 0.9998 0.9997 0.9999 0.9998 1.0000 1.0000 0.9997 0.9997
ANN 0.9996 0.9992 1.0000 0.9996 1.0000 1.0000 0.9992 0.9992
Logistic Regression 0.9772 0.9881 0.9661 0.9770 0.9966 0.9969 0.9883 0.9547
SVM 0.9953 0.9970 0.9936 0.9953 0.9997 0.9996 0.9970 0.9906
KNN 0.9989 0.9978 1.0000 0.9989 0.9996 0.9992 0.9978 0.9978
Decision Tree 0.9978 0.9971 0.9986 0.9978 0.9978 0.9964 0.9971 0.9956
Gradient Boosting 0.9782 0.9922 0.9640 0.9779 0.9985 0.9984 0.9924 0.9568
Naive Bayes 0.9392 0.9825 0.8944 0.9364 0.9823 0.9846 0.9841 0.8820
XGBoost 0.9997 0.9994 1.0000 0.9997 1.0000 1.0000 0.9994 0.9993
Ours (Hybrid) 0.9998 0.9997 0.9999 0.9998 1.0000 1.0000 0.9997 0.9996

Note: Our hybrid threshold method demonstrates exceptional performance with a
cross-validation accuracy of 0.9998 ± 0.0001, along with near-perfect precision, recall, F1

score, AUC-ROC, and MCC values. These results indicate that the model effectively handles
the severe class imbalance in the dataset while maintaining a strong predictive power across

all relevant evaluation metrics.

Table 5.5: Wilcoxon Signed-Rank Test Comparing Models with XGBoost Across 8 Metrics
(Accuracy, Precision, Recall, F1 Score, AUC, PR-AUC, Specificity, MCC)

Model p-value Statistically Different (α = 0.05)
Random Forest 0.31731 No
ANN 0.04520 Yes
Logistic Regression 0.00781 Yes
SVM 0.00781 Yes
KNN 0.01563 Yes
Decision Tree 0.00781 Yes
Gradient Boosting 0.00781 Yes
Naive Bayes 0.00781 Yes
XGBoost 0.06837 No
Hybrid (Proposed) No*

Note: This table presents the p-values from the Wilcoxon signed-rank test comparing each
model to XGBoost across the eight evaluation metrics. Models with p-values less than 0.05
are considered statistically different in performance. Random Forest and XGBoost did not

differ significantly from each other. The Hybrid model is marked with a star (*) because it is
an extension of XGBoost; therefore, a statistical comparison is not applicable.

Table 5.6: Confusion Matrix of the classifiers

Predicted Positive Predicted Negative
Actual Positive TP (True Positives) FN (False Negatives)
Actual Negative FP (False Positives) TN (True Negatives)

Note: The confusion matrix illustrates classification performance. TP: correctly predicted
positives, FN: actual positives incorrectly predicted as negatives, FP: actual negatives

incorrectly predicted as positives, TN: correctly predicted negatives.
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Table 5.7: Confusion Matrix of the classifiers after applying SMOTE + PCA

Model TN FP FN TP
Random Forest 56847 16 3 56860
ANN 56816 47 0 56863
Logistic Regression 56200 663 1926 54937
SVM 56693 170 366 56497
Knn 56736 127 0 56863
Decision Tree 56696 167 81 56782
Gradient Boosting 56430 433 2045 54818
Naive Bayes 55958 905 6007 50856
XGBoost 56827 36 1 56862
Ours (Hybrid) 56844 19 3 56860

Note: All classifiers were trained and evaluated after applying SMOTE and PCA. The Ours
(Hybrid) model incorporates a hybrid thresholding technique applied to XGBoost, which
yields superior balance and performance in handling class imbalance compared with other

baseline models. TP: true positives, TN: true negatives, FP: false positives, FN: false
negatives.

Figure 5.2: Example of one instance LIME Analysis
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Figure 5.3: Example of SHAP Analysis
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contribution to the machine learning model’s decision. The bar lengths represent the magnitude
of each feature’s influence, providing insights into the effect of each individual feature on the
prediction. LIME generates a simplified, interpretable model that locally approximates the
behavior of a complex model around a given instance, thereby enhancing transparency and
interpretability at the local level. This visualization highlights the key factors that drive the
model’s predictions.

Figure 5.3 illustrates the SHAP output, which shows the impact of individual features on
the model predictions. Each point represents a feature’s contribution to a particular prediction,
with the color indicating the feature value (e.g., high values in pink and low values in blue). The
horizontal position reflects whether the feature value increases or decreases the prediction. The
SHAP values provide a unified measure of feature importance, clearly illustrating how each
feature positively or negatively influences the output. This visualization improves the inter-
pretability and transparency of the machine learning model used to detect fraudulent behavior
in credit card transactions. Figure 5.4 shows the PR-AUC curve illustrating the performance of
the classifier on data from unbalanced credit card fraud. Figure 5.5 shows the AUC-ROC curve
illustrating the performance of the classifier using data from unbalanced credit card fraud. Note
that XGBOOST should be used as the baseline for comparison.

Table 5.8: Performance of the Proposed Hybrid Threshold Balancing Method on Credit Card
Fraud Detection Data After LIME and SHAP-Based Feature Normalization

Method Accuracy Precision Recall F1 Score AUC-ROC PR-AUC Specificity MCC
Proposed 0.9109 0.9017 0.9224 0.9119 0.9703 0.9695 0.8994 0.8221
ROC 0.9110 0.9040 0.9197 0.9118 0.9703 0.9695 0.9024 0.8222
PR 0.9109 0.8993 0.9254 0.9121 0.9703 0.9695 0.8963 0.8221

Note: The hybrid threshold balancing method uses a contribution score calculated by
combining the LIME and SHAP explanations with a weighting factor alpha set to 0.5. Here,
PR refers to the area under the precision-recall curve (PR-AUC), and AUC refers to the area
under the Receiver Operating Characteristic curve (AUC-ROC). The hybrid AUC metric was

computed as the average of the PR-AUC and AUC-ROC values.

5.5.3 Hybrid Threshold Balancing and Interpretability in Fraud Detection

Table 5.8 compares three threshold balancing methods for credit card fraud detection: the
proposed hybrid, AUC-ROC based, and PR-AUC based thresholds. The Hybrid Threshold was
computed as the average of the optimal thresholds derived from the AUC-ROC criterion (maxi-
mizing TPR- FPR) and the PR-AUC criterion (maximizing F1-score). This balancing approach
considers both sensitivity and precision, resulting in more reliable classification performance
under class imbalance. As shown in Equation 5.7, the hybrid contribution score quantifies the
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Figure 5.4: PR-AUC curve illustrating classifier performance on imbalanced credit card fraud
data
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Figure 5.5: AUC-ROC curve illustrating classifier performance on imbalanced credit card fraud
data
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combined influence of the two criteria.

This formulation ensures a balanced trade-off between precision and recall, which is critical
in imbalanced settings such as fraud detection.

Performance Analysis: As shown in Table 5.8, all three methods demonstrated strong per-
formance across Accuracy, F1 Score, AUC-ROC, and PR-AUC. The Hybrid Threshold slightly
outperforms the others in the F1 Score (0.9119), indicating a better balance between false pos-
itives and false negatives. It also maintained a high specificity (0.8994) and achieved a strong
Matthews Correlation Coefficient (MCC), ensuring reliable prediction capability.

Precision-Recall Trade-off: The PR-AUC based method yielded the highest recall (0.9254)
but with lower precision (0.8993), whereas the AUC-ROC-based method showed better preci-
sion (0.9040) but slightly reduced recall (0.9197). The Hybrid Threshold achieved a balanced
outcome with a precision of 0.9017 and recall of 0.9224, combining the strengths of both
strategies.

Interpretability and Static Nature of Threshold: This Hybrid Threshold is a static de-
cision boundary derived from the evaluation metrics on the validation set. It is neither adap-
tive nor dynamic, nor does it rely on anomaly detection or unsupervised learning paradigms.
Instead, it provides a consistent and interpretable threshold that enhances decision boundary
transparency and trust in the model’s output, which is essential in critical applications such as
fraud detection.

5.5.4 Hybrid Contribution Score and Its Evaluation

As shown in eq. 5.7, the hybrid contribution score, where α ∈ [0,1] controls the relative contri-
butions of the LIME and SHAP. Table 5.9 presents the evaluation of model performance across
various α values.

The results show that α = 0.5 yields the most balanced performance, achieving the highest
AUC-ROC (0.9710), MCC (0.8233), and F1 score (0.9127). This suggests that equal weight-
ing between LIME and SHAP produces more reliable and interpretable feature attribution.
Incorporating this hybrid contribution score into our Hybrid Threshold method computed as
the average of thresholds optimized using AUC-ROC and PR-AUC criteria further enhances
model performance. This improves recall by effectively identifying fraudulent cases while
maintaining high precision, thereby minimizing false positives. This makes the approach par-
ticularly suitable for imbalanced datasets such as credit card fraud detection, where reliable
and interpretable decision boundaries are essential.
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Table 5.9: Performance of Hybrid Thresholding at Different Alpha (α) Values

Metric α = 0.1 α = 0.2 α = 0.3 α = 0.5 α = 0.7 α = 0.8 α = 0.9
Accuracy 0.9694 0.9656 0.9571 0.9115 0.7785 0.6695 0.5099
Precision 0.9596 0.9553 0.9455 0.9004 0.7571 0.6408 0.5051
Recall (Sensitivity) 0.9799 0.9770 0.9701 0.9254 0.8202 0.7714 0.9796
Specificity 0.9588 0.9543 0.9441 0.8976 0.7368 0.5675 0.0402
F1 Score 0.9697 0.9660 0.9576 0.9127 0.7874 0.7001 0.6665
AUC-ROC 0.9953 0.9943 0.9920 0.9710 0.8626 0.7424 0.5980
MCC 0.9389 0.9315 0.9145 0.8233 0.5590 0.3462 0.0578
PR-AUC 0.9948 0.9937 0.9912 0.9703 0.8618 0.7367 0.5912

Note: Parameter α represents the weighting factor used in the hybrid thresholding method,
balancing the contributions from the LIME and SHAP explanations. Specifically, the hybrid
contribution score is computed as a weighted sum where α controls the influence of LIME, and
(1−α) controls the influence of SHAP.

5.5.5 Hybrid Threshold Method: LIME and SHAP Evaluation Metrics

This section presents the evaluation metrics for the Hybrid Threshold Method, focusing on
LIME and SHAP’s performance:

LIME Fidelity (first 10 instances): The average fidelity of LIME is 0.1709, with a range
from 0.0020 to 0.6848 across individual instances. This indicates varied accuracy in LIME’s
local explanations.

LIME Stability: LIME demonstrates high stability with a cosine similarity of 0.9964,
suggesting that its explanations are consistent across similar instances.

LIME Sparsity: On average, LIME uses 24 non-zero features, suggesting moderate spar-
sity in the explanations.

SHAP Stability: SHAP exhibits exceptional stability, with a cosine similarity of 0.9998,
signifying almost identical explanations across similar instances.

SHAP Sparsity: Similar to LIME, SHAP explanations also use an average of 24 non-zero
features, reflecting consistency in sparsity between both methods.

SHAP Contrastivity (instance 0): For instance 0, SHAP achieves a contrastivity proxy of
0.8719, indicating a strong contrast between the predicted and baseline classes, enhancing the
interpretability of the explanation.

5.5.6 Statistical Analysis

To assess the significance of the model performance differences, we conducted a Wilcoxon
Signed-Rank Test, comparing all baseline classifiers against XGBoost across the metrics re-
ported in Table 5.5. The test results indicate statistically significant differences (p ¡ 0.05),
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confirming that XGBoost consistently outperformed the other classifiers. Furthermore, one-
way ANOVA was applied to evaluate the proposed Hybrid Threshold method in the context of
interpretability. The resulting p-values were extremely small (e.g., 8.54× 10−7), well below
the conventional significance level of 0.05. This allows us to reject the null hypothesis, indi-
cating that the means of the performance metrics differ significantly across the models. These
findings underscore the impact of the model and threshold selection on overall performance
and highlight the statistical robustness of the proposed Hybrid Threshold approach.

5.6 Results and Discussion

This section presents a comprehensive evaluation of the proposed Hybrid Threshold method
integrated with the XGBoost classifier for credit card fraud detection. The performance of
the model was assessed using several standard metrics: accuracy, precision, recall, F1 score,
AUC-ROC, PR-AUC, specificity, sensitivity, and Matthews Correlation Coefficient (MCC).
The Hybrid Threshold, computed as the average of the optimal thresholds derived from the
AUC-ROC and precision-recall (PR-AUC) curves, was designed to achieve a balanced trade-
off between precision and recall, which is critical in class-imbalanced settings such as fraud
detection.

The experimental results demonstrate the effectiveness of the proposed approach. Specif-
ically, the Hybrid Threshold method combined with XGBoost achieved high values for all
evaluation metrics: accuracy (0.9109), precision (0.9017), recall (0.9224), F1 score (0.9119),
AUC-ROC (0.9703), PR-AUC (0.9695), specificity (0.8994), sensitivity (0.9119), and MCC
(0.8221). These results indicate that the model not only correctly identifies fraudulent trans-
actions but also minimizes false positives and false negatives, enhancing the overall reliability
and robustness of the detection system.

Compared to traditional thresholding techniques such as fixed thresholds (e.g., 0.5), the
proposed Hybrid Threshold method yields significantly improved performance by adapting to
the underlying data distribution. Traditional methods often fail to capture the optimal decision
boundary in imbalanced datasets, leading to degraded recall or precision. In contrast, the hybrid
approach leverages statistical characteristics from both the AUC-ROC and PR-AUC spaces to
define a more effective threshold, which enhances classification stability and fairness.

Furthermore, interpretability was enhanced using the LIME and SHAP techniques. LIME
offered instance-level explanations, allowing for localized interpretation of predictions, whereas
SHAP provided global feature attribution, highlighting the most influential variables across the
model. This integration of explainable AI tools ensures transparency in decision-making, in-
creases user trust, and facilitates model validation by domain experts which is an essential
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requirement in sensitive applications such as fraud detection.
By mitigating bias through careful threshold calibration, normalizing decision boundaries,

and incorporating interpretability mechanisms, the proposed method contributes to a more
transparent and fair fraud detection system. The model demonstrates strong resilience against
adversarial variations and is well-suited for deployment in real-world financial applications
where both performance and accountability are paramount.

5.7 Conclusion

This chapter builds on the complementarity of LIME and SHAP methods for model inter-
pretability, which we combined using the Hybrid Threshold Method. We demonstrated that
this approach is a robust solution for threshold selection in fraud detection, showing substantial
improvements in accuracy, F1-score, AUC-ROC, and PR-AUC. The hybrid threshold method,
which integrates precision recall curves of AUC-ROC and PR-AUC, outperforms traditional
thresholding strategies, particularly by prioritizing the F1 score. This not only enhances predic-
tive power but also ensures the reliability of decision-making processes. The method mitigates
the impact of class imbalance, a critical challenge in fraud detection, by detecting fraudulent
transactions with minimal false negatives while maintaining high precision.

In the context of data-driven industrial applications, where AI-driven decision-making is
paramount, future work should focus on advancing the interpretation of deep learning mod-
els for fraud detection within industrial systems. Specifically, incorporating explainable AI
(XAI) methods such as counterfactual explanations and attention-based mechanisms will fur-
ther enhance model transparency, enabling stakeholders to better understand the underlying
patterns of fraud. Additionally, integrating real-time adaptive thresholding techniques using
reinforcement learning could dynamically adjust detection strategies in response to evolving
fraud tactics, ensuring ongoing system adaptability. Multimodal fusion techniques that com-
bine transaction data with behavioral analysis have significant potential to improve detection
accuracy.

These advancements will push the boundaries of AI-driven fraud detection systems, en-
suring robustness, fairness, and security in real-world applications. Ultimately, they will con-
tribute to the progression towards fully transparent, adaptive, and reliable AI solutions within
industrial environments, aligning with the overarching goal of this thesis to achieve trustwor-
thiness and interpretability in data-driven AI models. In the following chapters, we will delve
into more specific studies and applications.
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Chapter 6

Evolution of AI-Driven Decision
Making With Decision Support
Systems, Expert Systems,
Recommender Systems, and XAI

In the previous chapter, we explored a hybrid thresholding method for fraud detection that
integrates Local Interpretable Model-agnostic Explanations (LIME) and SHapley Additive ex-
Planations (SHAP) to enhance both interpretability and model performance. Building upon
this foundation, the current chapter broadens the scope by examining the historical evolution
and foundational components of AI-driven decision-making systems. Specifically, we explore
four key paradigms. These are: Decision Support Systems (DSS), Expert Systems (ES), Rec-
ommender Systems (RS), and Explainable AI (XAI). This exploration aligns with the broader
objectives of this thesis by tracing how these systems contribute to intelligent, transparent, and
reliable decision-making in industrial contexts with SDP (Software Defect Prediction as Case
study).

The chapter begins with an in-depth discussion of DSS, which offers interactive, data-
driven tools to assist human decision-makers. It then examines ES, which emulate domain
expertise to provide reasoning-based outputs, and RS, which support personalized recommen-
dations through user behavior modeling. Finally, the chapter highlights the emergence and
growing importance of XAI, which seeks to enhance the interpretability and accountability of
complex AI models.

Through comparative analysis, we identify the strengths, limitations, and synergies among
these systems, with a particular focus on their applicability to industrial applications. This
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analysis serves as a foundation for designing next-generation, explainable decision-making
architectures suitable for high-stakes industrial domains.

6.1 Introduction

DSS is a pioneer in the evolution of AI-based decision-making systems. The decision support
systems are considered tools for high-level managerial decision-making. These are different
from expert systems where the objective is to emulate a human expert and even perhaps man-
age with the human out of the loop. In decision support systems on the other hand human
decision-making is to be augmented by a DSS. This approach is needed when humans are to
take decisions but the matter requires a lot of data processing that is not possible or feasible in
a short time without support from automation. If the critical nature of the decision becomes
very important, a detailed explanation of the reasoning behind the decision is also very much
needed. The modern approach to this is through the “explainable AI” or XAI as it is now
known.

Artificial Intelligence (AI) systems have been developed to make decisions based on data
that has been collected to emulate expert knowledge and reasoning skills. Many businesses now
have adopted a data-driven approach to operational decision-making in recent years. Data may
improve decisions, but getting the most from them requires an appropriate process. However,
it is mistakenly believed that the process must emulate a human being. The phrase “data-
driven” suggests that data is filtered and summarised for a human to review before being sent
for processing.

In recent times with greater automation in decision-making, it is seen that to fully realize
the value of data, businesses must integrate Artificial Intelligence (AI) into their workflows.
Even then, the question remains whether we can get humans out of the way. In other words, is
it possible to move away from data-driven workflows towards AI-driven workflows? this is an
important question.

A data-driven workflow focuses on the stages of processing the data, while an AI-driven
workflow attempts to build a learning model based on the preprocessed data. Processing data
enables more accurate judgments and well-informed decision making by reducing complex
information into a more manageable and relevant form. Jarvis, Amazon Alexa, and Hyper-
sonix’s AI-based intelligent assistants demonstrate the process of extracting data insights and
putting them into action are explained in the paper [81]. AI assistants have some degree of
decision-making capabilities. An AI assistant, for example, might employ decision-making al-
gorithms to choose the optimal action based on the given assumptions. Also, decision-making
systems might employ conversational interfaces to talk to users and convey their suggestions
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in a more user-friendly manner. This system provides decision-makers with both prescriptive
and predictive insights to help them make better data-driven decisions faster, as explained in
the paper[266].

By automating data analysis, delivering user-friendly interfaces, utilizing AI algorithms,
and providing contextual insights and recommendations, augmented analytics and intelligence
engines provide advanced decision-making. These developments enable decision-makers to
make data-driven decisions to improve corporate business and give them a competitive advan-
tage. The study of the interaction between marketing channels and consumer decision-making
has a long history in the DSS literature are explained in these papers [373],[119]. These stud-
ies have mostly focused on how customers evaluate, use, and adopt channels, as well as how
the buying environment (e.g., risk, trust, and uncertainty) influences the adoption process. Al-
though these studies help us understand how consumers make decisions on multiple channels,
there is limited literature on how distinct channel features and channel choices across many
channels can influence decision-making. In this work, we provide an overview of the tools for
high-level decision-making and the evolution of these tools from DSS to XAI.

The rest of the chapter is organized as follows: Section 6.2 describes the individual de-
cision systems in detail. Section 6.3 describes the expert systems. Section 6.4 describes the
recommender systems. Section 6.5 describes the Explainable AI. Section 6.6 describes the case
study of defect prediction, and we conclude in section 6.7.

6.2 Decision Support System (DSS)

[285] paper explains a Decision Support System (DSS) is a computer-based system that assists
in making decisions. [224] paper explains DSS integrates data, models, and analytical tools to
provide information and insights that aid decision-making processes. These systems focus on
providing support and facilitating the decision-making process rather than emulating human
expertise.

6.2.1 Components of a Decision Support System

Figure 6.1 shows the DSS Architecture proposed in these papers [284], [352].

• Data Management: The data management component of a decision support system
handles the storage, organization, and retrieval of relevant data for analysis and decision-
making processes.
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Figure 6.1: Decision Support Systems Architecture

• Model Management: The model management component focuses on maintaining and
updating the models used in decision support, ensuring they are accurate, up-to-date, and
aligned with the objectives of the system.

• Knowledge engine: The knowledge engine component incorporates expert knowledge,
rules, algorithms, and inference mechanisms to facilitate intelligent reasoning and gen-
erate insights to support decision-making.

• User interface: The user interface component provides a user-friendly platform or in-
terface through which users can interact with the decision support system, access infor-
mation, input preferences, and receive results or recommendations.

• Decision maker: The decision-maker component utilizes the insights, recommenda-
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tions, and information provided by the decision support system to aid decision-makers
in evaluating alternatives, understanding implications, and ultimately making informed
decisions.

Types of DSS What it does How it works
Data-Driven Based on external and in-

ternal databases, it makes
decisions.

Data mining (DM) and Ma-
chine Learning (ML) techniques
are used to predict patterns and
make decisions.

Model-Driven It is utilized to meet a
predetermined set of user
needs.

Models are used to evaluate var-
ious scenarios and ensure they
meet user needs.

Knowledge-Driven Continuously manages
updated information
through knowledge man-
agement.

Information is provided to the
user, incorporating the com-
pany’s business procedures and
knowledge base.

Communication-Driven Tools enable communica-
tion among multiple in-
dividuals working on the
same task.

It is utilized to increase the sys-
tem’s efficiency and efficacy by
facilitating communication.

Document-Driven Documents are used as
the primary means of re-
trieving data in this type
of information manage-
ment system.

Users can search company web-
sites or databases for poli-
cies and procedures using docu-
ments.

Table 6.1: Types of DSS

Table 6.1 elaborates on the types of DSS and its applications in different domains.

6.2.2 Limitations of Decision Support System

• Dependence on Data Quality: DSS heavily relies on the availability and accuracy of
relevant data.

• Sensitivity to Assumptions: DSS often utilize models and algorithms based on assump-
tions, which can impact the accuracy of outcomes.

• Lack of Human Intuition: DSS may not fully capture qualitative factors and human
intuition that are important in the decision-making process.

• Narrow Focus: DSS may be designed for specific tasks or domains, limiting their effec-
tiveness in broader decision-making contexts.
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• Over-Reliance on Technology: There is a risk of over-reliance on DSS outputs without
critical evaluation and independent decision-making.

• Resistance to Change: Adoption of DSS may face resistance from individuals accus-
tomed to traditional decision-making approaches.

• Cost and Complexity: Developing and maintaining DSS can be resource-intensive,
requiring technical expertise and financial investment.

• Ethical Considerations: DSS may encounter ethical challenges, such as fairness, bias,
and privacy concerns that need to be addressed.

In order to address the challenges faced by Decision Support Systems (DSS) and enhance
their component functionalities, Expert Systems (ES) have been introduced. Both DSS and ES
operate within similar domains and share similar working principles, thereby allowing for a
seamless transition from DSS to ES. The intersection of DSS and ES is described in Table 6.2,
and further details on the Expert System are presented in Section 6.4.

Domain name DSS ES
Corporate Financial Plan-
ning

Loan repayment sched-
ule, depreciation, and
break-even analysis ex-
plain in the paper [120].

ES built for currency exchange
in international business trans-
actions explained in the paper
[259].

Market Analysis Forecasting, sales analy-
sis, and promotion analy-
sis explained in the paper
[120].

ES used for control of client re-
lationships, market research, and
product planning explained in
the paper [241].

Health care DSS advises health work-
ers and patients on spe-
cific problems explained
in the paper [253].

ES used for heart failure tele-
monitoring system explain in the
paper [334].

Transportation DSS provides informa-
tion during emergency re-
sponse, recovery effec-
tiveness, and alerts the re-
sponders explained in the
paper [408].

ES used for autonomous cars
and DARPA challenges explain
in the paper [33].

Real-Estate Investments Financing alternatives,
cash flows, and impact
on taxes explained in the
paper [120].

ES built for selection and evalu-
ation of floor finishing materials
explained in the paper [218].

Table 6.2: Intersection of DSS and ES
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Based on the challenges and metrics of these domains, the evolution goes from Decision
Support Systems (DSS) to Expert Systems (ES). The following section describes Expert Sys-
tems.

6.3 Expert Systems (ES)

[127] paper explained the Expert System is a computer system that mimics a human in decision-
making. It uses a knowledge base, which contains a set of rules and facts, along with an
inference engine to reason and make decisions. Expert systems are built by capturing the
knowledge and expertise of human experts and encoding it into a computer program. They
excel at providing specialized knowledge and advice within a specific domain, unlike DSS
which can be applied to various tasks.

6.3.1 Components of Expert System

Fig 6.2 shows a general ES architecture with various connected components explained in these
papers [273], [306].

• Inference Engine: This component searches the knowledge base for new information
and infers new information using various methods. There are two approaches used in the
inference engine: Forward chaining and Backward chaining.

• Knowledge Acquisition and Learning Module: The ES’s information comes from a
variety of places, including textbooks, human experts, reports, presentations, movies,
and the internet. This module enables the system to gather additional information about
the problem and store it in the knowledge base.

• User Interface: It allows users to communicate with the ES through an interface, which
aids in the system’s knowledge production and querying for the task at hand.

• Explanation Module: It allows the user to interrogate the ES about how and why it
came to the result.

• Special Interface: This module is used to carry out a task such as dealing with ambigu-
ous information. It deals with ambiguous data and information.

• Case History: It is used to extend the knowledge base of a learning module by storing
files created by an inference engine utilizing a dynamic database.
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Figure 6.2: The general ES architecture explained in these papers [273], [306].

• Knowledge Base: An ES’s knowledge base is made up of information about the prob-
lem. A static and dynamic database serves as the memory. Rules and facts make up static
knowledge. Dynamic knowledge is made up of detailed material and a series of queries
posted to a human expert on the subject. In practice, all of the correct answers are stored
in a dynamic database.

According to the paper [256], based on the various parameters and components like knowl-
edge base, knowledge representation, adaptability, maintenance, inference engine, and expla-
nation module, Expert Systems can be divided into five categories: Rule-based ES, Frame-
based ES, Fuzzy-based ES, Neural ES, and Neuro-fuzzy ES.

As expert systems developed into decision support systems, they shifted from simulating
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human competence to offering data-driven analytical tools and insights for making decisions.
In order to increase their capabilities and adaptability, decision support systems have included
advanced analytics and AI approaches, making them more versatile and efficient in supporting
decision-makers in multiple domains. Expert and decision support system integration may
improve the effectiveness of both computerized systems. The following passage describes the
conceptual view of ES and DSS.

6.3.2 Conceptual View of DSS and ES

DSS (Decision Support System) ES (Expert Systems)

User
Interface

User

DataBase

Models
Base

Expert
Knowledge

Base:
Factual,

Procedural
(Rules)
Justifier

Natural Language
Interface


Interpreter

Scheduler

Consistency
(Enforcer)


Blackboard

User

Figure 6.3: Conceptual View of DSS and ES explained in the paper [371].

Fig 6.3 describes the conceptual view of the ES and DSS. The Database, Model-base, and
User-Interface are all contained within the DSS. The database houses the firm’s “factual” in-
dustry’s knowledge (internal or external data). The Model-base is a collection of management
science, statistical, economic, and industry models. The model base/database is linked to the
User-Interface, which displays the results to the user. ES contains the Expert, Knowledge-base,
and Justifier. Interpreter, Scheduler, Consistency (Enforcer), and Blackboard are the compo-
nents of the Natural Language Interface. The knowledge base comprises both factual and pro-
cedural information on the field in question. Interpreter, Scheduler, and Consistency (Enforcer)
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are tools for controlling how a user’s conversation with the system is processed. Choosing an
agenda for processing, executing the chosen agenda by applying the relevant procedural knowl-
edge with the help of an Expert, and attempting to maintain consistency in the representation
of the developing solution are all reasons for which these systems are constructed. The devices
used to record intermediate judgments that the ES manipulates are known as black-board de-
vices. The Justifier is a key aspect of ES since it gives the user a justification for the system’s
behavior. The language processor is employed to allow the user to engage in problem-solving
dialogue with the ES. As mentioned above, the features are based on idealized ES. The follow-
ing Table 6.3 describes the differences between ES and DSS.

Attributes DSS ES
Objective Assist human Replacing a human by replicat-

ing (mimicking) him or her.
Who is the Deci-
sion maker?

The human The system

The primary focus Making Decisions Expertise Exchange
Direction of Query The machine is questioned by a

human
A human is questioned by the
machine.

Clients Group users or Single user Single user
Manipulation Numerical types Symbolic Types
Area of Problem Integrated, Wide, Complex Confined domain
Data-Base Factual and Heuristic Knowl-

edge
Procedural and Factual Knowl-
edge

Group composition Personal, Institutional, and
Group

Personal and Group

Table 6.3: Differences between ES and DSS

Expert systems have many advantages, but they also have certain challenges. Here we
describe a few challenges in the following way:

• Acquisition of Knowledge: It can be a challenging and time-consuming procedure to
get knowledge from domain experts. Experts may possess implicit knowledge that is dif-
ficult to express, and it can be difficult to convert this knowledge into a formal knowledge
representation.

• Knowledge Representation Representing acquired knowledge in a way that the expert
system can successfully use it. The selected representation should be able to convey the
intricacies and complexity of the domain while being understandable and manageable
for the system.
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• Maintenance of Knowledge: As domain knowledge develops, expert systems need to
be regularly updated and maintained. To keep the system current and correct, regular
changes are required. It can be difficult and resource-intensive to manage these upgrades
and incorporate new information into the system.

• Expertise and Limited Scope: Expert systems are frequently created to address particu-
lar areas of concern and may not have the adaptability needed to handle novel or unusual
circumstances. They do well in their areas of expertise but may fail when dealing with
issues that fall outside of those areas.

• Lack of Transparency and Explanation: Expert systems frequently base their choices
on complex rules and inference techniques, which can make it difficult to communicate
their logic to end users. Lack of transparency can cause user mistrust and prevent the
system from being used more widely.

• User Adoption and Acceptance: Expert system adoption and trust among end users,
including domain experts, can be difficult to achieve. Expert systems may have difficulty
being accepted and used effectively due to human issues of resistance to change, a lack
of familiarity, and skepticism regarding machine-based decision making.

Many expert systems applications fail simply because management failed to do a sober, false
assessment of their problem’s eligibility for an expert system due to momentum, enthusiasm,
competitive pressure, or need. Even projects that are viable could fail due to expensive ex-
penses, long development delays, insufficient validation, or the realization that the finished
product is useless. Companies are not ready to encourage full-time employees to train and
upgrade the skills for ES explained in the paper [84]. So the evolution occurs from ES to
Recommender Systems (RS) due to failing of ES, DSS components getting merging with RS.

6.4 Recommender Systems (RS)

The concept of the Recommender System was introduced in the early 1990s to help human
users identify (suggest) the most useful and interesting products. Collaborative filtering was
the first terminology used in the field of recommender systems. The term Collaborative filtering
was introduced in the paper [143]. In 1992 Xerox PARC’s Tapestry developed the project using
the name “Recommender Systems”. Later, Resnick and Varian used the term “Recommender
Systems” in 1997 explained in the paper [309]. When large data sets became accessible in
2006, and the Netflix Prize explained in the paper [40] was announced for improved prediction
accuracy, research in recommendation systems skyrocketed. The prize enabled the first sum-
mer school to be held the same year, as well as the inaugural ACM Recommender Systems
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conference – RecSys – in 2007. The concept behind recommender systems is that they fore-
cast recommendations based on user preferences, allowing them to select items from a large
number of web applications.

Recommender systems are designed to predict a user’s interests and propose things that
are likely to interest them. These are among the most advanced machine learning algorithms
used by online retailers to boost sales. Companies that use recommender systems aim to boost
sales by providing more tailored offers and a better customer experience. The recommendation
usually speeds up searches and makes it simpler for consumers to find the information they’re
interested in, as well as surprising them with offers they wouldn’t have looked for. In Fig. 6.4,
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Figure 6.4: General framework of Recommender Systems explained in the paper [294].

the general framework of Recommender Systems (RS) is presented. In the following, we
discuss the general framework of RS.

For example, a user plans to visit a tourist place and searches E-tourism websites according
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to his interest. The Recommender System filters the data and recommends options to the user
based on his preferences and displays the results. If the user browses the hotels’ profiles in the
database, the system communicates with the knowledge base and the inference engine of the
knowledge-based recommender system to provide specific information to the user.

Recommender systems work with two kinds of information, described below:

• Characteristics Information: Information about items (keywords, categories, etc.) and
users (preferences, profiles, etc.).

• User-item Interactions: Information such as ratings, number of purchases, likes, etc.
Interactions can be defined as either explicit or implicit.

– Explicit: When a person expresses either positive or negative interest in an item,
such as by rating it or writing a review.

– Implicit: When a user’s interest is inferred from their actions, such as browsing or
purchasing an item.

The better the outcomes, the more interactions per user and item.

Based on these, RS can be classified into seven types: Content-Based RS, Collaborative RS,
Demographic RS, Hybrid-Based RS, Knowledge-Based RS, Context-Aware RS, and Session-
Based RS.

Here Table 6.4 describes the Types of RS and their working process.

6.4.1 Limitations and challenges of RS

RS has some limitations like lack of data, changing user preferences, unpredictable items, and
changing data. To build the RS it is most important to understand the limitations.

• Cold start problem: It occurs when a new user is added to the site or new items are
added to the systems. In the first scenario, we didn’t know what to recommend to the
new user because we didn’t know what he was interested in. He had never given any
goods a rating before. In the second scenario, we can promote a new item to others even
if no one has rated it as good or bad by consumers, which is explained in these papers
[337], [170].

• Sparsity: Sparsity problems occur when the user watches movies or buys products and
did not rate those movies or products. It occurs for a large user-product matrix. Rating-
product matrix recommender systems recommend products to others, these papers ex-
plain them [337], [170].
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Table 6.4: Types of RS

Types of RS What it does How it works
Content-Based Used to describe the item

and taste of the user pro-
file explained in the paper
[94].

Information provided by the user, ei-
ther explicitly (ratings) or implicitly
(search results, clicking on a link). A
user profile is created using that infor-
mation and is then utilized to offer rec-
ommendations to the user.

Collaborative-
Based

Used to capture and an-
alyze user activity in the
form of feedback, ratings,
preferences, and actions
are explained in the paper
[94].

The method of removing items that a
user might enjoy based on the reac-
tions of other users. It works by sifting
through a large group of people to lo-
cale a smaller group of users with sim-
ilar likes to a specific user.

Demographic-
Based

Used to employ user pro-
file information such as
age, gender, demographic
area, education, interests,
and their opinion about
rating things to locate
common users who have
comparable ratings are
explained in the paper
[169].

Based on demographic attributes. De-
mographic RS distinguishes the users
based on their attributes and recom-
mends the movies by utilizing their de-
mographic data are explained in the pa-
per [275].

Hybrid-Based A combination of both
CBRS and CFRS that re-
duces the issues and chal-
lenges of the applications
are explained in the paper
[184].

Using CBRS or CFRS alone does not
provide high performance and does not
address the concerns and challenges ef-
fectively.

Knowledge-
Based

It is a form of RS that
is built on explicit knowl-
edge of the item selection,
user preferences, and sug-
gestion criteria.

Based on specific knowledge of the
item assortment, user preferences, and
criteria for making recommendations
are explained in the paper [61].

Context-Aware To provide individualized
services, it uses sensing
and analysis of the user
context to increase the ac-
curacy of the recommen-
dations.

The user context is sensed and ana-
lyzed to deliver customized services.
Sensors can be used to gather contex-
tual data, which helps improve the ac-
curacy of the recommendations are ex-
plained in the paper [7].

Session-Based To predict the next given
item (product) or a se-
quence of previous items
(products) consumed in
the session.

For accurate and timely recommenda-
tions, it records both a user’s short-term
preferences and dynamic changes from
one session to the next are explained in
the paper [380].
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• Scalability: Scalability is a metric that measures a system’s capacity to run efficiently
with high performance while expanding its data are explained in the paper [198].

• Privacy: In RS, privacy is one of the most crucial factors. When RS provides sugges-
tions based on a user’s preferences, we need to know certain information about the user’s
preferences. Users must be aware of what data is required in order to recommend the
best products to them, as well as how they will be used, is explained in the paper [218].

• Shilling Attacks: It happens when a malevolent person tampers with the system’s design
and assigns fraudulent ratings to certain things, either to boost or decrease popularity, are
explained in these papers [184], [170].

Several challenges in the ES are listed below: Cold start problem, sparsity, scalability, over-
specialization, diversity, novelty, serendipity, privacy, shilling attacks, and gray sheep. Here,
the quality of an item or product is a major issue in the RS. In general, the quality of items is
evaluated by the RS applications using ML are explained in the paper [283], DL techniques and
algorithmic approaches are better works in some cases. Thus, evaluation factors (metrics) are
user-centric approaches and take into consideration factors that impact the user’s satisfaction
and motivate (creating interest) them to make the decision related to recommendation (pur-
chase, listen, watch) are explained in the paper [327]. In this scenario, a good RS should be
transparent in one approach to explain why items (products) are recommended to the active
user. Moving beyond accuracy measures to create and evaluate explainable RS is a promising,
yet difficult, search area. It is challenging to evaluate RS results because most RS is based on
ML and DL techniques that are opaque by nature. Fortunately, XAI are explained in the paper
[5], a new branch of research, proposes ways for making AI systems’ results more human-
friendly. We recommend XAI then that the results of this field be used, adapted, and projected
upon RS to make it more transparent and trustworthy. In the next section, we explore the
emerging XAI technology.

6.4.2 Evaluation of Recommender System

There are various types of RS we should evaluate based on their performance are explained
in the paper [8]. Mainly RS metrics are MAE (Mean Absolute Error), RMSE (Root Mean
Absolute Error), HR (Hit Rate), ARHR (Average Reciprocal Hit Rate), CHR (Cumulative
Hit Rate), RHR (Rating Hit Rate), Novelity, Diversity, and coverage. The following section
describes the XAI.
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Figure 6.5: Flow chart of Decision Support Systems and RS
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6.4.3 How DSS are now merging with RS

Fig 6.5 describes the DSS merging with RS. Decision Support Systems (DSS) were developed
as a complement to computerized choice-making systems. For circumstances when human in-
put was required, since the decision situation was not highly structured (programmable), there-
fore, required human judgment and intuition are explained in the paper [40]. The computer’s
job was to give information in the form of databases or models to aid in decision-making ex-
plained in the paper [23]. Because of the abundance of information and the speed with which
decisions must be made, a decision scenario might become unstructured as a result of the new
information economy. Users require computer assistance not just due to the complexity of
a particular decision (the original DSS notion), but also due to a lack of processing speed.
This category of decision support includes recommendation systems, which analyze options.
Typical applications of recommendation systems include suggesting information to a decision-
maker (filtering systems) and ranking films, restaurants, books, and other items. In some ways,
these are minor decisions, yet they add up. However, we do not want to limit recommenda-
tion systems to low- or medium-importance issues for individuals or organizations. As shown
below, systems can be imagined to assist users in making big decisions, such as purchasing
equipment for companies and purchasing home or automobiles for individuals. To produce
their recommendations, recommendation systems may employ all or any information from any
source, as well as a variety of processing techniques. On the other hand, recommender systems
(limited definition) fulfill the same function as recommendation systems, but with the addition
of human recommenders. Recommendants and recipients may not know one other, they may
or may not collaborate overtly with the recipients of the information explained in the paper
[309].

6.5 Explainable AI (XAI)

Explainable Artificial Intelligence (XAI) is an emerging research topic that aims to give end-
users intelligible AI outcomes are explained in the paper [5]. Explainable AI (XAI) also known
as Interpretable or Understandable AI, aims to solve the black-box problem in AI. XAI ap-
proaches, in particular, aim to develop ML/DL techniques to give intelligible, trustworthy, and
explainable rationales for black-box model decisions are explained in the papers [151], [110],
[22]. XAI is sometimes also called a combination of Interpretability and Explainability. In-
terpretability describes the extent to which cause and effect can be observed within the system
and Information representation for experts. Explainability describes the extent to which the
internal mechanics of a machine or Deep Learning (DL) system can be explained in human
terms and from An expert’s point of view for decision-makers. XAI clarifies the logic for the
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decision-making process, identifies the strengths and flaws of the method, and forecasts how the
system will perform in the future are explained in the paper [295]. Building on the architectural
foundations presented in Chapter 3, this section explores the role of XAI in decision support
applications. We focus on evaluation metrics, practical implementations, and domain-specific
impacts, particularly in scenarios involving Recommender Systems and Expert Systems.

Figure 6.6: Explainability are explained in the paper [29].

Fig 6.6 describes various algorithms present in the Explainability. There are two dimen-
sions to machine learning (ML) models as we can see on the graph here, one is accuracy and
the other one is explainability. The loss function can be used as an indicator of model accu-
racy. And that works very well but loss function or model accuracy doesn’t explain how fair
or responsible our ML model is you cannot trust the ML model prediction just based on the
accuracy of the model. We need a second dimension and that is where explainability comes
into picture, which is explained in the paper [29]. Explainability is important to establish trust
between humans and ML systems. It is also important or becoming important because of in-
creasing regulatory compliance around the right to explanation. In 2018, the GDPR Act was
enacted and we started talking about the privacy of data, but there is a less popular article in
GDPR that talks about the right to explanation. Now, the right to explanation is only defined
in principle for GDPR because it is precautionary, but there are countries like Singapore that
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not only define the right to explanation in principle but also use or have developed a frame-
work for enterprise companies to adopt explainability into ML systems. The interesting part is
accuracy and explainability as you can see on the graph here are negatively correlated. What
it means that in the top left you will see ML models like rule-based and logistic regression,
which have low to moderate accuracy, but have high, Intrinsic explainability built in, and on
the other hand, on the bottom right, you will see complex models like support vector machines
(SVM) and neural networks which have very high accuracy which is desired. But are almost
black-box and are not explainable so with that understanding.

6.5.1 Explainability Methods:

Explainabilty 
Methods

Scope

Local

Global

Individual 
Prediction

Overall 
method

Intrinsic Post hoc

               Can be

Model-Specific Model-Agnostic

             

Usually
By 
Definition

Have

Figure 6.7: Explainability Methods are explained in the paper [5].

Fig 6.7 describes the various methods present in Explainability. Explainability methods
in one way can be categorized according to the scope. We can have a local scope or a global
scope. Local scope means something that we were trying to do come with an explanation,
for example a specific credit card transaction. To identify why it was declined, and why it
was tagged as fraudulent that is local scope but maybe data scientists and ML engineers are
something interested in learning overall across multiple examples, which particular features
contribute the most to the model prediction score. And that is where we take into account the
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global scope. And we usually use the averages across the training or the validation examples.
The other dimension that can be used to categorize explainability methods, is method could
be intrinsic. What it means is that by nature or the way the information is represented. Inside
the models that can be used to explain or decode the cause and effect observed in the system.
Now this type of method is model specific because they take into account the information
representation on the other hand we have methods where we don’t care about explainability
until at the time of the model training and after the model training, we try to come up with
a point of view to explain the ML reasoning behind the predictions made up that model and
these models are called post hoc. And it can be categorized into model-agnostic method are
explained in the paper [5].

6.5.2 Several definitions of XAI

D. Gunning defines XAI as “XAI will create a suite of machine learning techniques that enables
human users to understand, appropriately trust, and effectively manage the emerging generation
of artificially intelligent partners are explained in the paper [151].” Dwivedi et al. defines
XAI as “Explainability is the ability to explain the reasoning behind a particular decision,
classification, or forecast are explained in the paper [114].”
Sicular et al. define XAI as “Explainable AI is a set of capabilities that describes a model,
highlights its strengths and weaknesses, predicts its likely behavior, and identifies any potential
biases. It can articulate the decisions of a descriptive, predictive or prescriptive model to enable
accuracy, fairness, accountability, stability, and transparency in algorithmic decision-making
are explained in the paper [340].”

6.5.3 Various aspects of XAI

For a better understanding of XAI is familiar with a few concepts like understandability, com-
prehensibility, traceability, and auditability. XAI terms are more focused on Explainability,
Transparency, and Interpretability. In the below, we explain each term in detail.

• Traceability: The capacity to track all processes from raw material purchase to manu-
facture, consumption, and disposal to determine “when and where the product was made
by whom” is known as traceability.

• Comprehensibility: When we used the ML/DL models, comprehensibility defines the
ability to learn the learning algorithms in a human-understandable manner. It is used for
the evaluation of model complexity.
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• Auditability: Auditability here is referring to the ability of an auditor to successfully
obtain results in the financial sector. Here XAI is used to audit the company’s financial
reporting.

• Understandability: It is the feature of a model to be better understood by humans. How
the model and internal architecture work, according to their algorithms. It is further
divided into two types, such as model understandability and human understandability.

• Explainability: Explainability’s aim is that an ML/DL model and its output can be
explained in such a manner that “makes sense” to a human being at the acceptance level.
Explainability is a powerful tool for detecting model faults and data biases, resulting in
greater trust among all users. It can aid in the verification of predictions, the improvement
of models, and the discovery of new insights into the topic at hand. Understanding what
the model does and why it makes its predictions makes detecting biases in the model or
dataset easier.

• Interpretability: Doshi-Velez et al. and Kim et al. defined that “the ability to explain or
show anything to a human in a way that they can understand.” The assumption is that the
more interpretable an ML/DL system is, the easier it is to distinguish cause-and-effect
links within its inputs and outputs are explained in the paper [197].

• Transparency: A model is said to be transparent in it can be understood on its own.
A model can have various levels of understandability and transparency. It can be di-
vided into three types; simulatable models, decomposable models, and algorithmically
transparent models are explained in the paper [207].

In the above-mentioned definitions, In XAI understandability is the most important concept,
this concept is strongly connected to transparency and interpretability. Here Transparency
refers to a model’s ability to stand on its own and human understanding. Here Understand-
ability refers to the degree to which a human can understand a model’s choice. In the same
way that understandability is connected to comprehensibility, comprehensibility relies on the
audience’s ability to understand the knowledge of the model. The following passage describes
the XAI framework in detail.

We show how an XAI system is set up to allow users to select a piece of matter that speaks
to communicate within a time frame in Fig 6.8 Users can then choose from a menu of questions
to ask the entity about the current time point. The conversation (dialogue) manager guides the
system’s response, first gathering pertinent data using the reasoner and then providing English
responses using the natural language generator (NLG). NLG uses data from databases and
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Figure 6.8: XAI frame work, Here The marker ‘*’ represents the scenarios and logs are ex-
plained in these papers [88], [306].

human interaction to generate natural language templates are explained in the paper [88]. There
are two types of ML algorithms used in XAI: white box and black box ML algorithms.

6.5.4 Characteristics of XAI

There are several characteristics of XAI we define some of them below.

• Trust: The expectation that the corresponding predictive algorithms for explanations
should have certain performance.

• Fidelity: Expectation that the explanation and the predictive model algorithms align
with one another.

• Domain Sense: The explanation should be sense in the domain of application and to the
user of the system.

• Parsimony: The explanation should be as simple as possible.

• Consistency: The explanation should be consistent across different models and across
different runs of the model.
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• Generalizability: The explanation should be generalizable.

6.5.5 How XAI is Overcoming issues of RS

There are two main reasons XAI is overcoming issues of RS are following below. i) To explain
why a recommendation is produced from the user’s perspective. This helps to believe the users
to accept the results. As a result, it contributes to the system’s increased credibility and satis-
faction, resulting in more consumer loyalty.
ii) Interpretability helps developers understand and debug the system from the perspective of
modeling. This increases its scrutability and effectiveness are explained in the paper [327].
Due to these reasons, it is difficult to achieve explainability. Based on ML/DL, deep neu-
ral network algorithms are used in RS. To improve the performance, prediction, quality and
transparency of the items using XAI.

6.5.6 Domains of Intersection of RS and XAI

Here Table 6.5 describes the intersection RS and XAI.

6.5.7 Business benefits

XAI is used mainly to strengthen stakeholder confidence, improve their performance, make
better use of AI, and to further develop. The greater the confidence in the AI, the more quickly
and extensively it may be used. Your company will also be better positioned to stimulate
innovation and stay ahead of the competition in terms of developing and implementing next-
generation capabilities. There are Eight main benefits of XAI are described below.

• Model performance: It’s utilized to figure out where the model’s possible flaws are.
Easier it is to conduct models with a better grasp of what they do and why they occa-
sionally fail. For example, DeepMinds was able to improve and optimize AlphaGo’s
(the machine that famously beat the world’s best Go player) model and create success.
Nowadays the system was working like a black box. For that reason, the Explainability
tool is used for spotting the errors in the model and to improve the performance of the
model.

• Decision making: Machine learning applications in business are primarily used to make
automated decisions. However, we frequently want to employ models for analytical
purposes. For example, utilizing data on location, operating hours, weather, time of
year, products carried, outlet size, and so on, you could train a model to forecast shop
sales throughout a major retail chain. The program would allow you to forecast sales
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Domain Name RS XAI
Corporate Financial
Planning

The RS is used to assist
consumers in locating better
products, financial plans, and
other related information are
explained in the paper [279].

Money laundering, trans-
action data analysis are
explained in the paper
[374].

Market Analysis RS that can learn consumers’
purchasing patterns and predict
their purchasing orders are ex-
plained in the paper [200].

Predicting stock market
crises are explained in the
paper [262].

Healthcare RS used to recommend drugs,
predict health status, provide
healthcare services, and suggest
healthcare professionals are ex-
plained in the paper [368].

Detecting diseases us-
ing blood images are
explained in the paper
[231].

Transportation RS are used to recommend
routes, estimate trip costs, con-
sider weather conditions, and
factor in driving variables are ex-
plained in the paper[359].

Intrusion detection and
security measures in
smart cities are explained
in the paper [288].

Real-Estate Invest-
ments

RS used to recommend land,
prices, and sizes are explained in
the paper [423].

Predicting residential
market values are ex-
plained in the paper
[190].

Defense Detecting war attacks and en-
hancing defense capabilities are
explained in the paper [67].

XAI techniques used
to control Lethal Au-
tonomous Weapon
Systems (LAWS) are
explained in the paper
[384].

Table 6.5: Intersection of RS and XAI
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at my stores on any given day of the year and in various weather conditions. Building
an explainable model, on the other hand, allows you to determine what the major sales
drivers are and use that information to increase revenue.

• Control: To get from proof of concept to full implementation, you must be certain that
your system meets certain planned requirements, does not violate intended requirements
and does not exhibit any unwanted behaviors. If the system makes a mistake, the orga-
nization must be able to recognize that something is wrong and take corrective action, if
necessary, or even shut down the AI systems. By monitoring performance, highlighting
faults, and offering a means to switch the system off, XAI may help your organization
maintain control over AI. In terms of data privacy, XAI can assist in ensuring that only
approved data is utilized for an agreed-upon purpose, and that data can be deleted if
necessary.

• Safety: Due to several constraints on the safety and security of AI systems, they are
more powerful and widespread. Sometimes these systems are also traced by hackers,
due to unethical design, engineering oversights, and the effect on the environment. XAI
can assist in the detection of such flaws. It’s also linked to cyber detection and protection
teams, which protect against hacking and deliberate manipulation of learning and reward
systems.

• Trust: XAI also contributes to the development of trust by enhancing the predictability,
repeatability, and stability of interpretable models. When stakeholders witness a con-
sistent set of results, their trust grows. Once that trust has been created, end-users will
be more willing to trust other applications they haven’t seen before. This is especially
crucial in the development of AI because models are likely to be used in situations where
their users’ actions may modify the environment, thus invalidating future directions.

• Ethics: Engineers and developers focus on functional requirements during the SDLC
(Software development life cycle), while the business team focuses on speeding up AI
implementation and improving performance. XAI evaluates Ethical values in the design
phase of the AI development cycle, with clear governance and controls to guard against
risks emerging from ethical oversight. Ethics is a system of principles that guide’s to jus-
tify the good or bad, right or wrong decisions in trustworthiness, reliability, and honesty
are explained in the paper [3].

• Accountability: It’s critical to know who’s responsible for an AI system’s decisions,
which necessitates a thorough XAI-enabled understanding of how the system works,
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how it makes judgments or provides suggestions, how it learns and evolves over time,
and how to ensure it works as intended.

• Regulation: Regulatory bodies and standard-setting organizations are concentrating on
a variety of AI-related issues, with the establishment of governance, accuracy, trans-
parency, and explainability requirements at the top of the list.

6.5.8 Metrics for Explainability

There are three key factors to consider when determining where interpretability is required and
to what level. Validation, verification, and risk management. The main use case criticality
evaluation criteria across six domains are Revenue, Rate, Rigour, Regulation, Reputation, and
Risk. In practice, the criticality of use case explainability is driven predominately by three
economic factors:

6.5.8.1 Economic factors

i. Potential influence of a single prediction. ii. Understanding why a forecast was made has
economic value in terms of the actions that could be performed as a result of the prediction.
iii. The economic value of the knowledge gained by analyzing trends and patterns in numerous
forecasts (management information). Organizations must, however, place greater emphasis on
variables other than economic and technological drives, such as executive risk, reputation, and
rigor.

6.5.8.2 Evaluation of the use case criticality components

The following passage describes the use-case criticality components according to the business
point of view.

• Revenue: The sum of the economic impact of a single prediction, the economic benefit
of understanding why a single prediction was made, and the intelligence gained from a
global understanding of the process being modeled.

• Rate: The number of decisions that an AI application must make every day vs three per
month, for example.

• Rigour: The application’s robustness: its accuracy and ability to generalize well to un-
known inputs.

• Regulation: The regulation that establishes the acceptable use and level of functional
validation for a particular AI application.
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• Reputation: How the AI application interacts with business, stakeholders, and society,
as well as the extent to which a specific use case may have a negative impact on the
company’s reputation.

• Risk: The potential harm caused by a negative outcome stemming from the employment
of the algorithm extends beyond the immediate implications and covers the executive,
operational, technological, social (including customers), ethical and workforce environ-
ments.

6.5.9 Explainability helps for decision taking

Decision-makers may find Explainability to be a useful tool for understanding the reasoning be-
hind machine learning predictions and enabling meaningful agency by suggesting relevant in-
formation, see [92], [375], [343]. Explainability could aid in establishing their comprehension
of a system’s operation, which is required for them to trust a newly presented ML/AI system
are explained in the paper [59]. Making model behavior understandable to the decision-makers
may reduce the cognitive load required to complete the task and help users in overcoming algo-
rithmic aversion by giving them a secure sense of comprehension are explained in these papers
[123], [406]. There are five reasons for explainability helps in taking decisions.

• In order to meet regulatory criteria for BDAI (Big Data Artificial Intelligence)-based
solutions.

• Promote transparency and trust within the organization.

• To make sure the systems are always optimized.

• In order to improve customer communication.

• Improve the hit rate, which will save expenses and boost productivity.

6.5.10 Problems with current explainability methods

But despite significant efforts in explainability research, many of the suggested methods are not
usable when put into use are explained in the paper [2]. The stakeholders who are supposed
to benefit from explainability efforts may ignore them or misunderstand them due to a lack of
usability. For instance, are explained in the paper [52] found that explainability was primarily
thought of as a tool for ML experts; users and decision-makers did not see it as a useful tool for
them and instead thought of it as a tool designed for ML experts. They conducted interviews
with data scientists and other stakeholders from 30 different organizations. Usability issues
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may arise from a failure to recognize the explainability requirements of various stakeholders.
Until recently, most research efforts were devoted to helping ML specialists and data scientists,
frequently ignoring the needs of a wide range of other stakeholders trying to understand the
operation of opaque systems, as explained in the paper [367]. To ensure that explainability
can be used when used in practice, scholars nowadays appear to agree that greater attention
should be paid to the needs of different stakeholders, as explained in the paper [52]. To avoid
algorithmic aversion, explainability in decision-making contexts should be used with caution,
and a clear purpose of strengthening confidence rather than simply increasing users’ desire to
use the system as explained in the paper [204]. Otherwise, using explainability to increase
confidence in the system and its predictions could lead to automation bias are explained in the
paper [406] and an unjustifiable sense of assurance are explained in the paper [180]. Some
argue that users stop assessing each decision or explanation because explainability allows the
formation of specific heuristics regarding the system are explained in the paper [38].

6.5.11 Important key points of XAI

There are five major key points of XAI in the Business sector as described below.

• AI must be driven by the business: Developers are primarily concerned with well-
stated functional needs, while business managers are concerned with business metrics
and regulatory compliance. Concerns about algorithmic influence usually gain traction
only after algorithms fail or have a detrimental impact on the bottom line. Because AI
software is more adaptable than traditional decision-making algorithms, problems can
emerge faster and with greater impact. Explainable AI can help non-technical executives
and developers connect, allowing top-level strategy to be effectively communicated to
junior data scientists. This technology’s lack of control and quality assurance is inher-
ently unethical, and it must be addressed at all levels of the organization. Governance is
extremely difficult without XAI.

• Executive accountability: With the rise of AI systems and their greater impact on busi-
nesses, individuals, and society, it’s important to understand who is responsible for the
decisions made by AI systems. If leaders are obliged to bear responsibility for AI, they
must be aware of the risk it poses to their company. Executives would bring unforeseen
risks to their profile if they didn’t understand the system’s rationales. Executives must
have faith in a system’s ability to work within set bounds to take accountability.

• Doing the right thing, right: AI systems are designed by humans, and ethics are in-
cluded before the first line of code is written. Before developing and deploying an AI
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system, it is critical to have specified ethics and core principles, as well as a governance
mechanism that assures compliance. These foundations guide your company’s interac-
tions with potential customers, preventing unethical behavior. It’s critical that business
managers understand the risks, be held accountable for them, and, when necessary, have
a formal system in place to match your technology with your company’s ethical princi-
ples and risk appetite.

• Future-proofing your AI: The demand for interpretability is growing. The usage of
powerful AI in fields like financial services is so well established that dangers should
be at the top of the risk list. Other industries, including healthcare and transportation,
are quickly catching up. And, as AI spreads throughout the economy, all sectors will
need to assess the criticality and influence of their AI on the one hand, as well as their
confidence in the outcomes on the other. There will also be a new generation of AI-
specific regulations. In this regard, AI explainability is fast catching up to cyber as a
threat, but it may also be a useful differentiator if handled correctly.

Explainability is a business issue that requires a response from the CEO and the board of
directors, not just a technical one. Now is the time to act-get this right, and you’ll be able to
move forward with more confidence.

6.5.12 Limitations of XAI

Here some of the XAI limitations are described below.

• Confidentiality: An algorithm may be classified as confidential, a trade secret, or a
security risk if it is revealed. How can we be sure that the AI system hasn’t picked up a
biased view of the world (or perhaps an unbiased view of a biased world) due to flaws in
the training data, model, or goal function? Consider a scenario in which the software’s
creators are biased, either consciously or unconsciously.

• Complexity: Algorithms are sometimes simple to understand but quite difficult to im-
plement. As a result, a layperson’s comprehension is ludicrous, and this is an area where
XAI techniques may be effective. Because XAI can build alternative algorithms that are
easier to understand.

• Unreasonableness: Algorithms that produce conclusions based on genuine facts that
are not rational, prejudiced, or out of line. How can you be sure that the decisions made
by an AI system are fair? Reasonability is logical, but it also has the perspective that it
is dependent on the precise knowledge input supplied to AI algorithms.
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• Injustice: We may be able to grasp how an algorithm works, but we need to know how
the system complies with a legal or moral code.

• Control: To progress from a proof-of-concept to a full-fledged implementation, you
must be certain that your system meets all of the specified requirements and does not
exhibit any undesirable behaviors. If the system makes a mistake, businesses must be
able to recognize that anything is wrong to take corrective action or, in the worst-case
scenario, shut down the AI system. By monitoring performance, highlighting faults, and
offering a means to switch the system off, XAI may help your organization maintain
control over AI. In terms of data privacy, XAI may assist in ensuring that only approved
data is utilized, for an agreed-upon purpose, and that data can be deleted if necessary.

• Safety: There have been various faults raised about AI systems’ safety and security,
particularly as they become more powerful and prevalent. This can be attributed to a
variety of issues, including unethical design, engineering oversights, hacking, and the
impact of AI’s operating environment. XAI can assist in the detection of such flaws. To
protect against hacking and deliberate manipulation of learning and reward systems, it’s
also critical to collaborate closely with cyber detection and protection teams.

• Trust: XAI was utilized to increase confidence by improving the predictability, repeata-
bility, and stability of interpretable models. When stakeholders witness a consistent set
of results, their confidence grows over time. Once such trust has been created, end-users
will be more willing to trust applications they haven’t seen before. This is especially cru-
cial in the development of AI because models are likely to be used in situations where
their use could change the environment, thus invalidating future predictions.

• Ethics: Engineers and developers focus on functional requirements during the SDLC
(software development life cycle), whereas business teams focus on speeding up AI im-
plementation and improving performance. The need to fulfill these compelling aims
might readily hide the ethical implications and other unforeseen consequences. It’s crit-
ical that a moral compass is included in AI training from the beginning, and that AI
behavior is regularly monitored through XAI evaluation after that. A formal method that
matches a company’s technological design and development with its ethical ideals and
principles, as well as its risk appetite, may be required where suitable. PwC is aiming
to incorporate ethical considerations into the design phase of the AI development cycle,
with explicit governance and control in place to protect against ethical oversight risks.

• Accountability: It’s critical to understand who is responsible for an AI system’s judg-
ments. This, in turn, necessitates a thorough XAI-enabled understanding of how the sys-
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tem works, how it makes judgments or provides suggestions, how it learns and changes
over time, and how to ensure it works as intended.

• Regulation: While AI is currently unregulated, this is expected to change as its impact
on daily life grows more widespread. Regulatory bodies and standard-setting organi-
zations are concentrating on a number of AI-related issues, with governance, accuracy,
openness, and explainability at the top of the list. Protecting potentially vulnerable con-
sumers is another regulatory priority.

6.5.13 Key Research Development in XAI

XAI has grown with numerous studies and methodologies, from interpretable linear machine
learning models to deriving explanations to systems with complicated deep neural networks.
The Defense Advanced Research Projects Agency in the United States is one of the primary
institutions responsible for making XAI so popular (DARPA). In addition to enabling trans-
parency in AI systems, hybrid cloud and AI platform providers such as IBM and Google have
also made significant investments in this area. In addition, certain well-known open source
tools, such as Dalex, SHAP, Lime, Shapash, and others, come in handy when working with
XAI.

• SHAPASH: SHAPASH is a Python package that is used to make machine learning ac-
cessible to everyone. It offers a variety of visualizations with clear descriptions that
anyone can understand. Data scientists can readily understand and share their models.
A description of the most influential criteria helps end-users understand the decision
proposed by a model. SHAPASH also aids data science audits by providing important
information about any model and data in a single report.

• LIME: A Loadable Kernel Module (LKM) for Linux and Linux-based devices such
as Android that enables volatile memory acquisition. This distinguishes LIME as the
first tool to capture complete memory on Android devices. It also reduces user-kernel
interaction during acquisition, resulting in more forensically sound memory grabs than
existing Linux memory acquisition programs.

• DARPA: Deep Explanation, Interpretable Models, and Model Induction were three of
DARPA’s explainability techniques. Based on promising research at the time, their goal
was to adopt new modified ML algorithms and develop explanation models based on
psychological theories of understanding while maintaining a high degree of learning
performance are explained in the paper [151].
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• DALEX: DALEX is an open-source explainability package that may be used with Keras,
TensorFlow, and h2o are explained in the paper [37]. Breakdown are explained in the
paper [354], Lime (Local Interpretable Model-agnostic Explanations) are explained in
the paper [310], and Shapley Value are explained in the paper [216] are examples of
standard methods for interpretability and explanation. The Dalex package provides uni-
form abstraction across predictive models, model-level explanation, and predictive-level
explanation.

• SHAP: SHAP is a model-independent explainability framework. It is currently one of
the most popular ways to explain machine learning. SHAP (Shapley Addictive Expla-
nations) is a unified game theory-based strategy for interpreting any model’s output are
explained in the paper [216].

• IBM - AI Explainability 360: In addition to advancing XAI research and develop-
ment, IBM released AIX360, an open-source platform that provides data scientists and
developers with a variety of explainability methods, evaluation metrics, and taxonomy
of explainability approaches. This software toolkit was developed by IBM Research’s
Vijay Arya and colleagues to provide a platform for identifying gaps in AI systems and
explaining AI models or complex datasets to people in various ways. It’s claimed as
the most comprehensive tool for explaining AI, covering topics like data interpretation,
local and global post-hoc methodologies, person-specific explanations, and evaluation
measures are explained in the paper [30].

6.5.13.1 Critical Domains

• Health-care: Health care workers utilize AI to speed up and improve a variety of func-
tions, including decision-making, forecasting, risk management, and even diagnosis, by
scanning medical pictures for anomalies and patterns that are undetected to the naked
eye. Many healthcare practitioners now use the XAI as a critical tool, but it is often dif-
ficult to understand, causing frustration among clinicians and patients, especially when
making high-stakes decisions. Here XAI is used in the following scenarios. When fair-
ness is critical, and end-users or consumers require information to make an informed
decision, When the consequence of a wrong AI choice is severe (such as a reference to
unnecessary surgery), When the cost of a mistake is substantial, such as a misdiagnosis
of a malignant tumor that results in excessive financial charges, increased health risks,
and personal trauma, and When the AI system generates a new hypothesis, it must be
confirmed by domain or subject matter experts are explained in the paper [9].
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• Criminal justice: ML/DL algorithms are increasingly being confronted by courts in
criminal, administrative, and civil matters. Judges, according to this essay, should seek
explanations for algorithmic conclusions. Designing systems that explain how algo-
rithms arrive at their conclusions or predictions is one option to overcome the “black
box” problem. Judges will play a pivotal role in influencing the type and form of “ex-
plainable AI” if and when they demand these explanations (XAI). Courts can define what
XAI should mean in various legal settings using common law methods. There are several
benefits to having courts play this role: A pragmatic way to reach nuanced judgments is
to use judicial reasoning that builds from the bottom up, employing case-by-case assess-
ment of the evidence are explained in the paper [99].

• Real-Estate: In real estate AI apps can handle planned data flows, learn user behavior,
streamline and expedite operations, and provide more accurate assessments and market
forecasts using XAI methods.

• Autonomous vehicles: Vehicle automation entails using mechatronics, artificial intelli-
gence, and multi-agent systems to help a vehicle’s operator (car, aircraft, watercraft, or
otherwise) are explained in these papers [164], [163]. These features, as well as the vehi-
cles that use them, may be referred to as intelligent or smart. Semi-autonomous vehicles
use automation for challenging tasks, such as navigation, to help but not replace human
input, whereas robotic or autonomous vehicles rely solely on automation.

• Algorithmic trading: Algorithmic trading is a way of executing orders using pre-
programmed automatic trading instructions that take into consideration variables includ-
ing time, price, and volume are explained in the paper [206]. In comparison to human
traders, this sort of trading tries to take advantage of the speed and computational ca-
pacity of computers. Algorithmic trading has gained popularity among retail and insti-
tutional traders in the twenty-first century. It is extensively utilized by investment banks,
pension funds, mutual funds, and hedge funds that need to spread out the execution of a
larger order or execute deals that are too quick for human traders to respond.

6.5.13.2 Mission Critical Systems

A mission-critical system is a computer, electrical, or electromechanical system that is essential
to the success of an operation. When such a system fails or is disrupted, the consequences are
typically severe and immediate.

Mission-critical systems include mission-essential equipment and mission-critical applica-
tions. Examples of mission-critical systems include: Operating and controlling systems for
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railways and airplanes, Electric power grid management systems, Communication systems for
first responders. Explainable Artificial Intelligence (XAI) offers advantages over traditional
Decision Support Systems (DSS) and Recommender Systems (RS) in mission-critical domains
by providing transparent and trustworthy AI-driven decision-making.

6.5.14 Which sectors need XAI but other approaches are not suitable in RS, ES,
and DSS

Common suitable sectors for XAI: Health care, marketing, insurance, and financial services. In
these sectors, Machine Learning (ML), Artificial Intelligence (AI) techniques, and XAI meth-
ods are used to develop more explainable models while maintaining a high level of learning
prediction (accuracy) and performance.

6.5.15 Explainability of different types of algorithms and learning techniques on
a subjective scale

Explainability is the ability to comprehend a given result when seen as post hoc interpretations.
We have provided subjective values on a scale of 1 to 5 (with 1 being the most difficult and
5 being the easiest) to rate how easy or difficult it is for an end-user to decipher why a model
made a certain decision because most of these models do not provide direct explanations as to
why or how the results are achieved. Each of these learning processes has its structure, which
is influenced by how new information is learned.

Table 6.6: Explainability of AI Algorithms and Learning Techniques

S.No AI Class Technique Explainability (1–5) Reasoning
1 Graphical Models Bayesian Belief Networks (BBNs) 3.5 Represent conditional dependencies;

attribute-level reasoning is traceable.
2 Supervised/Unsupervised Decision Trees 4 Tree structure enables transparent deci-

sion rules and criteria.
3 Supervised Logistic Regression 3 Mathematical relationships are visible,

but coefficients may be complex to in-
terpret.

4 Supervised Support Vector Machines (SVMs) 2 Decision planes are known, but
feature-level explanations are limited.

5 Unsupervised K-means Clustering 3 Clusters are interpretable via centroids,
though meaning may be abstract.

6 Deep Learning Neural Networks (NNs) 1 Hidden layers obscure direct reason-
ing; low explainability.

7 Ensemble Models Random Forest/Boosting 3 Based on multiple trees; some trans-
parency with reduced clarity.

8 Reinforcement Learning Q-Learning 2 Learns through reward signals; under-
lying logic is difficult to trace.

9 NLP Hidden Markov Models (HMMs) 3 Sequence modeling with probabilis-
tic transitions provides moderate inter-
pretability.

Here Table 6.6 describes the Explainability of algorithms and learning techniques.
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6.5.15.1 Architectural Similarities between DSS, ES, RS, and XAI

Table 6.7 describes the architectural similarities between DSS, ES, RS, and XAI.

Table 6.7: Architectural Similarities between DSS, ES, RS, and XAI

DSS ES RS XAI
Inference Engine Inference Engine Recommendation

Engine
AI Entity

Knowledge Base Knowledge Base Knowledge Base XAI Database
User Interface User Interface User Interface User Interface
Database Explanation Mod-

ule
Recommender
Systems

Explanation Mod-
ule

Translation Process – Translation Process Behavior Transla-
tion Process

6.6 Case Study of Defect Prediction

In the modern era of advancing digitalization, software defects have become prevalent and
incredibly costly, yet they pose significant challenges in terms of identification, anticipation,
and prevention. Consequently, if software defects persist in safety-critical systems, they could
lead to severe harm to individuals, jeopardize lives, and cause catastrophic incidents. In this
section, we consider a case study of how Software Defect Prediction provides an insightful lens
to explore the evolution of AI-driven decision-making in the realm of DSS, ES, RS, and XAI.
Over the years, advancements in these areas have played a crucial role in improving software
quality, mitigating risks, and enhancing overall system performance.

6.6.1 DSS

Initially, DSS for software defect prediction relied on basic statistical techniques and data anal-
ysis to identify potential problem areas. These systems would analyze historical defect data,
such as bug reports and code changes, and generate statistical reports on defect rates and trends.
While these early DSS provided some insights, they lacked the ability to detect specific defects
or provide actionable recommendations.

Advancements in machine learning and data mining techniques paved the way for more
sophisticated DSS in software defect prediction. These systems began leveraging historical
defect data, code metrics, and other relevant software attributes to build predictive models.
Machine learning algorithms, such as decision trees, random forests, and support vector ma-
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chines, were employed to classify software components as defective or non-defective based on
their features.

As DSS evolved, they began to integrate additional data sources, such as code complexity
metrics, code churn, and developer activity, to enhance the accuracy of defect prediction mod-
els. By considering multiple factors, these DSS became more capable of identifying potential
defect-prone areas in software code. Developers could prioritize their efforts, focus on critical
components, and allocate resources effectively.

Moreover, DSS for software defect prediction started incorporating feedback loops. As new
defect data became available, the models were retrained, allowing them to adapt and improve
over time. This iterative process helped refine the defect prediction models, increasing their
accuracy and reducing false positives or false negatives.

6.6.2 ES

In the case of software defect prediction, expert systems have been instrumental in capturing
the expertise of experienced software engineers and translating it into a rule-based system.
These systems analyze various factors such as code patterns, software structure, and historical
defect data to identify potential defects and provide recommendations for preventive measures.

One of the key advantages of expert systems is their ability to leverage a vast amount of
domain-specific knowledge. Software engineers with extensive experience in detecting and
fixing defects can contribute their expertise to the system. This knowledge is captured in the
form of rules that represent the decision-making processes followed by human experts. These
rules are typically based on if-then statements, where certain conditions in the software code
trigger specific actions or recommendations.

To develop an expert system for software defect prediction, the first step involves acquiring
and organizing the relevant knowledge from domain experts. This knowledge includes coding
standards, best practices, common pitfalls, and defect patterns. The acquired knowledge is then
translated into a rule-based structure that can be processed by the expert system.

Once the expert system is developed, it can be deployed to analyze software code and
predict potential defects. By applying the established rules to the code, the system identifies
patterns and detects areas that are likely to contain defects. The expert system can also provide
recommendations for preventive measures, such as suggesting alternative coding approaches
or highlighting potential vulnerabilities.

One notable aspect of expert systems is their ability to learn and adapt. As the system
processes more data and encounters real-world scenarios, it can update and refine its rules. This
adaptive capability ensures that the expert system evolves with changing software development
practices and emerging defect patterns.
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Expert systems have significantly improved the accuracy and efficiency of software defect
prediction. By leveraging the collective knowledge and expertise of experienced software en-
gineers, these systems can identify potential defects early in the development process, enabling
timely interventions and preventing the occurrence of critical issues. Moreover, expert systems
provide consistent and reliable predictions, reducing the dependence on individual expertise
and minimizing human errors.

However, it is important to note that expert systems have certain limitations. They heavily
rely on the knowledge and rules provided by human experts, which means that any biases
or limitations in the expert’s knowledge can impact the system’s performance. Additionally,
expert systems may struggle with handling complex or ambiguous scenarios that go beyond
the scope of predefined rules. In such cases, the system may require constant updates and
refinement to ensure accurate predictions.

6.6.3 RS

In the context of software defect prediction, recommender systems leverage machine learning
algorithms and collaborative filtering techniques to analyze vast amounts of historical defect
data. They aim to identify patterns, similarities, and relationships between various software
projects and their associated defects. This analysis enables recommender systems to generate
personalized recommendations and suggestions for software developers to proactively address
potential defects and improve overall code quality.

One of the primary benefits of using recommender systems for software defect prediction
is their ability to leverage collective intelligence. By analyzing a wide range of historical defect
data from different software projects and teams, recommender systems can identify common
patterns and correlations that might be missed by individual developers or traditional rule-
based systems. This collective intelligence provides valuable insights into defect-prone areas,
coding practices, and potential risks, enabling developers to make informed decisions during
the development process.

Recommender systems also play a crucial role in knowledge transfer and sharing within
software development teams. By analyzing historical defect data, these systems can identify
expertise and experience patterns of individual developers or teams. They can then recommend
relevant knowledge resources, best practices, and coding guidelines to other team members.
This knowledge transfer facilitates a collaborative and learning-oriented environment, where
developers can benefit from the collective experience and expertise of their peers, ultimately
leading to improved software quality and defect prevention.

Furthermore, recommender systems in software defect prediction can assist in resource al-
location and project planning. By analyzing historical defect data and project characteristics,
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these systems can recommend appropriate allocation of resources, such as assigning experi-
enced developers to critical areas or allocating additional testing efforts in defect-prone mod-
ules. This data-driven decision-making helps optimize resource utilization, mitigate risks, and
enhance overall project management.

It is important to note that the effectiveness of recommender systems in software defect
prediction heavily relies on the availability and quality of historical defect data. Therefore,
organizations must prioritize the collection, documentation, and maintenance of defect data
throughout the software development lifecycle. The more comprehensive and accurate the his-
torical data, the more reliable and precise the recommendations generated by the recommender
systems will be.

6.6.4 XAI

Initially, traditional machine learning models, such as neural networks, were effective in pre-
dicting software defects. However, their decision-making processes were often considered
black boxes, making it challenging for developers to understand and trust the predictions. This
lack of interpretability raised concerns, especially in safety-critical systems where the conse-
quences of software defects could be severe. Recognizing the need for transparent decision-
making, researchers and practitioners delved into developing XAI techniques are explained in
these papers [361], [239] specifically tailored for software defect prediction. These techniques
aim to provide understandable explanations for the predictions made by AI models, enabling
developers to comprehend the reasoning behind the defect predictions.

One approach within XAI is rule-based explanations. This technique involves extracting
decision rules from the AI model, allowing developers to understand how the model reaches a
particular prediction. By translating complex model behavior into interpretable rules, develop-
ers can identify the specific code patterns, metrics, or features that contribute to defect predic-
tions. These explanations serve as valuable insights, enabling developers to focus their efforts
on the relevant areas of the codebase and take appropriate preventive actions. Another XAI
technique applied to software defect prediction is feature importance analysis. This method
aims to identify the most influential features or factors contributing to the model’s predictions.
By quantifying the importance of different code attributes or metrics, such as cyclomatic com-
plexity, code churn, or code coupling, developers gain a better understanding of the key drivers
behind defect predictions. This knowledge helps prioritize efforts for defect prevention, code
refactoring, or targeted testing in the areas deemed most critical by the model.

Counterfactual explanations are another XAI technique used in software defect prediction.
These explanations provide alternative scenarios where defects are prevented. By analyzing
counterfactuals, developers can understand the specific code changes or modifications required
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to avoid predicted defects. This information guides them in making informed decisions to rec-
tify potential weaknesses in the software codebase and prevent defects from occurring. XAI
techniques also include visualization methods that present defect predictions in a visually in-
terpretable mannerare explained in the paper [82]. Graphical representations, heatmaps, or
interactive dashboards can be employed to display the areas of the codebase with the highest
defect probabilities. This visual feedback allows developers to quickly grasp the overall defect
landscape, identify hotspots, and prioritize their actions accordingly.

By integrating XAI techniques into software defect prediction, developers gain insights
into the inner workings of AI models. They can validate, interpret, and refine the predictions,
ultimately improving the model’s accuracy and reliability. Additionally, XAI fosters collabora-
tion between AI systems and human experts, empowering developers to leverage their domain
knowledge and make informed decisions based on the explanations provided. The evolution of
XAI in the case of software defect prediction has significantly enhanced trust, transparency, and
accountability in AI-driven decision-making systems. It has bridged the gap between complex
machine learning models and human understanding, empowering developers to make effective
use of AI while maintaining control and ensuring software quality.

Table 6.8: Evolution of Software Defect Prediction (SDP) based on Decision Techniques

Decision Technique Evolution of SDP
Decision Support Systems (DSS) Initially, DSS provided information and reports for

decision-making processes. DSS evolved to incor-
porate defect prediction capabilities, enabling devel-
opers to identify potential defects.

Expert Systems (ES) ES emerged to emulate the decision-making abili-
ties of human experts. ES captured the expertise of
software engineers and translated it into a rule-based
system for defect prediction.

Recommender Systems (RS) RS utilized machine learning and collaborative fil-
tering techniques to analyze historical defect data.
RS provided personalized recommendations for pre-
ventive measures based on similarities to previous
projects.

Explainable AI (XAI) XAI techniques introduced transparency and inter-
pretability in AI-driven defect prediction. XAI en-
abled understanding of the reasoning behind defect
predictions, allowing for validation and refinement.
XAI provided rule-based explanations, feature im-
portance analysis, counterfactual explanations, and
visualization.
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Table 6.8 provides a concise overview of the evolution of Software Defect Prediction (SDP)
based on four decision techniques: Decision Support Systems (DSS), Expert Systems (ES),
Recommender Systems (RS), and eXplainable AI (XAI). It highlights how each technique has
contributed to the advancement of SDP over time. From the initial provision of information and
reports in DSS to the rule-based systems of ES, the personalized recommendations of RS, and
the introduction of transparency and interpretability through XAI, these decision techniques
have played significant roles in enhancing defect prediction capabilities. The table serves as
a reference point to understand the progression of SDP and the impact of these decision tech-
niques in the software development domain.

6.6.5 Using XAI for SDP

To demonstrate the effectiveness of XAI, we use JMI dataset which is widely used in SDP
literature and use LIME model to explain the outcome. Recently, [54] article explained that
an exhaustive combination of different feature engineering techniques was applied to find the
best combination for SDP tasks. They used scaling, feature extraction, feature scaling and
oversampling to get the best data transformation and use a SVM model to get the best re-
sults. In this paper, we follow the same feature engineering pipeline and train the SVM
model on the transformed data. Since SVM is not intrinsically explainable, we use LIME
to explain the model after training (Post-Hoc). The results are reproducible for future ex-
perimentation and use and can be found at: https://gist.github.com/nitin-bommi/

2f08c2bf2acd4daa938b80761f93d10a.

The data set is divided into train and test sets in the ratio 8:2. A feature transformation
pipeline is then created that transforms the input data into useful and relevant data that is free
from noise and improves computational time. To demonstrate the results, we used 8 compo-
nents from the PCA as these 8 components retain around 96.6% of the data, and the ratio of
information retained by each principal component is shown in figure 6.9. The figure shows
that most of the information is retained in the first component. Instead of using 21 features for
training that increase the time taken to train the model, we use only 8 components that repre-
sent most of the data. After extracting these 8 components, we use feature selection again to
select the best 4 features and drop the remaining features. This reduces the dimension of the
data from 21 features to just 4 features. Table 6.9 shows the ANOVA F-test scores of different
principal components computed previously. We see that the first component that extracts the
maximum information has the highest score indicating that it has the greatest influence on the
outcome. The training data is then augmented to match the number of majority class samples.
The model is then trained on the augmented samples. The model gave an accuracy of around
72.89%.

150



6.6 Case Study of Defect Prediction

Figure 6.10 shows the explanations. It can be seen that the model is 37% confident that it
is non-defective and 63% confident that it is defective. The features that influenced the model
to come to the decision are also shown. Features 4, 2, and 3 have negative coefficients while
Feature 1 has a positive coefficient. It also shows that feature 4 has the most impact however,
the coefficient of the model for feature 1 might be large so the overall prediction is defective.
With this kind of explanation, developers can actually look at the features that cause the model
to be defective. This will allow the testers and developers to improve the code in the ”non-
defective” direction.

However, since explanations are given for transformed features and not for original fea-
tures, it is hard to interpret what original features the developers have to change to reflect a
change in the transformed features. One solution to tackle this problem is to use all the features
without using any transformations. However, this will result in high dimensionality and the
model will lack generalization. Another solution is to use inverse transformations, where we
perform the transformations in the reverse direction. However, this results in some data loss as
the data will be projected onto a new set of dimensions.

This case study shows that, though XAI is useful in explaining the predictions and helping
developers and testers backtrack the outcome, it does not explain the fine details of which
attributes have to be changed precisely. To overcome this problem to some extent, we can make
use of counterfactual explanations that suggest the changes required to get the desired output.
However, as the dimensions increase, the search space of the input also increases making it
difficult to produce feasible explanations.

Table 6.9: ANOVA F-test scores for each principal component. The top four components with
the highest scores are selected for downstream analysis.

PC Score
1 499.64
2 4.95
3 238.85
4 0.04
5 15.08
6 1.71
7 0.27
8 60.21
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Figure 6.9: Variance explained by each principal component. The height of each bar indicates
how much of the total variability in the dataset is captured by that component, which can guide
the selection of the number of components for dimensionality reduction.

Figure 6.10: LIME explanations highlighting feature contributions for predictions on non-
defective and defective software modules in the SDP dataset.
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6.7 Conclusion

This chapter presents a comprehensive comparative analysis of four foundational AI-based
decision-making systems: Decision Support Systems (DSS), Expert Systems (ES), Recom-
mender Systems (RS), and Explainable AI (XAI). By critically examining their core compo-
nents, strengths, limitations, and potential synergies, the chapter offers a holistic perspective
on the evolving landscape of AI-driven decision making in industrial applications. The in-
sights gained here serve as a valuable foundation for designing and implementing intelligent
and interpretable decision support systems tailored to data-driven industrial contexts.

Furthermore, the chapter highlights the crucial role of Explainable AI (XAI) in enhanc-
ing transparency and trustworthiness of complex machine learning models within industrial
domains. Through practical case studies, such as the application of LIME in software defect
prediction, this work demonstrates how XAI facilitates responsible AI-human collaboration by
making AI decisions understandable and actionable. These findings underscore the importance
of integrating explainability into industrial AI systems to foster more reliable, accountable, and
effective decision-making processes [2]. In the following chapters, we will delve into more
specific studies and applications.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

This thesis, titled “Data-Driven Approaches Using Explainable AI for Industrial Applica-
tions”, presents a systematic investigation into the integration of Explainable Artificial Intelli-
gence (XAI) across various intelligent decision-making systems relevant to industrial domains.
Each chapter has addressed specific challenges in industrial applications, ranging from clas-
sical AI systems to modern interpretable machine learning solutions in recruitment and fraud
detection.

7.2 Summary of Contributions

Chapter 3 presented a comparative overview of Expert Systems (ES), Recommender Systems
(RS), and Explainable AI (XAI), emphasizing their architecture, applications, and relevance
in industrial settings. It highlighted the limitations of ES and RS, and showcased how XAI
revives interpretability in complex systems, fostering ethical and transparent decision-making
in industrial contexts.

Chapter 4 proposed an interpretable resume categorization framework that integrates K-
Nearest Neighbors (KNN) with Local Interpretable Model-Agnostic Explanations (LIME).
This method improved transparency and fairness in automated hiring systems, addressing in-
dustrial challenges like bias, accountability, and trust in AI-driven recruitment platforms.

Chapter 5 expanded the discussion to core AI-based decision-making systems, including
Decision Support Systems (DSS), ES, RS, and XAI. A holistic analysis was presented, ex-
ploring their strengths, weaknesses, and synergy. Case studies, such as LIME’s application to
software defect prediction, reinforced XAI’s importance in enhancing transparency and trust in
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mission-critical industrial applications.

Chapter 6 introduced a Hybrid Threshold Method for fraud detection by combining AUC-
ROC and PR-AUC curves with LIME and SHAP for interpretability. This approach demon-
strated superior performance over traditional methods, particularly in handling class imbalance.
It contributed a trustworthy framework for detecting fraud in industrial systems, balancing pre-
dictive performance with explainability.

Chapter 7 proposed a novel clustering and summarization framework using Gustafson-
Kessel (GK) fuzzy clustering and Sentence-BERT embeddings. The integration of LIME pro-
vided actionable insights into cluster formation, ensuring transparency in resume profiling.
This approach outperformed traditional clustering methods and addressed semantic richness
and high dimensionality in resume datasets, advancing talent analytics in industrial applica-
tions.

7.3 Future Directions

Based on the outcomes of this research, several promising directions for future work are out-
lined below:

• Dynamic Explainability: Extend XAI frameworks to support real-time explanations,
especially for high-frequency data applications like fraud detection and recruitment ana-
lytics.

• Interpretability of Deep Learning Models: Explore advanced XAI techniques such as
counterfactual explanations, attention mechanisms, and concept-based models to better
understand deep neural networks in industrial use cases.

• Multimodal Fusion: Integrate diverse data modalities (e.g., transactional logs, behav-
ioral signals, text) to develop more robust and explainable AI models suited for industrial
decision-making.

• Scalability and Optimization: Enhance the computational efficiency and scalability
of summarization and clustering algorithms to support deployment in large-scale, real-
world industrial systems.

• Policy, Ethics, and Compliance: Align XAI frameworks with regulatory requirements,
ethical standards, and industrial safety norms to ensure responsible and lawful AI de-
ployment.
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7.4 Concluding Remarks

This thesis highlights the pivotal role of Explainable AI in shaping the future of industrial
applications. By embedding transparency and accountability into AI-driven decision-making
systems, research contributes to creating intelligent systems that are not only effective but also
interpretable and trustworthy. These contributions form a critical step toward responsible AI
adoption across industrial domains, fostering seamless human-AI collaboration and laying the
foundation for future innovations in ethical and explainable AI solutions tailored for industry.
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TER ECKERSLEY. Explainable machine learning in deployment. In Proceedings
of the 2020 conference on fairness, accountability, and transparency, pages 648–657,
2020. (137, 138)

[53] SIDDHARTHA BHATTACHARYYA ET AL. Data mining for credit card fraud: A com-
parative study. Decision Support Systems, 50(3):602–613, 2011. (25)

[54] NITIN SAI BOMMI AND ATUL NEGI. A Standard Baseline for Software Defect Pre-
diction: Using Machine Learning and Explainable AI. In 2023 IEEE 47th Annual
Computers, Software, and Applications Conference (COMPSAC), pages 1798–1803.
IEEE, 2023. (150)

[55] ALESSANDRO BONDIELLI AND FRANCESCO MARCELLONI. On the use of summa-
rization and transformer architectures for profiling résumés. Expert Systems with
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[172] KAREL JEŽEK AND JOSEF STEINBERGER. Automatic text summarization (the state
of the art 2007 and new challenges). In Proceedings of Znalosti, pages 1–12, 2008. ()

[173] TAEHO JO. Using K Nearest Neighbors for text segmentation with feature simi-
larity. In 2017 International Conference on Communication, Control, Computing and
Electronics Engineering (ICCCCEE), pages 1–5. IEEE, 2017. (31)

[174] SUN JUAN, CHEN QUANGONG, LONG RUIJUN, AND JIANG WENLAN. An applica-
tion of the analytic hierarchy process and fuzzy logic inference in a decision support
system for forage selection. New Zealand Journal of Agricultural Research, 47(3):327–
331, 2004. ()

[175] BERNAD JUMADI DEHOTMAN SITOMPUL, OPIM SALIM SITOMPUL, AND POLTAK

SIHOMBING. Enhancement clustering evaluation result of davies-bouldin index
with determining initial centroid of k-means algorithm. In Journal of Physics: Con-
ference Series, 1235, page 012015. IOP Publishing, 2019. (63)

[176] M HUMAYN KABIR, KHONDOKAR FIDA HASAN, MOHAMMAD KAMRUL HASAN,
AND KEYVAN ANSARI. Explainable Artificial Intelligence for Smart City Applica-
tion: A Secure and Trusted Platform. arXiv preprint arXiv:2111.00601, 2021. ()

[177] SINAN KAPLAN, HANNU UUSITALO, AND LASSE LENSU. A unified and practi-
cal user-centric framework for explainable artificial intelligence. Knowledge-Based
Systems, 283:111107, 2024. ()

174



REFERENCES

[178] NICOLAOS B KARAYIANNIS. MECA: Maximum entropy clustering algorithm. In
Proceedings of 1994 IEEE 3rd international fuzzy systems conference, pages 630–635.
IEEE, 1994. ()

[179] LEONARD KAUFMAN AND PETER J ROUSSEEUW. Finding groups in data: an intro-
duction to cluster analysis. John Wiley & Sons, 2009. ()

[180] HARMANPREET KAUR, HARSHA NORI, SAMUEL JENKINS, RICH CARUANA,
HANNA WALLACH, AND JENNIFER WORTMAN VAUGHAN. Interpreting inter-
pretability: understanding data scientists’ use of interpretability tools for machine
learning. In Proceedings of the 2020 CHI conference on human factors in computing
systems, pages 1–14, 2020. (138)

[181] RAFE KETTLER. A Guide to Python’s Magic Methods. URL: https://rszalski. github.
io/magicmethods/# intro, 2015. ()

[182] FARHINA SARDAR KHAN, SYED SHAHID MAZHAR, KASHIF MAZHAR, DHOHA

A. ALSALEH, AND AMIR MAZHAR. Model-agnostic explainable artificial intelli-
gence methods in finance: a systematic review, recent developments, limitations,
challenges and future directions. Artificial Intelligence Review, 58(8):232, 2025. ()

[183] LAITH T KHRAIS. Role of Artificial Intelligence in Shaping Consumer Demand in
E-Commerce. Future Internet, 12(12):226, 2020. ()

[184] SHAH KHUSRO, ZAFAR ALI, AND IRFAN ULLAH. Recommender systems: issues,
challenges, and research opportunities. In Information Science and Applications
(ICISA) 2016, pages 1179–1189. Springer, 2016. (124, 125)

[185] BUOMSOO KIM, JINSOO PARK, AND JIHAE SUH. Transparency and accountability
in AI decision support: Explaining and visualizing convolutional neural networks
for text information. Decision Support Systems, 134:113302, 2020. (23)

[186] YOUNG-IL KIM, DAE-WON KIM, DOHEON LEE, AND KWANG H LEE. A cluster
validation index for GK cluster analysis based on relative degree of sharing. Infor-
mation Sciences, 168(1-4):225–242, 2004. ()

[187] SHAKTI KINGER AND VRUSHALI KULKARNI. Explainable AI for Deep Learning
Based Disease Detection. In 2021 Thirteenth International Conference on Contempo-
rary Computing (IC3-2021), pages 209–216, 2021. ()

175



REFERENCES

[188] LAWRENCE A KLEIN, PING YI, AND HUALIANG TENG. Decision support system for
advanced traffic management through data fusion. Transportation Research Record,
1804(1):173–178, 2002. ()

[189] SUNIL KUMAR KOPPARAPU. Automatic extraction of usable information from un-
structured resumes to aid search. In 2010 IEEE International Conference on Progress
in Informatics and Computing, 1, pages 99–103. IEEE, 2010. (30)
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ative analysis on prototype-based clustering methods. In 2023 12th Mediterranean
Conference on Embedded Computing (MECO), pages 1–5. IEEE, 2023. (46)

[293] MANISH RAGHAVAN, SOLON BAROCAS, JON KLEINBERG, AND KAREN LEVY. Mit-
igating bias in algorithmic hiring: Evaluating claims and practices. In Proceedings
of the 2020 conference on fairness, accountability, and transparency, pages 469–481,
2020. (83)

[294] MOHAMMED MAHMUDUR RAHMAN, ZULKIFLY BIN MOHD ZAKI, NAJWA

HAYAATI BINTI MOHD ALWI, AND MD MONIRUL ISLAM. A hybrid approach to
improve recommendation system in E-tourism. In Emerging Technologies in Data
Mining and Information Security: Proceedings of IEMIS 2018, Volume 1, pages 787–
797. Springer, 2019. (xi, 122)

[295] ARUN RAI. Explainable AI: From black box to glass box. Journal of the Academy of
Marketing Science, 48(1):137–141, 2020. (128)

[296] K RAJALAKSHMI, S CHANDRA MOHAN, AND S DHINESH BABU. Decision sup-
port system in healthcare industry. International Journal of computer applications,
26(9):42–44, 2011. ()

[297] K RAMESH, MN INDRAJITH, YS PRASANNA, SANDIP S DESHMUKH, CHANDU

PARIMI, AND TATHAGATA RAY. Comparison and assessment of machine learning
approaches in manufacturing applications. Industrial Artificial Intelligence, 3(1):2,
2025. (1)

[298] JUAN RAMOS ET AL. Using tf-idf to determine word relevance in document queries.
In Proceedings of the first instructional conference on machine learning, 242, pages 29–
48. Citeseer, 2003. (45)
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Abstract—Previously Expert Systems (ES) dominated Artificial
Intelligence (AI) applications and various ES were developed
in multiple domains. However, due to knowledge acquisition
bottlenecks, these systems fell out of use. With the rise in
Machine Learning (ML) and Deep Learning (DL) approaches,
another category of systems called Recommender Systems (RS)
is now developed for various application domains. As ML/DL
systems acted like black boxes, explainable AI (XAI) came into
the picture to provide explanations for the recommendations
or predictions made. In this paper, we review the architectural
similarities and differences between these three approaches along
with applications and future directions. It is important to study
these to predict the future of RS and any possible resurgence of
ES, developments in XAI and application domains.

Index Terms—Expert Systems (ES), Artificial Intelligence (AI),
Recommender Systems (RS), Machine Learning (ML), Deep
Learning (DL), Search Engine (SE), Rule Engine (RE), and
Explainable Artificial Intelligence (XAI).

I. INTRODUCTION

An Expert System (ES) is a piece of computer software cre-
ated to solve typical problems in a particular field of expertise.
ES is a subset of AI. The early ES, which were amongst the
first successful practical approaches to AI, were developed in
the 1970s. They were applied to tackle difficult challenges of
expert decision-making by extracting knowledge from experts
and storing it as both facts and heuristics in a knowledge base,
in a manner similar to a human expert. ES were expected to
capture expert knowledge on a certain topic and are capable
of solving a specific set of problems in that domain. These
systems were tailored to a particular field, such as medicine
or science, accountancy, agriculture, bio-engineering, Geology,
Finance, etc. These are some of the disciplines where ESs
have been developed [15] [20] [19]. However, Knowledge
Acquisition remains a bottleneck for ES. From the early years

of the new millennium, Machine Learning (ML) methods have
become more important. Recently, Deep Learning (DL) has
gathered momentum and several applications are now being
developed. While these three approaches look different, there
are certain similarities that we will like to bring out in this
paper.

This paper is organized as follows: Section-II introduces Ex-
pert Systems whereas section-III describes the architecture of
the Expert Systems and explains the relationship between ES
and RS. Section-IV provides the overview of Recommender
Systems and Section-V provides the overview of Explainable
Artificial Intelligence. Table-II describes the various applica-
tions of Recommender Systems, Expert systems, and XAI.

II. EXPERT SYSTEMS

An ES is computer software designed to tackle complicated
problems in a given domain that are typically solved by
human experts. An ES was modeled to be like a human
brain, simulating the thinking of a human expert. An ES
was to undertake analysis, design, monitoring, and decision-
making, among other things. For example, when we access a
website for searching items or products using keywords with
typographical errors, ES recommends the user to correct those
keywords for searching. Nowadays Google, Amazon, Flipkart,
banking, and other E- commerce companies build their own
systems like RS or ES for the convenience of their customers.

Expert systems were said to be quite mature and thus suc-
cessful [22]. ES were expected to outperform skilled humans
in medical diagnosis, predicting crop disease, and extracting
minerals from ore. DENDRAL is the first ES to investigate
how scientists generate hypotheses and uncover new ones
[50] and it was used to determine the structure of chemical
compounds. Later many ES were designed in like, MYCIN,
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Abstract. In the realm of automated resume categorization, the press-
ing need for both accuracy and interpretability in machine learning mod-
els remains a challenge. This research addresses the challenges of accu-
racy and interpretability in automated resume categorization by integrat-
ing K-Nearest Neighbors (KNN) with Local Interpretable Model-agnostic
Explanations (LIME). Utilizing a diverse dataset from various industries,
the study involves preprocessing resumes with TF-IDF vectorization and
training the KNN algorithm with optimized parameters. LIME provides
local explanations for individual predictions, enhancing transparency in
the decision-making process. The framework is evaluated on standard
metrics and demonstrated with real-world resumes, showcasing its effec-
tiveness in practical recruitment scenarios. This approach advances the
literature by combining KNN’s simplicity with LIME’s interpretability,
promoting trust and fairness in automated recruitment systems.

Keywords: Resume Categorization · Automated Recruitment ·
Machine Learning · K-Nearest Neighbors (KNN) · Local Interpretable
Model-agnostic Explanations (LIME) · Interpretability

1 Introduction

In the digital era, where resumes are processed by algorithms and classifiers,
transparency in decision-making is paramount. Our approach focuses on enhanc-
ing model interpretability using the Local Interpretable Model-agnostic Explana-
tions (LIME) framework. Resumes are not just strings of words but reflections of
individual journeys, and the opacity of algorithms can obscure decision-making
when making life changing decisions about people.

LIME helps reveal the thought processes behind model decisions. By employ-
ing LIME with models like K-Nearest Neighbors (KNN), Random Forest, Sup-
port Vector Machine (SVM), and Logistic Regression, we can understand not

c© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2025
C. Sombattheera et al. (Eds.): MIWAI 2024, LNAI 15431, pp. 407–418, 2025.
https://doi.org/10.1007/978-981-96-0692-4_33
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ABSTRACT
In contemporary society, decision-making processes have grown increasingly intricate across sec-
tors such as business, healthcare, finance, and technology. Tonavigate this complexity, sophisticated
tools like Decision Support Systems (DSS), Expert Systems (ES), Recommender Systems, and explain-
able Artificial Intelligence (XAI) have emerged, all aimed at improving decision-making efficiency.
DSS, developed in the 1960s and 1970s, strategically integrates automation and data process-
ing to enhance human decision-making. Unlike ES, which attempts to replicate human expertise,
DSS collaboratively assists decision-makers. ES excel in specialized domains by mimicking human
decision-making processes. Recommender Systems, are user-centric, transform digital interactions
by analyzing preferences to provide personalized recommendations. XAI addresses the need for
transparency in AI-driven decisions by clarifying outcomes from complex algorithms. In this paper,
we aim to bridge the gap between traditional decision-makingmethods and emerging explanation-
driven architectures by conducting a comparative analysis of DSS, ES, Recommender Systems, and
XAI. It explores their historical origins, objectives, methodologies, applications, challenges, limita-
tions, and user contexts. By elucidating their strengths and limitations, this analysis offers insights for
decision-makers, researchers, and practitioners aiming to improve decision-making across diverse
domains. At the end we explain the case study on software defect prediction.

KEYWORDS
Decision Support Systems
(DSS); Expert Systems (ES);
Recommender Systems (RS);
and Explainable Artificial
Intelligence (XAI)

1. INTRODUCTION

In today’s rapidly evolving world, decision-making has
become increasingly intricate, spanning diverse domains
such as business, healthcare, finance, and technology.
In this landscape, the demand for informed decisions
is paramount, leading to the emergence of decision
support technologies as indispensable tools. Among
these, Explainable AI (XAI) is notable for addressing
the need for transparency and interpretability in AI-
driven decisions, providing clear insights into under-
lying algorithms and enhancing trust. XAI, alongside
other technologies like Recommender Systems, Expert
Systems (ES), and Decision Support Systems (DSS),
contributes significantly to decision-making effective-
ness. Recommender Systems personalize interactions
with digital content, ES replicate human expertise, and
DSS provide interactive tools for analyzing complex
data. Understanding the principles and limitations of
each technology is vital for leveraging them effectively.
This paper aims to comprehensively explore XAI, Rec-
ommender Systems, ES, and DSS, offering valuable
insights to decision-makers, researchers, and practition-
ers striving to enhance decision-making across diverse
domains.

1.1 Background and Context

In today’s complex decision-making landscape spanning
business, healthcare, finance, and technology, decision-
makers encounter intricate challenges and vast datasets.
To navigate this complexity, decision support technolo-
gies have emerged as indispensable aids, offering valu-
able insights and analytical capabilities. These tools play
a pivotal role in assisting decision-makers by provid-
ing data-driven insights, facilitating scenario analysis,
and optimizing resource allocation. Understanding their
underlying principles and applications is crucial for har-
nessing their full potential. This paper aims to explore
the landscape of decision support technologies, high-
lighting their significance in contemporary decision-
making contexts and addressing the challenges faced in
decision-making.

1.2 Research Objectives

Our aim is to compare and analyze Decision Sup-
port Systems (DSS), Expert Systems (ES), Recom-
mender Systems, and Explainable AI (XAI). We seek
to understand their historical origins, architectural
foundations, methodologies, challenges, applications,

© 2025 IETE
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