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Abstract

Advancing reliable machine learning and natural language processing methods for classifi-

cation under data constrained conditions remains a central challenge in computer science.

This dissertation addresses core problems related to data scarcity, class imbalance, heteroge-

neous tabular features, and the integration of structured and unstructured representations.

To investigate these challenges, cervical cancer classification is used as an application do-

main where limited, noisy, and imbalanced datasets make model development particularly

difficult.

The work first evaluates traditional machine learning models including logistic regres-

sion, decision trees, random forests, gradient boosting, and multilayer perceptrons under

varying data quality conditions. Multiple data augmentation strategies are examined, such

as SMOTE, generative adversarial networks, diffusion-based models, large language mod-

els, domain-specific small language models, and synthetic tabular data generation, demon-

strating that appropriate augmentation can substantially improve robustness and predictive

performance.

The second component introduces a method for transforming structured medical records

into natural language representations, allowing the use of modern language models for classi-

fication. Domain specific and general purpose transformers (e.g., PubMedBERT, BioBERT,

GPT-2, LLaMA, Mistral) are fine tuned and evaluated in supervised, zero-shot, and few-
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shot settings. The results show that text-based modeling can match or exceed traditional

machine learning performance, particularly in low-resource scenarios, while capturing richer

contextual information.

Finally, the dissertation extends this language-based methodology to a large-scale clin-

ical taxonomy task. Through unsupervised analysis and systematic refinement, ambiguous

specialty labels are consolidated into coherent Super-Specialties, and a fine-tuned PubMed-

BERT classifier achieves strong multi-label performance. This demonstrates the scalability

of the proposed methods for organizing complex clinical data.

In general, this dissertation demonstrates that combining structured data modeling, gen-

erative data augmentation, and language-based representations provides a flexible and ef-

fective framework for cervical cancer classification under data-constrained conditions. The

findings highlight the potential of these approaches to support more accessible, scalable, and

robust clinical decision-support systems, with broader implications for medical classification

tasks beyond cervical cancer.

vi



Contents

Acknowledgements iii

Abstract v

List of Figures x

List of Tables xi

1 Introduction 1
1.1 Artificial Intelligence and Machine Learning in Medical Diagnosis . . . . . . 2
1.2 Data Scarcity, Imbalance, and Privacy Challenges . . . . . . . . . . . . . . . 2
1.3 Motivation for Data Augmentation and Generative AI . . . . . . . . . . . . . 3
1.4 Language Models and Tabular-to-Text Transformation . . . . . . . . . . . . 4
1.5 Case Study: Cervical Cancer Dataset Classification . . . . . . . . . . . . . . 5
1.6 Limitations of Current Screening and Diagnostic Approaches . . . . . . . . . 8
1.7 Research Objectives and Contributions . . . . . . . . . . . . . . . . . . . . . 9
1.8 Organization of the Dissertation . . . . . . . . . . . . . . . . . . . . . . . . . 10

2 Related Work 11
2.1 Machine Learning for Medical Diagnosis: An Evolving Landscape . . . . . . 12

2.1.1 Traditional Classifiers and Data Imbalance Challenges . . . . . . . . 12
2.1.2 Deep Learning and Image-Based Diagnostics . . . . . . . . . . . . . . 12
2.1.3 Towards Robust and Integrated Frameworks . . . . . . . . . . . . . . 13

2.2 The Critical Role of Language in Healthcare Communication . . . . . . . . . 13
2.2.1 Language as a Social Determinant of Health . . . . . . . . . . . . . . 14
2.2.2 The Gap Between Prediction and Communication . . . . . . . . . . . 14

2.3 Overcoming Data Scarcity: Augmentation in Medical ML . . . . . . . . . . . 14
2.3.1 Data Augmentation: Enhancing Real Data . . . . . . . . . . . . . . . 15
2.3.2 Synthetic Data Generation: Creating Novel Data Instances . . . . . . 15
2.3.3 Integrated and Hybrid Approaches . . . . . . . . . . . . . . . . . . . 15

2.4 Artificial Intelligence and Language Models for Medical Diagnostics . . . . . 16
2.4.1 Transformer Models and Their Biomedical Adaptations . . . . . . . . 16

vii



2.4.2 Data Augmentation and Few-Shot Learning in Medical NLP . . . . . 16
2.4.3 Gap in Application to Medical Classification . . . . . . . . . . . . . . 17

2.5 Synthesis and Identified Research Gap . . . . . . . . . . . . . . . . . . . . . 17
2.6 Analysis of Clinical Narratives . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.7 Clinical Natural Language Processing . . . . . . . . . . . . . . . . . . . . . . 19

2.7.1 Clinical Text Mining Landscape . . . . . . . . . . . . . . . . . . . . . 19
2.7.2 Text Clustering Methods . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.7.3 Patient Stratification in Precision Medicine . . . . . . . . . . . . . . . 20
2.7.4 Hybrid Approaches in Clinical Analytics . . . . . . . . . . . . . . . . 21

2.8 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3 Research Challenges and Problem Formulation 23
3.1 Challenge 1: The Data Scarcity-Imbalance in Medical Machine Learning . . 24

3.1.1 Nature of the Challenge . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.1.2 Specific Limitations of Existing Solutions . . . . . . . . . . . . . . . . 24
3.1.3 Formal Research Questions . . . . . . . . . . . . . . . . . . . . . . . . 25

3.2 Challenge 2: The Modality Gap: Bridging Structured Data and Contextual
Understanding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.2.1 Nature of the Challenge . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.2.2 Limitation of Tabular-Feature-Only Approaches . . . . . . . . . . . . 26
3.2.3 Formal Research Questions . . . . . . . . . . . . . . . . . . . . . . . . 27

3.3 Challenge 3: The Deployment Dilemma: Accuracy vs. Accessibility in Real-
World Settings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.3.1 Nature of the Challenge . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.3.2 The Inefficiency of State-of-the-Art Models . . . . . . . . . . . . . . . 28
3.3.3 Formal Research Questions . . . . . . . . . . . . . . . . . . . . . . . . 28

3.4 Challenge 4: The Interpretability-Actionability Disconnect . . . . . . . . . . 29
3.4.1 Nature of the Challenge . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.4.2 The Unfulfilled Promise of Explainable AI (XAI) . . . . . . . . . . . 29
3.4.3 Formal Research Question . . . . . . . . . . . . . . . . . . . . . . . . 30

3.5 Synthesis: The Integrated Research Problem . . . . . . . . . . . . . . . . . . 30
3.6 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.7 Chapter Summary and Link to Methodology . . . . . . . . . . . . . . . . . . 32

4 Machine Learning Classification with Synthetic and Augmented Data 33
4.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
4.2 Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.2.1 GAN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
4.2.2 CTGANs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
4.2.3 Forest Diffusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
4.2.4 Language Models are Realistic Tabular Data Generators . . . . . . . 47

4.3 Machine Learning Methods and Parameters . . . . . . . . . . . . . . . . . . 47

viii



4.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
4.6 Conclusions and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . 51
4.7 Contributions of the Chapter . . . . . . . . . . . . . . . . . . . . . . . . . . 51

5 Tabular-to-Text Transformation and LLM-Based Classification 53
5.1 Proposed Method and Dataset Description . . . . . . . . . . . . . . . . . . . 53
5.2 Preprocessing and Data Transformation . . . . . . . . . . . . . . . . . . . . . 54
5.3 Model Training and Fine-Tuning . . . . . . . . . . . . . . . . . . . . . . . . 55

5.3.1 Fine-Tuning Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
5.3.2 Handling Class Imbalance with Weighted Loss . . . . . . . . . . . . . 57

5.4 Addressing Key Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
5.5 Prompt Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

5.5.1 Zero-Shot Prompt . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
5.5.2 Few-Shot Prompt . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
5.5.3 Chain-of-Thought (CoT) Prompt . . . . . . . . . . . . . . . . . . . . 62

5.6 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
5.6.1 Zero-Shot, Few-Shot, and Chain-of-Thought . . . . . . . . . . . . . . 63
5.6.2 Fine-Tuned SLMs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.7 Experiments and Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
5.8 Ablation Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
5.9 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
5.10 Contributions of the Chapter . . . . . . . . . . . . . . . . . . . . . . . . . . 69

6 From Narrative to Knowledge: A Two-Phase Latent Semantic Framework
for Clinical Record Categorization 71
6.1 Introduction and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
6.2 Data Collection and Description . . . . . . . . . . . . . . . . . . . . . . . . . 73

6.2.1 Data Source . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
6.2.2 Initial Corpus Characteristics . . . . . . . . . . . . . . . . . . . . . . 74
6.2.3 Term Frequency–Inverse Document Frequency (TF-IDF) . . . . . . . 74

6.3 Preprocessing Pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
6.3.1 Iterative Corpus-Driven Vocabulary Refinement . . . . . . . . . . . . 77
6.3.2 Rationale for Top-N Frequency Inspection . . . . . . . . . . . . . . . 79
6.3.3 Transition to Statistical Filtering . . . . . . . . . . . . . . . . . . . . 80

6.4 Phase 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
6.4.1 Semantic Feature Extraction with Language Models . . . . . . . . . . 83
6.4.2 Structured Clinical Feature Extraction . . . . . . . . . . . . . . . . . 83
6.4.3 Clustering Methodology . . . . . . . . . . . . . . . . . . . . . . . . . 85

6.5 Phase 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
6.5.1 Latent Semantic Projection (LSP) . . . . . . . . . . . . . . . . . . . . 92
6.5.2 Specialty Mapping and silver standard Projection . . . . . . . . . . . 92

ix



6.6 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
6.7 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

6.7.1 Validation Against Weak Labels . . . . . . . . . . . . . . . . . . . . . 95
6.7.2 Large Language Model as a Judge . . . . . . . . . . . . . . . . . . . . 100

6.8 Discussion and Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . 103
6.9 Contributions of the Chapter . . . . . . . . . . . . . . . . . . . . . . . . . . 104

7 Conclusions and Future Work 105
7.1 Summary of Research Contributions . . . . . . . . . . . . . . . . . . . . . . 106
7.2 Research Questions and Findings . . . . . . . . . . . . . . . . . . . . . . . . 107

7.2.1 Challenge 1: The Data Scarcity-Imbalance Paradox . . . . . . . . . . 107
7.2.2 Challenge 2: The Modality Gap . . . . . . . . . . . . . . . . . . . . . 109
7.2.3 Challenge 3: The Deployment Dilemma . . . . . . . . . . . . . . . . . 110
7.2.4 Challenge 4: The Interpretability-Actionability Disconnect . . . . . . 111

7.3 Research Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
7.3.1 Challenge 1: Contributions to Addressing Data Scarcity and Class

Imbalance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
7.3.2 Challenge 2: Contributions to Bridging the Modality Gap . . . . . . 116
7.3.3 Challenge 3: Contributions to Practical Deployment . . . . . . . . . . 117
7.3.4 Challenge 4: Contributions to Interpretability and Clinical Actionability118

7.4 Discussion of Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
7.5 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
7.6 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
7.7 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

Bibliography 122

Appendices 133

A Preprocessing Resources and Vocabulary Specification 134

B Clinical Keyword Dictionary 139

C Record-level Classification by LLMs 142

D Computational Specifications and Optimizations 148

E Hyperparameter Settings 151

F Evaluation Metrics Definitions 153

x



List of Figures

4.1 Dataset Features and Missing Values . . . . . . . . . . . . . . . . . . . . . . 37
4.2 Comparison of Real and Fake Data for the First Four Features. . . . . . . . 43
4.3 Heatmap of the Real Dataset. . . . . . . . . . . . . . . . . . . . . . . . . . . 44
4.4 Heatmap of the Fake Dataset. . . . . . . . . . . . . . . . . . . . . . . . . . . 45
4.5 Comparison of Real and Fake Heatmap. . . . . . . . . . . . . . . . . . . . . 46

6.1 UMAP Visualization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
6.2 Hierarchical Cluster Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
6.3 Visualization of Semantic Overlap . . . . . . . . . . . . . . . . . . . . . . . . 91
6.4 Multiclass LSP Silver Standard Confusion Matrix Heatmap. . . . . . . . . . 98
6.5 Label Co-occurrence Heatmap . . . . . . . . . . . . . . . . . . . . . . . . . . 100

xi



List of Tables

4.1 Feature Values Before and After Filling Missing Values . . . . . . . . . . . . 39
4.2 Comparison of MLP Classifier . . . . . . . . . . . . . . . . . . . . . . . . . . 41
4.3 Classifier Performance: Original vs. Combined Datasets . . . . . . . . . . . . 50

5.1 Comparison of Zero-Shot, Few-Shot, and Chain-of-Thought . . . . . . . . . . 64
5.2 Classification Performance Comparison of SLMs . . . . . . . . . . . . . . . . 66
5.3 Ablation Study Results for BioBERT . . . . . . . . . . . . . . . . . . . . . . 67

6.1 Corpus Statistics Before and After Preprocessing . . . . . . . . . . . . . . . 82
6.2 Quantitative Clustering Performance Comparison . . . . . . . . . . . . . . . 87
6.3 Taxonomy Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96
6.4 Classification Report: Silver Standard Validation . . . . . . . . . . . . . . . 96
6.5 Per-Class Performance Improvement After Taxonomy Refinement . . . . . . 97
6.6 Multi-label Validation: PubMedBERT vs. TF-IDF . . . . . . . . . . . . . . 99
6.7 LLM-as-a-Judge Classification Accuracy . . . . . . . . . . . . . . . . . . . . 101

A.1 Abbreviation Expansion Dictionary . . . . . . . . . . . . . . . . . . . . . . . 134

C.1 Record-level Classification (Part 1) . . . . . . . . . . . . . . . . . . . . . . . 143
C.2 Record-level Classification (Part 2) . . . . . . . . . . . . . . . . . . . . . . . 144
C.3 Record-level Classification (Part 3) . . . . . . . . . . . . . . . . . . . . . . . 145
C.4 Record-level Classification (Part 4) . . . . . . . . . . . . . . . . . . . . . . . 146
C.5 Record-level Classification (Part 5) . . . . . . . . . . . . . . . . . . . . . . . 147

D.1 Hardware Specifications for Experimental Evaluation . . . . . . . . . . . . . 148
D.2 Software Environment and Dependencies . . . . . . . . . . . . . . . . . . . . 149
D.3 Performance Benchmarks for Pipeline Components . . . . . . . . . . . . . . 150

E.1 Hyperparameter Settings for the Hybrid Clustering Pipeline . . . . . . . . . 152

xii



Chapter 1

Introduction

This chapter introduces the broader computational challenges associated with developing

reliable AI systems for medical data analysis and establishes the critical need for predictive

machine learning models, which are often hindered by limitations in conventional screening

methods, including accessibility and subjective interpretation. To address these challenges,

the chapter motivates the application of artificial intelligence (AI) and machine learning (ML)

to improve diagnostics. However, it identifies significant barriers to effective ML deployment,

namely data scarcity, class imbalance, and privacy constraints. Consequently, the chapter

proposes data augmentation, synthetic data generation via generative AI, and innovative

tabular-to-text transformations using language models as core strategies to overcome these

data limitations. Finally, it outlines the research objectives centered on developing and

evaluating these data-driven frameworks and presents the organizational structure of the

dissertation.
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1.1 Artificial Intelligence and Machine Learning in

Medical Diagnosis

Artificial intelligence and machine learning have emerged as powerful tools to analyze com-

plex medical data in a wide range of clinical applications. In medical research, ML-based

approaches have been applied to various data, including images, histopathological slides,

genomic data, and structured patient records, demonstrating promising improvements in

diagnostic accuracy and efficiency (Litjens et al., 2017; Hou et al., 2022; Wang et al., 2024).

Traditional ML models, such as logistic regression, decision trees, random forests, and

gradient boosting, offer interpretable and computationally efficient solutions for structured

clinical data analysis. More recently, deep learning architectures have enabled automated

feature extraction from high-dimensional inputs, further expanding the scope of AI-assisted

diagnostics (LeCun et al., 2015). However, the performance of these models is highly de-

pendent on the availability of large, high-quality labeled datasets, which are often difficult

to obtain in medical domains (Rajkomar et al., 2018).

Despite these advances, the deployment of AI systems in clinical practice remains chal-

lenging due to concerns related to data quality, generalizability, interpretability, and reg-

ulatory compliance (El Arab et al., 2025). These challenges are particularly pronounced

in cervical cancer datasets, which are often small, imbalanced, and heterogeneous (Litjens

et al., 2017; Hou et al., 2022).

1.2 Data Scarcity, Imbalance, and Privacy Challenges

One of the most significant barriers to effective classification of medical data is the limited

availability of high-quality annotated datasets. Medical data collection is constrained by

2



ethical considerations, privacy regulations, and the cost of expert annotation (El Arab et al.,

2025). As a result, datasets often contain relatively few samples, with a substantial class

imbalance between healthy and diseased cases.

Class imbalance poses a major challenge for supervised learning algorithms, which may

become biased toward majority classes and exhibit poor sensitivity for minority or high-risk

cases (Salmi et al., 2024). In clinical contexts, such failures can have serious consequences, as

misclassifications of positive cases undermines early detection efforts (Johnson and Khosh-

goftaar, 2019).

Privacy regulations governing personal health information further restrict data sharing

and reuse. Although these regulations are essential for protecting patient confidentiality,

they limit opportunities for large-scale data aggregation and cross-institutional collaboration

(Matta and Bolli, 2025). Consequently, researchers must develop methods that can operate

effectively under data-constrained conditions while preserving patient privacy (Price and

Cohen, 2019).

1.3 Motivation for Data Augmentation and Generative

AI

Data augmentation and synthetic data generation have gained increasing attention as strate-

gies to mitigate data scarcity and imbalance in medical AI (Fayaz et al., 2024). Data aug-

mentation techniques aim to increase the diversity of the data set by generating modified

versions of existing samples, thereby reducing overfitting and improving model generalization

(Shorten and Khoshgoftaar, 2019). In structured clinical datasets, enhancement methods,

such as resampling, noise injection, and feature perturbation, can help balance class distri-

butions and improve robustness (Gurcan and Soylu, 2024; Vanitha and Kasthuri, 2025).
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Synthetic data generation offers a more comprehensive solution by creating entirely new

samples that reflect the statistical properties of real data. Generative adversarial networks

(GANs), diffusion models, and other generative frameworks have demonstrated the ability

to produce realistic medical data while preserving privacy (Frid-Adar et al., 2018; Ho et al.,

2020). These approaches enable researchers to expand datasets without exposing sensitive

patient information and facilitate more extensive experimentation under controlled condi-

tions.

This dissertation systematically evaluates multiple augmentation and generative tech-

niques, examining their impact on classification performance and robustness in cervical can-

cer datasets as a case study.

1.4 Language Models and Tabular-to-Text

Transformation

Although traditional ML models are well suited for structured data, recent advances in nat-

ural language processing have opened new opportunities for medical data analysis. Many

clinical records contain rich contextual information that is difficult to capture using purely

numerical representations. Transforming structured tabular data into natural language de-

scriptions enables the application of transformer-based language models that excel at cap-

turing contextual and semantic relationships.

Domain-specific language models, such as PubMedBERT and BioBERT, have demon-

strated strong performance on biomedical NLP tasks by pretraining in large-scale scientific

corpora. General-purpose models, including GPT-based architectures, LLaMA, and Mistral

also offer capabilities such as zero-shot and few-shot learning, which are particularly valuable

in low-data settings (Brown et al., 2020; Lee et al., 2020; Gu et al., 2021; Harvard Medical

4



School, 2023).

The tabular-to-text paradigm explored in this dissertation leverages these strengths by

reformulating patient records as textual narratives, enabling both classification and patient-

centered communication. This approach provides a flexible framework for integrating struc-

tured data with contextual reasoning while maintaining computational efficiency through

the use of smaller, fine-tuned models (Kale and Rastogi, 2020; Hegselmann et al., 2023).

1.5 Case Study: Cervical Cancer Dataset Classification

According to the World Health Organization (WHO) (World Health Organization, 2024),

cervical cancer develops in a cervix (the entrance to the uterus from the vagina). Cancer

can often spread throughout the body. Cervical cancer is simply the abnormal growth

of body cells that forms in organ tissues that connect the upper part of the uterus and

the vagina (birth canal), called the cervix. Cervical cancer is the most common cause of

female genital cancer and female cancer deaths in developing countries such as Nigeria. It

is the second most common type of cancer in Nigerian women and the leading gynecological

malignancy with high mortality among the afflicted (Oluwole et al., 2017). If not detected

and treated early, cervical cancer is nearly always fatal. Almost all cervical cancer cases

(99%) are linked to infection with high-risk human papilloma-viruses (HPV), an extremely

common virus transmitted through sexual contact. Although most HPV infections resolve

spontaneously and do not cause symptoms, persistent infection can cause cervical cancer

in women. In addition, cervical cancer is the fourth most common cancer among women.

In 2018, an estimated 570,000 women were diagnosed with cervical cancer worldwide, and

approximately 311,000 women died from the disease, giving a mortality rate of approximately

55%. Effective primary prevention approaches (HPV vaccination) and secondary prevention

approaches (screening and treatment of precancerous lesions) will prevent most cases of
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cervical cancer. When diagnosed, cervical cancer is one of the most successfully treatable

forms of cancer if it is detected early and effectively managed. Early detection greatly

improves the chances of successful treatment of pre-cancers and cancer. Estimation of risk

and awareness of any signs and symptoms of cervical cancer can also help avoid delays

in diagnosis. Especially, when cervical cancer is diagnosed earlier, death can be avoided.

Screening tests offer the best chance to have cervical cancer detected early, when treatment

can be most successful. Screening can also actually prevent most cervical cancers by finding

abnormal cervical cell changes (pre-cancers) so that they can be treated before they have a

chance to turn into a cervical cancer. Cervical cancer screening is a valuable early detection

tool that can identify cancer in an early stage when treatment has been proven to be more

effective and less expensive (Arbyn et al., 2020; Cao et al., 2024).

Hence, the importance of the development of machine learning and artificial intelligence

techniques cannot be overemphasized, as such systems can help support early risk assess-

ment for cervical cancer by identifying individuals who may be at elevated risk and should

therefore be referred for further clinical examination. This helps save time, mental, finan-

cial, and emotional stress that can be caused by cervical cancer. However, the accuracy of

these diagnostic models can sometimes be compromised due to discrepancies in the datasets

used to train them. These discrepancies can lead to instances of incorrect diagnoses, which

undermine the effectiveness of these tools (Aljrees, 2024; Muraru et al., 2024). This disser-

tation highlights the common discrepancies found in such datasets, explores their impact

on the performance of machine learning models, and discusses how these inaccuracies can

ultimately affect the reliability of cervical cancer diagnoses.

Limited health awareness and delayed health-seeking behaviors remain significant chal-

lenges in many populations. Cervical cancer is no exception: numerous women remain

unaware of their personal risk levels due to limited access to screening services and inade-
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quate dissemination of relevant health information. In rural communities in Southwestern

Nigeria, for example, women and girls are often isolated from critical health knowledge due

to a combination of poverty, geographic distance, and limited healthcare resources. When

access to timely screening and preventive services is limited, preventable diseases can con-

tinue to progress undetected, regardless of the awareness or intentions of the individuals

(Denny et al., 2017; Shin et al., 2021).

To address these communication and accessibility challenges, this dissertation explores

how machine learning, natural language processing, and generative AI can be used to trans-

form basic user-provided information into an understandable context-appropriate health

guide. AI models can process input such as age, reproductive history, and other non-clinical

demographic factors to generate general information related risk that users can comprehend.

Thus, improving awareness and supporting informed decision making.

Consequently, when information on cervical cancer (risk estimation and awareness) is

communicated to these women and girls, it will go a long way toward preserving their lives

and community because they will have a better understanding of cervical cancer and its

associated risks. Having a good understanding of the signs and symptoms of cervical cancer

can also help avoid delayed diagnosis. Early detection of the disease allows for faster action

and greatly improves the chances of successful treatment.

With the increase in health data in terms of the capacity and availability, the role of ma-

chine learning in diagnosis cannot be over-emphasized. Machine learning helps to structure,

normalize, and analyze health data, so healthcare and life science organizations can use it

to improve their decisions. This collapses time and transforms health data in a short time,

which in turn provides early intervention or diagnosis (Jiang et al., 2017).

As mentioned above, early detection plays a key role in improving patient outcomes, as

cervical cancer is highly treatable when identified at precancerous or early invasive stages.
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However, many patients in under-served regions with advanced disease are often ill-treated,

resulting in poorer prognoses and increased complexity of treatment. Addressing these chal-

lenges requires not only improvements in healthcare delivery, but also the development of

computational approaches that can support early detection and risk stratification using lim-

ited and heterogeneous patient data.

1.6 Limitations of Current Screening and Diagnostic

Approaches

Conventional cervical cancer screening methods, including the Papanicolaou (Pap) test and

human papillomavirus (HPV) testing, have played a central role in reducing disease inci-

dence. Although effective in many clinical settings, these techniques face several limitations

that hinder their widespread adoption and consistent performance. Pap smear interpretation

is subject to inter-observer and intra-observer variability, requiring experienced cytotechnol-

ogists and pathologists to ensure diagnostic accuracy (Nayar and Wilbur, 2015; Denny et al.,

2017). HPV testing, although more sensitive, may suffer from lower specificity and limited

accessibility in low-resource settings.

In addition to technical limitations, logistical and socioeconomic factors further restrict

the reach of traditional screening programs. Many regions lack the infrastructure required for

laboratory-based testing, follow-up procedures, and longitudinal patient follow-up. Delays

in result reporting and loss to follow-up remain persistent challenges, particularly in rural

and underserved populations.

These limitations have motivated the exploration of automated and semi-automated di-

agnostic tools capable of helping clinicians interpret clinical data more efficiently and con-

sistently. Artificial intelligence and machine learning techniques offer the potential to com-
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plement existing screening methods by providing decision-support systems that are scalable,

reproducible, and less dependent on subjective human interpretation.

1.7 Research Objectives and Contributions

The primary objective of this dissertation is to develop and evaluate data-driven computa-

tional classification models under data-scarce, imbalanced, and heterogeneous clinical con-

ditions. This work delivers the following contributions:

• Systematic evaluation of traditional machine learning models (Chapter 4)

for classification under limited and noisy data conditions. This establishes rigorous per-

formance baselines and clarifies the limitations of classical ML in low-resource clinical

environments and tabular medical classification.

• Comprehensive analysis of data augmentation and synthetic data genera-

tion techniques (Chapter 4) including SMOTE, GAN-based synthesis, diffusion

models, and LLM-generated tabular data. This contribution demonstrates how gen-

erative methods can mitigate class imbalance and improve robustness, advancing aug-

mentation strategies for small, heterogeneous datasets.

• A novel organized tabular-to-text transformation framework (Chapter 5)

that reformulates structured clinical records into natural-language representations, en-

abling the use of modern language models for classification. This expands method-

ological options for handling sparse tabular data and contributes a new technique for

bridging structured and unstructured representations.

• Investigation of Chain-of-Thought, zero-shot, few-shot learning paradigms

(Chapter 5) using large pre-trained language models. This contribution shows that
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LLMs can perform competitively with minimal labeled data, offering a scalable ap-

proach for medical domains where annotation is costly or infeasible.

• An extended large-scale clinical taxonomy case study (Chapter 6) that gen-

eralizes the proposed frameworks to more than 165,000 clinical narratives. This chap-

ter demonstrates how unsupervised semantic analysis, latent topic projection, and

transformer-based classification can be combined to construct a high-quality Silver

Standard labeling system. Provides empirical evidence of the scalability, adaptability,

and potential domain transferability of the dissertation’s methods.

1.8 Organization of the Dissertation

The remainder of this dissertation is organized as follows. Chapter 2 reviews related work

in cervical cancer diagnostics, machine learning, data augmentation, and language mod-

els. Chapter 3 discusses the key research challenges addressed in this work. Chapters 4

and 5 present the primary studies on machine learning with augmented data and language

model-based classification, respectively. Chapter 6 expands the scope of the dissertation

by applying similar computational principles including semantic modeling, topic projection,

and transformer based classification to a large corpus of more than 165,000 clinical nar-

ratives, demonstrating that the methods explored in earlier chapters can scale to broader

clinical text analysis tasks. Finally, Chapter 7 synthesizes the findings of the dissertation,

draws conclusions from the experimental results, discusses their implications, and identifies

directions for future research.
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Chapter 2

Related Work

The pursuit of accurate, accessible, and early diagnostic tools for medical data represents a

critical frontier in computational oncology and global public health. This chapter synthesizes

and critically examines the existing literature in three interconnected domains that underpin

this thesis: (i) the evolution of machine learning (ML) models for medical diagnosis and cervi-

cal cancer prediction as a case study, (ii) the paramount role of language and communication

in healthcare dissemination, and (iii) contemporary strategies for mitigating data scarcity in

medical ML, including data augmentation and synthetic data generation. Although signifi-

cant advancements have been made individually in these fields, a conspicuous gap exists at

their intersection: the development of linguistically and culturally contextualized predictive

systems that are robust to the data limitations endemic to medical research. This review

establishes the foundational knowledge, identifies methodological trends and shortcomings,

and ultimately justifies the novel integrative approach proposed in this dissertation, which

seeks to harmonize predictive analytics with linguistic accessibility through advanced data

synthesis techniques.
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2.1 Machine Learning for Medical Diagnosis: An

Evolving Landscape

The application of machine learning to medical diagnostics has progressed from utilizing basic

classifiers on structured clinical data to employing sophisticated deep learning architectures

on multimodal data sources.

2.1.1 Traditional Classifiers and Data Imbalance Challenges

Early and prevalent approaches have used ensemble methods and traditional classifiers in

risk-factor datasets. Studies by Abdoh et al. (2018) and Choudhury et al. (2018) exemplify

this phase, employing Random Forests alongside techniques such as synthetic minority over-

sampling technique (SMOTE) and recursive feature elimination to address class imbalance

and dimensionality. Kuruvilla and Jayanthi (2023) extended this by integrating ensem-

ble methods (XGBoost, AdaBoost, Random Forest) optimized with bio-inspired algorithms

like Firefly, reporting high accuracy. A critical analysis reveals that while these studies re-

port accuracies ranging from 80% to 95%, they often operate on constrained, homogeneous

datasets and their real-world clinical generalizability, particularly in diverse linguistic and

socioeconomic settings, remains inadequately tested.

2.1.2 Deep Learning and Image-Based Diagnostics

A parallel and transformative strand of research focuses on image-based detection. Hu

et al. (2019) demonstrated the potential of deep learning algorithms trained in longitudi-

nal cohorts of digitized cervical images. This shift towards deep learning for Pap smear

and colposcopy image analysis (William et al., 2018) promises automated, high-throughput
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screening. However, these models are notoriously data-hungry, computationally intensive,

and their “black-box” nature poses challenges to clinical interpretability and trust.

2.1.3 Towards Robust and Integrated Frameworks

Recognizing common methodological pitfalls, recent work has proposed more holistic frame-

works. Lu et al. (2020), for example, introduced a system that incorporates voting strategies

and data correction modules to improve robustness. This evolution signifies a move from

isolated model optimization to pipeline-aware solutions that address data quality and inte-

gration. Despite these advances, the literature predominantly treats the predictive task in

isolation from the crucial subsequent step of patient-facing communication and education.

This dissertation focuses primarily on improving methodological robustness within the pre-

dictive pipeline; although not directly addressing patient-facing communication, it highlights

this gap and discusses the implications and limitations of existing approaches with respect

to this downstream need.

2.2 The Critical Role of Language in Healthcare

Communication

Effective communication is not only an ancillary concern in healthcare, but a determinant of

outcomes. Linguistic theory, dating to Sapir (1921), establishes language as the fundamental

framework for thought and social identity. Bamberg (1997) further argues that language

constructs reality, influencing how individuals perceive health, risk, and illness. The tripartite

functions of language as a medium of communication, a reflector of culture and personality,

and a vehicle for cultural transmission (Krech et al., 1962; Fatima et al., 2024) are acutely

relevant in medical contexts.

13



2.2.1 Language as a Social Determinant of Health

Communicating complex health information, such as cervical cancer risks and prevention

strategies, in a patient’s native or preferred language is imperative for comprehension, in-

formed consent, and adherence to medical advice (Omowhara et al., 2022). The failure

to do so can exacerbate health disparities, particularly in developing regions and among

marginalized populations where cervical cancer burden is highest. Thus, predictive models

achieve limited public health impact if their outputs are not translatable into actionable,

linguistically tailored awareness.

2.2.2 The Gap Between Prediction and Communication

Current ML research for cervical cancer, as reviewed in Section 2.1, largely neglects this

communicative dimension. In this dissertation, we review both risk estimation and aware-

ness creation tailored to the linguistic context of the end-user. This necessitates a bridge

between structured data-driven prediction and the unstructured domain of natural language

generation, a challenge addressed through the methodologies discussed in the following sec-

tions.

2.3 Overcoming Data Scarcity: Augmentation in

Medical ML

The performance of ML models, especially deep learning, is dependent on large, high-quality

datasets. Medical research often faces severe data limitations due to privacy regulations,

rare conditions, and costly annotation processes. This section reviews technical strategies to

overcome these barriers.
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2.3.1 Data Augmentation: Enhancing Real Data

Data augmentation involves applying label-preserving transformations to existing data to

increase volume and variability. In medical imaging, techniques such as elastic deformations

(Shorten and Khoshgoftaar, 2019) and geometric transformations have proven effective for

tasks including colposcopy image analysis (Pereira et al., 2020). For tabular and textual data,

analogous techniques include feature noise injection, synthetic sampling (e.g., SMOTE), and

textual paraphrasing. Augmentation acts as a regularizer, reducing overfitting and improving

model generalization, though it is inherently limited by the diversity present in the original

dataset. Chapter 4 presents the primary studies on machine learning with augmented data.

2.3.2 Synthetic Data Generation: Creating Novel Data Instances

A more powerful paradigm involves generating entirely new, realistic data instances. Gener-

ative adversarial networks (GANs) and their variants, such as conditional GANs (cGANs),

have shown remarkable success in creating synthetic medical images. Zhao et al. (2021)

Demonstrated this for cervical cell images, preserving critical pathological features. In the

textual domain, generative models can synthesize patient records or descriptive text. Syn-

thetic data can address class imbalance more fundamentally and create datasets for scenarios

where real data is prohibitively scarce or sensitive. Chapter 4 presents the primary studies

on machine learning with synthetic data.

2.3.3 Integrated and Hybrid Approaches

The integration of augmentation and synthetic generation presents a comprehensive strategy.

Combining these methods can create richly diverse and extensive training corpora, leading to

more robust and generalizable models. However, key challenges persist, including evaluating
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the fidelity and clinical validity of synthetic data, avoiding the propagation of biases, and

navigating the ethical implications of using non-real patient data in model development.

2.4 Artificial Intelligence and Language Models for

Medical Diagnostics

The rise of large language models (LLMs) and transformer-based architectures has revolu-

tionized natural language processing (NLP), offering new tools for medical text analysis.

2.4.1 Transformer Models and Their Biomedical Adaptations

Models such as Bidirectional Encoder Representations from Transformers (BERT) (Vaswani

et al., 2017) introduced deep bidirectional context understanding. For computational effi-

ciency, distilled versions such as DistilBERT (Sanh et al., 2019b) and parameter-efficient

models such as A Lite Bert (ALBERT) (Lan et al., 2019b) were developed. Crucially,

domain-specific pre-training has led to powerful biomedical variants such as BioBERT (Lee

et al., 2020) (trained on biomedical literature) and PubMedBERT (Gu et al., 2020a) (trained

on PubMed abstracts), which significantly outperform general models on tasks like named

entity recognition and relation extraction from clinical text.

2.4.2 Data Augmentation and Few-Shot Learning in Medical NLP

In medical NLP, data augmentation techniques such as back-translation, synonym replace-

ment, and generative AI for synthetic text creation (Shorten and Khoshgoftaar, 2019), are

vital for overcoming data paucity. Furthermore, few-shot and zero-shot learning paradigms

(Brown et al., 2020) enable models to make reliable predictions with minimal labeled ex-

amples by leveraging knowledge encoded during pre-training. This is particularly valuable
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for rare diseases or low-resource languages where annotated clinical corpora are limited.

Chapter 5 presents the primary studies on machine learning with language model-based

classification.

2.4.3 Gap in Application to Medical Classification

While transformer models have been extensively applied to clinical note analysis and biomed-

ical literature mining, their application to medical diagnosis, especially cervical cancer clas-

sification, has been narrow. Existing AI research in this domain remains dominated by

image-based CNNs (William et al., 2018). There is a nascent opportunity to repurpose these

advanced NLP models for classification tasks derived from textual representations of patient

data, rather than only images. This approach can encapsulate a wider range of risk factors

(demographic, behavioral, clinical history) in a format that language models are inherently

designed to process.

2.5 Synthesis and Identified Research Gap

This review delineates three robust yet largely siloed bodies of work:

1. Predictive ML Models: Focused on accuracy but often clinically and linguistically

disembodied.

2. Health Communication Theory: Emphasizes linguistic and cultural congruence

but is rarely integrated with predictive analytics.

3. Data-Centric AI: Provides tools (augmentation, synthetic data, LLMs) to overcome

data limitations and process unstructured text.
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The core research gap, therefore, is the absence of an integrated and operational approach

to clinical risk modeling that addresses three critical challenges:

(a) robust data synthesis mechanisms (including augmentation and generation) to over-

come the scarcity and imbalance of labeled medical data while preserving clinical relation-

ships (Chapter 4); (b) effective, domain-adapted language modeling approaches capable of

transforming and processing heterogeneous patient information into contextually rich repre-

sentations for accurate classification (Chapter 5); and (c) structured and interpretable output

representations that enable clinically meaningful, multi-label predictions and support down-

stream generation of accessible health communication for risk awareness (Chapter 6).

2.6 Analysis of Clinical Narratives

Clinical documentation represents a rich but underutilized resource for patient stratification

and cohort discovery. Chapter 6 represents a comprehensive methodology for unsupervised

clustering of clinical narratives using a hybrid approach that combines deep semantic embed-

dings from transformer models with structured clinical feature extraction. We evaluated our

method on a corpus of 50,000 patient summaries from PubMed Central (PMC), comparing

pure BERT-based clustering against our hybrid approach. The results demonstrate that

while pure semantic clustering yields modest quantitative metrics, the hybrid approach sig-

nificantly improves both cluster cohesion and clinical interpretability. Our findings highlight

the importance of integrating domain knowledge with deep learning for meaningful patient

stratification in electronic health records.
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2.7 Clinical Natural Language Processing

Clinical NLP has evolved significantly over the past two decades. Early systems relied on rule-

based approaches and dictionary lookups. The advent of statistical methods and machine

learning brought improvements in named entity recognition and relation extraction. More

recently, deep learning approaches have achieved state-of-the-art performance in various

clinical NLP tasks (Fu et al., 2020).

Transformer models, particularly BERT and its clinical variants, have shown remarkable

success in capturing semantic relationships in medical text. ClinicalBERT and BioClinical-

BERT are pre-trained on large corpora of clinical notes and biomedical literature, making

them particularly suited for clinical text analysis (Diaz Ochoa et al., 2025).

2.7.1 Clinical Text Mining Landscape

The digitization of healthcare has generated unprecedented volumes of unstructured clinical

text, including physician notes, discharge summaries, radiology reports, and pathology find-

ings. These documents contain rich phenotypic information that remains largely untapped

for research and clinical decision support (Holmes et al., 2021). Traditional approaches to

patient stratification are based on structured data elements such as diagnosis codes, lab-

oratory values, and medication records (Aljohani et al., 2024). However, these structured

representations often fail to capture the nuanced clinical context, temporal evolution, and

severity information embedded in free-text narratives (Diaz Ochoa et al., 2025).

Clinical text mining faces unique challenges compared to general domain natural language

processing (NLP). Medical language exhibits high lexical variation, extensive use of abbre-

viations and acronyms, complex negation patterns, and domain-specific syntactic structures

(Friedman et al., 2004). Furthermore, clinical narratives often contain multiple co-occurring
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conditions, making patient-level classification particularly challenging (Koleck et al., 2019).

2.7.2 Text Clustering Methods

Text clustering algorithms can be broadly categorized into several approaches:

• Traditional Vector Space Models: Early text clustering methods employed bag-of-

words representations with dimensionality reduction techniques such as latent semantic

analysis (LSA) (Landauer et al., 1998) and non-negative matrix factorization (NMF)

(Lee and Seung, 1999). These methods, while interpretable, often fail to capture

semantic relationships between terms.

• Topic Modeling: Probabilistic topic models such as latent Dirichlet allocation (LDA)

(Blei et al., 2003) and its extensions have been widely used for document clustering.

Clinical applications of topic modeling include identifying themes in clinical notes

(Arnold et al., 2010) and discovering comorbidities (Perotte et al., 2014).

• Deep Learning Approaches: Deep learning methods for text clustering include au-

toencoder based approaches (Vincent et al., 2010), deep embedded clustering (Xie

et al., 2016), and transformer-based methods (Reimers and Gurevych, 2019). These

approaches can learn hierarchical representations that capture complex semantic rela-

tionships.

2.7.3 Patient Stratification in Precision Medicine

Patient stratification, the process of dividing heterogeneous patient populations into clini-

cally significant subgroups, is fundamental to precision medicine (Collins et al., 2017). Tradi-

tional stratification approaches typically rely on supervised learning with labeled outcomes

or phenotypes defined by experts. However, unsupervised methods offer the potential to
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discover new patient subgroups without predefined labels, potentially revealing previously

unrecognized disease subtypes or treatment response patterns (Lopez et al., 2018).

Unsupervised clustering of clinical text presents particular challenges due to High dimen-

sionality of text representations, the curse of dimensionality in clustering algorithms, the

need for clinically interpretable results, handling of medical terminology and abbreviations,

and integration of temporal information.

2.7.4 Hybrid Approaches in Clinical Analytics

Several studies have explored hybrid approaches that combine structured and unstructured

data in clinical analytics. Wang et al. (2018b) combined clinical notes with structured EHR

data for the prediction of mortality, while Li et al. (2019) integrated text and time-series data

for the detection of sepsis. However, few studies have explored hybrid approaches specifically

for unsupervised patient stratification from clinical text.

2.8 Chapter Summary

This chapter has established the necessary theoretical and technical foundation for the

present research. It critically analyzed the progression of cervical cancer prediction models,

underscored the non-negotiable importance of linguistically tailored communication, and re-

viewed state-of-the-art methods for data enrichment and language-based classification. The

synthesis of these strands reveals a compelling opportunity for innovation. The subsequent

chapters of this thesis will detail a novel methodology that addresses this identified gap by

transforming structured patient data into textual descriptions, employing generative tech-

niques for data augmentation, and fine-tuning a suite of compact language models (e.g.,

BERT, PubMedBERT, LLaMA) for accurate classification. Subsequently, we dived into the
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burgeoning field of clinical text mining, highlighting its unique challenges and the rich, un-

tapped phenotypic information within unstructured healthcare narratives. We reviewed var-

ious text clustering methods, from traditional vector space models to modern deep learning

approaches, recognizing their potential for discovering hidden patient subgroups. Further-

more, we examine the landscape of patient stratification in precision medicine, emphasizing

the power of unsupervised methods to reveal novel disease subtypes and treatment response

patterns. The exploration of hybrid approaches in clinical analytics demonstrated the grow-

ing interest in the integration of structured and unstructured data, though a specific focus

on unsupervised patient stratification from clinical text remains an area ripe for exploration.

This approach not only aims to advance predictive performance, but also to bridge the criti-

cal last mile between algorithmic prediction and patient understanding, contributing to more

equitable and effective cervical cancer prevention strategies.
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Chapter 3

Research Challenges and Problem

Formulation

The development of computational models for medical diagnosis and classification represents

a critical intersection of machine learning innovation and urgent public health need. As

established in the literature review, while significant progress has been made in predictive

modeling, data augmentation, and natural language processing for medical applications,

these advancements remain largely siloed. This chapter synthesizes the identified limitations

from prior research and formalizes the specific interconnected challenges that this dissertation

addresses. The challenges stem from three core tensions: (1) the conflict between the data-

hungry nature of advanced models and the severe data constraints of real-world medical

contexts, particularly in low-resource settings; (2) the gap between achieving algorithmic

accuracy and ensuring clinical utility through interpretable, actionable outputs; and (3)

the methodological disconnect between structured data analysis and unstructured language-

based reasoning in patient care pathways. This chapter articulates these challenges as a

series of research questions that guide the methodological development and experimental
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validation in subsequent chapters.

3.1 Challenge 1: The Data Scarcity-Imbalance in

Medical Machine Learning

This section introduces a central difficulty in medical machine learning: the simultaneous

presence of limited data availability and class imbalance.

3.1.1 Nature of the Challenge

Medical datasets, such as the University of California, Irvine (UCI) cervical cancer dataset

(Fernandes et al., 2017) utilized in this work, are characterized by a fundamental paradox:

they are simultaneously too small to train complex modern models and too imbalanced for

reliable clinical prediction. The dataset from ‘Hospital Universitario de Caracas’ (n = 858),

while valuable, exemplifies this issue. Its limited size restricts the ability to train deep

learning architectures without severe overfitting. Further, class imbalance between positive

and negative cases biases models toward the majority class, potentially masking early-stage

indicators crucial for screening.

3.1.2 Specific Limitations of Existing Solutions

Current approaches to this paradox, as reviewed in Chapter 2, offer partial solutions with

significant drawbacks:

• Oversampling Techniques (e.g., SMOTE): While effective for simple classifiers,

SMOTE generates synthetic samples through linear interpolation in feature space,

which can create unrealistic or noisy data points in complex, high-dimensional medical
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feature spaces, potentially degrading model generalizability.

• Traditional Data Augmentation: Methods such as geometric transformations are

ill-suited for structured, heterogeneous tabular data comprising categorical (habits,

history) and numerical (age, counts) variables.

• Generative Models in Medical Contexts: The application of GANs and diffusion

models to tabular medical data remains nascent. Key challenges include preserving

complex statistical dependencies between clinical variables (e.g., the relationship be-

tween smoking habits, HPV status, and biopsy results) and ensuring the clinical plausi-

bility of generated synthetic patient records to avoid propagating spurious correlations.

3.1.3 Formal Research Questions

This challenge leads to the following research questions:

1. How do advanced generative models (e.g., GANs, forest diffusion, and LLM-based syn-

thesis) improve classifier performance on the imbalanced UCI cervical cancer dataset?

2. Can generative models produce synthetic tabular patient data that preserves clinically

meaningful relationships necessary for robust model training, as evidenced by data

distribution analysis and downstream classification performance?

3. What is the optimal integration strategy for combining original and synthetically aug-

mented data to maximize model generalization and minimize overfitting in a low-data

regime?
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3.2 Challenge 2: The Modality Gap: Bridging

Structured Data and Contextual Understanding

This section introduces the modality gap between structured medical data and the richer

contextual reasoning used in real clinical decision-making. It explains how current machine

learning models fail to capture the narrative and semantic relationships embedded in patient

data.

3.2.1 Nature of the Challenge

Clinical decision-making is inherently multimodal, integrating structured data (lab values,

risk factors) with unstructured contextual knowledge (patient history, clinical notes). Tradi-

tional ML models excel at processing the former but fail to capture the latter. This creates

a modality gap: a patient’s risk profile is more than the sum of discrete features; it is a nar-

rative. Existing models that use the UCI dataset treat variables as independent or shallowly

correlated inputs, missing the holistic story of a patient’s health status.

3.2.2 Limitation of Tabular-Feature-Only Approaches

Models like random forests or gradient boosting, while powerful, process features in isolation

from the rich semantic relationships that a clinician would consider. For example, the com-

bination of “number of sexual partners,” “smoking years,” and “first sexual intercourse age”

forms a risk narrative that is more informative than each feature independently. Traditional

models lack a native mechanism to learn these high-order, semantic interactions effectively.
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3.2.3 Formal Research Questions

This challenge leads to the following research questions:

1. Can reformulating structured tabular patient records into natural language descriptions

(e.g., “A 35-year-old non-smoker with 3 sexual partners...”) enable language models to

capture richer, contextual relationships for improved classification?

2. Do domain-specific models (PubMedBERT, BioBERT), pretrained on biomedical cor-

pora, outperform general-purpose models when applied to textual patient representa-

tions?

3. Does a text-based representation of patient data provide a robust framework for mod-

eling contextual relationships among clinical risk factors?

3.3 Challenge 3: The Deployment Dilemma: Accuracy

vs. Accessibility in Real-World Settings

This section addresses the practical challenge of deploying medical machine learning models

in real-world clinical environments, particularly in resource-constrained settings. It high-

lights the trade-off between achieving high predictive accuracy and maintaining computa-

tional efficiency and accessibility.

3.3.1 Nature of the Challenge

The utility of a model is determined not only by its accuracy in validation but also by its

feasibility in the resource-constrained environments where cervical cancer burden is greatest.

There exists a fundamental tension between model complexity and deployability. Large,
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state-of-the-art models (e.g., deep neural networks, massive LLMs) may achieve marginally

higher accuracy but require computational resources, inference time, and expertise that are

unavailable in low- and middle-income country (LMIC) clinics.

3.3.2 The Inefficiency of State-of-the-Art Models

As identified in the literature, models achieving 90−95% accuracy often rely on ensembles or

deep architectures that are impractical for real-time, point-of-care screening. Furthermore,

the push for higher accuracy on benchmark datasets like UCI can lead to over-engineering

that fails to translate to diverse, real-world populations. The challenge is to develop a

framework that prioritizes efficient sufficiency achieving robust, and clinically acceptable

performance with minimal computational footprint.

3.3.3 Formal Research Questions

This challenge leads to the following research questions:

1. Can data-augmented machine learning models and domain-specific language models

provide an effective balance between predictive performance and computational effi-

ciency?

2. To what extent can zero-shot and few-shot learning with pre-trained LLMs provide a

viable, low-data alternative to fully supervised training, thereby reducing the labeled

data burden for deployment in new clinical settings?

3. How effectively can the proposed framework operate in a low-data medical environment

characterized by limited labeled samples and class imbalance?
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3.4 Challenge 4: The Interpretability-Actionability

Disconnect

This section addresses the gap between model predictions and their practical usefulness in

clinical settings. The section discusses the limitations of current explainability methods and

explores whether language-based modeling can provide more intuitive, clinically meaningful

explanations.

3.4.1 Nature of the Challenge

Even an accurate model has limited clinical impact if its output is not interpretable and

actionable for healthcare providers. A binary risk score (e.g., “high risk”) is insufficient;

clinicians require insights into why a patient is flagged to inform subsequent steps (e.g., type

of follow-up test, patient counseling). This is intrinsically linked to the role of language in

healthcare communication, as discussed in Section 2. Current ML models for cervical cancer

prediction are largely black boxes, offering predictions without explanations.

3.4.2 The Unfulfilled Promise of Explainable AI (XAI)

Although techniques like SHapley Additive exPlanations (SHAP) or Local Interpretable

Model-agnostic Explanations (LIME) (Salih et al., 2025) can provide post-hoc feature im-

portance for tabular models, they often generate abstract, statistical explanations (e.g.,

“Smoking years contributed +0.2 to the risk score”) that are not easily translatable into

clinical dialogue or patient-facing communication.
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3.4.3 Formal Research Question

This challenge, while not the primary focus of the experimental chapters, underpins the

motivation for the text-based approach and leads to a forward-looking research question:

1. Does the proposed text-based modeling framework, by its very architecture, offer a

more natural pathway towards generating interpretable, textual explanations of model

predictions (e.g., “The model indicates high risk primarily due to the patient’s long-

term smoking habit combined with a history of STDs”) compared to feature-attribution

methods applied to tabular models?

3.5 Synthesis: The Integrated Research Problem

The challenges outlined above are not independent; they form a interconnected web of con-

straints that define the core research problem of this dissertation.

The central hypothesis of this work is that an integrated framework leveraging generative

data augmentation and language-based representation learning can simultaneously address

these challenges. Specifically:

• By using advanced synthetic data generation, we can mitigate data scarcity and class

imbalance while improving classifier performance.

• By transforming data into text and applying domain-specific language models, we can

capture richer clinical context and semantic relationships.

• By evaluating efficient machine learning and language-model approaches, we can de-

velop solutions suitable for deployment in resource-constrained environments.

• This integrated framework also creates opportunities for more interpretable and clini-

cally meaningful model outputs.
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3.6 Research Objectives

The primary research objective of this dissertation is to develop and rigorously evaluate

machine learning pipelines for cervical cancer classification that effectively address the chal-

lenges of data scarcity, modality gaps, deployment constraints, and interpretability. This

involves assessing various data augmentation techniques including traditional oversampling,

generative adversarial networks, diffusion models, and large language model based synthesis

to enhance model robustness in low-resource settings.

The research aims to reformulate structured clinical data in natural language and use

domain-specific and general-purpose language models to improve classification performance

and contextual understanding. The study also extends to the integration of real clinical

narratives and multimodal patient information to enrich model inputs, while systematically

analyzing the robustness, interpretability, and clinical relevance of all approaches to ensure

practical applicability in the real-world of healthcare.

In addition, this research makes several key contributions such as: methodological innova-

tion: We propose a hybrid clustering framework that integrates semantic embeddings from

domain-specific BERT models with structured clinical feature extraction. Comprehensive

evaluation: we evaluate our approach using multiple clustering metrics and, importantly,

clinical interpretability measures. Practical implementation: we provide a complete, re-

producible pipeline for clinical text clustering, including preprocessing, feature engineering,

clustering, and visualization. Clinical insight generation: we demonstrate how our method

can generate clinically meaningful patient subgroups that align with medical specialties and

disease categories.
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3.7 Chapter Summary and Link to Methodology

This chapter has systematically dissected the landscape of cervical cancer classification to

identify four principal research challenges: the Data Scarcity-Imbalance Paradox, the modal-

ity gap, the deployment dilemma, and the interpretability-actionability disconnect. These

challenges have been formalized into ten specific research questions mentioned earlier in this

chapter that provide clear, testable objectives for this dissertation.

The following sections directly answer these questions. Chapter 5 details the proposed

two-part methodology: (1) a comprehensive evaluation of traditional ML with advanced

data augmentation, (2) the novel framework for text-based classification using language

models, and (3) a comprehensive methodology for unsupervised analysis of clinical narratives.

Chapters 4, 5, and 6 present the experimental setup and results, structured to provide

empirical answers to each research question posed here. Through this structured approach,

the dissertation advances the field not by pursuing marginal accuracy gains in isolation, but

by developing a more holistic, robust, and deployable paradigm for computational cervical

cancer risk assessment.
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Chapter 4

Machine Learning Classification with

Synthetic and Augmented Data

This chapter discusses and describes the proposed methodology for classifying the risk of

cervical cancer. The methodology includes a detailed overview of the dataset, preprocessing

steps, and the generation of synthetic data using various approaches including including

generative adversarial networks (GANs), conditional tabular generative adversarial networks

(CTGANs), forest diffusion, and large language models (LLMs). This study is published in

IEEE International Conference on Prognostics and Health Management (ICPHM) (Gheibi

and Hougen, 2025a).

4.1 Dataset

The Cervical Cancer Risk Factors (CCRF) dataset (Fernandes et al., 2017) used in this study

comes from the University of California, Irvine (UCI) database. It encompasses a collection

of patient histories, medical practices, procedures, and demographic data across 858 cases,
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each comprising 36 features in which the first 32 features in the dataset capture personal

and medical history, while the last 4 columns: Hinselmann, Schiller, Citology, and Biopsy

represent whether a healthcare provider recommended further cervical cancer screening tests.

In particular, the dataset includes several missing attributes due to incomplete records.

These omissions were deliberately maintained to avoid addressing privacy concerns, reflecting

the prevalent challenges of privacy and security in healthcare record management systems.

When deciding whether to generate synthetic data from processed or raw data, several factors

must be taken into account:

Data Quality and Characteristics:

• Raw Data: Using raw data to generate synthetic versions can ensure that all inherent

variations and noise present in the original dataset are retained. This approach is

beneficial for scenarios that require resilience to real-world conditions.

• Processed Data: For raw data that include errors, irrelevancies, or excessive noise,

preprocessing before synthetic data generation can lead to enhanced quality in synthetic

datasets. This approach is particularly valuable when the end use requires clean, well-

structured data.

Application Requirements:

• For use cases that require maintaining the original data complexity and realism, gen-

erating synthetic data from raw data is preferable (Petrakos et al., 2025).

• In scenarios where the focus is on specific attributes or cleaner datasets (such as in

certain machine learning applications), generating from processed data might be more

beneficial.

Privacy Concerns:
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• Processed data can be advantageous for synthetic data generation when privacy is a

priority, as sensitive information can be altered or removed during preprocessing.

Training and Model Performance:

• Synthetic data derived from processed data can be customized to emphasize relevant

features, potentially improving the training and performance of analytical models.

• Alternatively, synthetic data from raw data can promote greater generalizability and

prevent overfitting in models by reflecting the true complexity of original datasets.

The choice between raw and processed data for generating synthetic datasets should be

guided by the specific goals and requirements of a project, including the desired features of

the synthetic data and the constraints of the original data.

4.2 Preprocessing

This section outlines the data preparation pipeline applied to the cervical cancer dataset,

emphasizing techniques used to ensure data quality, integrity, and suitability for downstream

modeling. It covers strategies for handling missing data, feature selection, scaling, and

dataset restructuring. The section also motivates the importance of careful preprocessing

in small, imbalanced datasets and transitions into advanced data augmentation approaches

(GANs, CTGAN, diffusion models, and language-model-based generators) used to address

these limitations.

Data preprocessing is essential for handling missing values, normalizing numerical at-

tributes, and removing redundant features. The key preprocessing steps include the follow-

ing.
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• Retaining Duplicates: The original dataset contains 858 rows, however several en-

tries are exact duplicates across all 32 features. Duplicate records were retained in the

final dataset due to the absence of unique patient identifiers. Given that many features

consist of low-cardinality integers or binary reals (e.g., 0.0, 1.0), identical feature vec-

tors can represent distinct clinical instances rather than redundant entries. Removing

these records without evidence of a non-random origin risks altering the underlying

data distribution. This shift is particularly problematic for our imputation strategy,

which relies on preserving the original distribution to maintain integrity. Consequently,

the analysis was conducted using the complete dataset to ensure a representative sam-

ple and to avoid biasing the results of the imputation and subsequent algorithms.

• Handling Missing Data: Missing values can introduce bias and reduce model re-

liability. Techniques such as multiple imputation and mean/mode substitution are

commonly used (Pham et al., 2024).

• Feature Selection: Irrelevant or redundant features can negatively impact model

performance. Methods like recursive feature elimination (RFE) and correlation analy-

sis help identify the most important predictors (Bolón-Canedo and Alonso-Betanzos,

2015).

• Normalization and Standardization: Generally, machine learning models perform

better when numerical features are scaled to a uniform range, ensuring a fair weight

distribution across attributes.

• Structural Missingness and Imputation Strategy: In the preprocessing phase,

handling missing values is crucial to ensure the integrity and accuracy of the analysis.

Various techniques, such as imputation, where missing values are replaced with statis-

tical estimates (e.g. mean, median), or deletion, where records with missing values are
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entirely removed, can be employed based on the nature of the data and the specific

requirements of the study. Proper handling of missing data helps minimize bias and

improves the robustness of the model outcomes.

The CCRF dataset exhibits a significant variation in the number of missing values be-

tween features, ranging from 7 to 787, as demonstrated by the attribute STDs: Time since

the first diagnosis, and STDs: Time since the last diagnosis as shown in Figure 4.1. These

two features were removed due to the number of missing values.
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Figure 4.1: Dataset Features and Missing Values

In addressing missing data, a distinction was made between stochastic missingness and

structural missingness. Although standard imputation techniques are suitable for data miss-

ing at random (MAR) and missing completely at random (MCAR), they may introduce

significant noise when applied to features that are missing not at random (MNAR). The

missingness categories (MCAR, MAR, MNAR) were determined using the standard defini-

tions from the statistical literature on missing data mechanisms. A feature was classified as

MCAR when the absence of a value had no logical dependency on any patient characteris-

tic or on the value of the feature itself. Demographic variables such as age and number of
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pregnancies fall into this category.

A feature was classified as MNAR when missingness is directly tied to the value of the

feature. This applies to all conditional medical features in the dataset. For example, STDs:

HPV is missing for patients who have never had an STD. In this case, the missingness

is caused by the true value of the feature (zero years since diagnosis), making it MNAR.

The same logic applies to all STD related variables and diagnostic test results (Dx:Cancer,

Dx:HPV, Dx:CIN ), which are only recorded when the corresponding test is performed. For

the features with MNAR missingness, we removed those features.

A feature was classified as MAR when missingness could plausibly depend on other

observed variables but not on the value of the feature itself. For example, Smoking years

may be missing when the patient does not smoke or does not recall the duration, but the

missingness is not caused by the true value of the variable. For the features with MAR

missingness, we used k-nearest neighbors (KNN) imputation. The selected features are:

Smokes, Smoking years, Hormonal contraceptive use, and IUD use.

Finally, for the features with MCAR missingness, we implemented two methods for im-

puting missing values: applying the mean of each feature and filling missing values based on

the proportional representation of existing values within the features. The selected features

are: Age, Number of sexual partners, First sexual intercourse age, and Number of pregnan-

cies. For example, the feature Number of pregnancies contains 12 distinct values, distributed

in Table 4.1. Since this process was done before removing the MNAR records the numbers

in Table 4.1 are before removing the records with MNAR.

For example, using mean or median imputation would disproportionately bias the Number

of pregnancies feature toward 0.0, the most frequent value. Instead, our chosen method filled

the 56 missing entries according to the empirical distribution of the existing values, resulting

in a more balanced representation. This approach avoids introducing skewed or artificial
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Value Original Count Original % Imputed Addition Final Count Final %

1.0 270 33.7% +19 289 33.7%
2.0 240 29.9% +17 257 30.0%
3.0 139 17.3% +10 149 17.4%
4.0 74 9.2% +5 79 9.2%
5.0 35 4.4% +2 37 4.3%
6.0 18 2.2% +1 19 2.2%
0.0 16 2.0% +1 17 2.0%
7.0 6 0.7% +1* 7 0.8%
8.0 2 0.2% +0 2 0.2%
10.0 1 0.1% +0 1 0.1%
11.0 1 0.1% +0 1 0.1%

Total* 802 100.0% +56 858 100.0%

* Final value adjusted by rounding the highest decimal remainder.
** Counts shown before removing MNAR records.

Table 4.1: Feature Values Before and After Filling Missing Values [Number of Pregnancies]

values and helps to maintain the robustness of the dataset for downstream classification tasks.

This classification is consistent with established definitions of missing data mechanisms in

the statistical literature.

In addition to imputing missing values and eliminating duplicate records, we consolidated

the target variables—Hinselmann, Schiller, Citology, and Biopsy into a single composite

target variable. A record was assigned a positive label when at least one of the four outcomes

was positive and a negative label otherwise. This transformation was motivated by the

objective of the present study, which is to investigate whether available demographic and

clinical risk factors can be used to distinguish between subjects with and without a positive

finding among the four diagnostic outcomes. By combining the four target variables into

a single binary outcome, the prediction task is simplified to determining whether a subject
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may warrant further examination rather than predicting the recommendation of a specific

diagnostic test. This transformation altered the structure of the dataset from (858, 36) to

(753, 30), which comprises 30 features and one target variable.

Given the small size and class imbalance of the UCI Cervical Cancer Risk Factors dataset,

a single train-test split is not sufficient to provide statistically reliable performance esti-

mates. To ensure rigorous evaluation, all models were trained and tested using 10-fold

cross-validation.

The dataset was randomly shuffled and partitioned into ten equally sized folds. For each

iteration, nine folds (90% of the data) were used for training and the remaining fold (10%

percent) was used for testing. This process was repeated ten times so that each fold served

as the test set exactly once. For each metric, the mean and standard deviation across the

ten folds were computed.

In Mehmood et al. (2021), the authors implemented a feature selection strategy using a

random forest model to identify the ten most significant features. These features included

Age, Duration of hormonal contraceptive use, Age at first sexual intercourse, Number of

pregnancies, Duration of IUD use, Years of smoking, Packs of cigarettes per year, Hormonal

contraceptives, Time since first STD diagnosis, and Time since last STD diagnosis. Using

these selected features, they applied a shallow neural network comprising a single layer with

50 neurons, trained over 10 epochs. In our implementation of the Mehmood et al. (2021)

model with our preprocessing, the convergence of the model required 165 iterations, achieving

a loss of 0.296. Table 4.2 shows the result for the confusion matrix with all 32 features and

the same information for the 10 top ranked features from random forest algorithm.

The evaluation of machine learning classification models usually relies on key metrics such

as precision, recall, accuracy, specificity, and the F1-score. These metrics are derived from the

four distinct outcomes false positive (FP), false negative (FN), true positive (TP), and true
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Dataset Accuracy Precision Recall Specificity F1-Score

All Features 86.23 20.00 5.00 97.28 8.00
Top 10 Features 85.63 0.00 0.00 97.28 0.00

Table 4.2: Comparison of MLP Classifier in Mehmood et al. (2021) Results (All Features vs.
Top 10 Features)

negative (TN) presented in a confusion matrix. The tables presented herein demonstrate that

despite achieving high accuracy, the model exhibits sub-optimal performance in identifying

true positives. Although numerous studies highlight the elevated accuracy of their models,

this metric is often inflated by the prevalence of true negatives. However, the more critical

metric should be the number of true positives, as it significantly enhances the system’s value.

This chapter prioritizes improving the detection of true positives to develop a robust cancer

classification system while simultaneously maintaining a high overall accuracy.

4.2.1 GAN

GANs are a class of artificial intelligence algorithms used in unsupervised machine learning,

implemented by a system of two neural networks competing with each other in a zero-sum

game framework. This technique was introduced in Goodfellow et al. (2014). The system

consists of two models: the generator (G) and the discriminator (D). The generator tries to

produce data that are indistinguishable from genuine data, while the discriminator evaluates

the authenticity of the data, determining whether each piece of data is real or produced by

the generator (Xu et al., 2019). Mathematically, his relationship can be described by the

generator G and the discriminator D expressed as

min
G

max
D

V (D,G) = Ex∼pdata [logD(x)] + Ez∼pz [log(1−D(G(z)))].
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The terms of this equation are defined as follows:

• minGmaxD V (D,G): This represents the minimax game between the generator G and

the discriminator D. The generator G tries to minimize this function against the

discriminator that tries to maximize it.

• Ex∼pdata : The expectation of the real data distribution pdata.

• logD(x): The logarithm of the probability that the discriminator D correctly classifies

real data as real.

• Ez∼pz : The expectation over the distribution of input noise z, typically assumed to be

a simple distribution like a Gaussian or uniform distribution.

• log(1−D(G(z))): The logarithm of the probability that the discriminator D correctly

classifies fake data (produced by the generator G from noise z) as fake.

4.2.2 CTGANs

CTGANs are a specialized extension of the generative adversarial network framework de-

signed to generate synthetic tabular data. This model involves training a generator to pro-

duce synthetic data instances and a discriminator to distinguish between real and synthetic

data, optimized through a min-max game between two competing neural networks.

After completing the preprocessing steps outlined in Section 4.2, we utilized the CTGAN

method on the training portions of our dataset with missing values filled by mean values. The

model is configured with a learning rate of 0.02, a max depth of 2 and 100 estimators. The

data generation process includes a pre-generation fraction of 2 and training with a batch size

of 500, 25 epochs of patience, and 500 total epochs. Importantly, we preserve the integrity

of the test set by keeping it unseen and planning to use it exclusively for evaluation. Figure
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4.2 shows the comparison between the generated data (fake) and the original data (real) for

the first four features of the CCRF dataset. Figures 4.3, 4.4, and 4.5 represent the heatmap

of the real, fake and the difference between real and fake dataset features respectively.
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Figure 4.2: Comparison of Real and Fake Data for the First Four Features.
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Figure 4.4: Heatmap of the Fake Dataset.
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Figure 4.5: Comparison of Real and Fake Heatmap.

4.2.3 Forest Diffusion

The forest diffusion model represents an innovative approach to modeling tabular data,

harnessing the strengths of decision tree architectures alongside diffusion processes. By

integrating these techniques, the model effectively captures complex, non-linear relationships
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inherent in structured datasets. This synthesis allows for improved predictive accuracy

and robustness in various applications, from financial forecasting to healthcare analytics

(Jolicoeur-Martineau et al., 2023).

4.2.4 Language Models are Realistic Tabular Data Generators

The Generation of Realistic Tabular data (GReaT) framework presents an innovative ap-

proach for synthesizing tabular data using language models (Borisov et al., 2023). Using

the natural language processing capabilities of these models, GReaT efficiently generates

realistic and coherent data entries that mimic the structure and correlations found in real-

world datasets generated based on large language models based on the GReaT framework.

The model is configured on DistilGPT-2 with a batch size of 32 for 16 epochs in a single

run. This method offers a significant advancement in the field of data augmentation and

synthetic data generation, providing a robust tool to improve model training and analysis

without compromising data privacy. The mathematical formulation typically involves max-

imizing the likelihood of the generated sequences (rows) given the training data, which can

be represented as:

max

(
N∑
i=1

logP (rowi | model)

)
(4.1)

where P (rowi | model) is the probability of observing the data in row i given the model.

4.3 Machine Learning Methods and Parameters

The dataset under investigation features a labeled target class, which requires the use of

a supervised machine learning approach. The logistic regression classifier is a statistical

model that uses a logistic function to model a binary dependent variable. It estimates the

probability that a given input belongs to a particular category (Hosmer et al., 2013). Decision
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tree classifier uses a tree-like model of decisions and their possible consequences (Quinlan,

1986). Random forest (RF) classifier operates by constructing a multitude of decision trees

at training time and outputting the class that is the mode of the classes of the individual

trees. This ensemble method is particularly noted for its high accuracy, robustness, and ease

of use (Breiman, 2001). A gradient boost classifier combines several weak learning models to

create a strong predictive model. Decision trees are typically used as weak learners in this

approach. Gradient boosting is effective for a variety of prediction tasks (Friedman, 2001).

A Gaussian naive Bayes classifier assumes that the continuous values associated with each

feature are distributed according to a Gaussian distribution, which is particularly suitable for

classification tasks in which the features are normally distributed (Murphy, 2006). k-nearest

neighbors assumes that similar things exist in close proximity, it looks for the closest match

of the test data in feature space. KNN is widely used for its simplicity and effectiveness in

classification tasks (Altman, 1992). Support vector classifiers are known for their robustness

and are particularly useful in scenarios where the number of dimensions exceeds the number

of samples, suitable for many medical and biological classification tasks (Cortes and Vapnik,

1995). Multi-layer perceptrons are a class of feedforward artificial neural networks. MLP

uses backpropagation for training the network, effective for complex non-linear modeling

that captures intricate relationships in the data (Rumelhart et al., 1986).

4.4 Results

In the construction of models, various supervised learning techniques were employed to

evaluate the effectiveness of data augmentation in clinical diagnostics. To ensure statistical

reliability and prevent data leakage, a stratified 10-fold cross-validation was implemented.

To maintain strict experimental integrity, the original dataset was first partitioned into 10

folds of the same size before the introduction of any synthetic samples. In each iteration,
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the synthetic samples were concatenated exclusively with the training folds (90%), while the

evaluation was performed solely on the original, unseen data (10%) stored in the testing fold.

This configuration ensures that the evaluation metrics reported represent the performance

of the model on 100% authentic data, confirming that the synthetic generation process did not

bias the final assessment. The performance metrics reported represent the mean and standard

deviation across these ten iterations, providing a robust estimate of the generalizability of

the model. All classifiers were implemented using the scikit-learn library (Buitinck et al.,

2013), utilizing a standardized pipeline that included feature scaling to ensure compatibility

across both linear and non-linear architectures.

Table 4.3 presents the evaluation metrics for the classifiers, highlighting the comparative

performance between the baseline and the augmented datasets. For the baseline models,

logistic regression achieved the highest recall (0.42± 0.15), while gradient boost, KNN, and

MLP recorded the highest accuracy (0.86). The random forest baseline model achieved an

accuracy of 0.84±0.02, a precision of 0.27±0.15, a recall of 0.16±0.10, and an ROC-AUC of

0.64± 0.08. Following data augmentation, the random forest model recorded an accuracy of

0.89±0.02, a precision of 0.61±0.16, a recall of 0.46±0.11, and an ROC-AUC of 0.80±0.06.

Logistic regression showed a change in ROC-AUC from 0.62± 0.10 to 0.66± 0.09, while its

recall changed from 0.42±0.15 to 0.47±0.17. The decision tree classifier showed an increase

in F1-score from 0.22± 0.15 to 0.45± 0.11.

4.5 Discussion

The results demonstrate that the inclusion of synthetic data provides a significant boost

in the models’ ability to navigate severe class imbalance. Although traditional models like

logistic regression showed modest improvements in ROC-AUC, they remained constrained

by their linear nature. In contrast, the ensemble and tree-based classifiers exhibited a trans-
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Dataset Classifier Accuracy Precision Recall F1-Score ROC AUC

O
ri

gi
na

l

Logistic Regression 0.73 ± 0.06 0.23 ± 0.10 0.42 ± 0.15 0.29 ± 0.11 0.62 ± 0.10
Decision Tree 0.77 ± 0.05 0.19 ± 0.13 0.26 ± 0.18 0.22 ± 0.15 0.55 ± 0.10
Random Forest 0.84 ± 0.02 0.27 ± 0.15 0.16 ± 0.10 0.20 ± 0.12 0.64 ± 0.08
Gradient Boost 0.86 ± 0.02 0.32 ± 0.33 0.08 ± 0.06 0.12 ± 0.10 0.57 ± 0.09
KNN 0.86 ± 0.02 0.30 ± 0.24 0.10 ± 0.09 0.15 ± 0.13 0.61 ± 0.07
MLP 0.86 ± 0.03 0.42 ± 0.18 0.22 ± 0.12 0.28 ± 0.13 0.59 ± 0.11

C
om

bi
ne

d

Logistic Regression 0.71 ± 0.05 0.21 ± 0.08 0.47 ± 0.17 0.29 ± 0.11 0.66 ± 0.09
Decision Tree 0.84 ± 0.04 0.41 ± 0.11 0.52 ± 0.13 0.45 ± 0.11 0.71 ± 0.07
Random Forest 0.89 ± 0.02 0.61 ± 0.16 0.46 ± 0.11 0.51 ± 0.08 0.80 ± 0.06
Gradient Boost 0.88 ± 0.02 0.64 ± 0.39 0.16 ± 0.11 0.25 ± 0.16 0.69 ± 0.08
KNN 0.87 ± 0.03 0.49 ± 0.25 0.25 ± 0.13 0.32 ± 0.16 0.69 ± 0.08
MLP 0.88 ± 0.03 0.62 ± 0.36 0.26 ± 0.16 0.35 ± 0.19 0.69 ± 0.08

Table 4.3: Classifier Performance: Original vs. Combined Datasets (10-Fold CV, Mean ±
SD %)

formative response. The random forest model, in particular, emerged as the top performer,

achieving a substantial increase in both recall (from 0.16 to 0.46) and ROC-AUC (from 0.64

to 0.80). This suggests that the synthetic data effectively modeled the minority class mani-

fold, allowing the classifier to identify nearly triple the number of high-risk cases compared

to the baseline without a significant loss in precision.

The analysis indicates that the proposed data augmentation strategy successfully ad-

dresses the limitations of sparse medical datasets. Although the original baseline models

struggled with low recall-often missing more than 80% of risk cases the models trained on

the combined dataset developed a more comprehensive understanding of characteristics of

the minority class. Random forest emerged as the most reliable diagnostic tool, balancing

a precision of 61.0% with a marked improvement in ROC-AUC. These results underscore

the viability of using advanced generative techniques to enhance the predictive accuracy and

clinical utility of cervical cancer screening models.a
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4.6 Conclusions and Future Work

This study has highlighted the critical importance of cervical cancer classification while

acknowledging the constraints posed by data availability and privacy concerns. Our research

demonstrates that synthetic tabular data can effectively mitigate the challenges of severe class

imbalance, which often leads to poor diagnostic sensitivity in baseline models. The results

indicate that synthetic data do not necessarily replicate the limitations of the original dataset

but actively improve the ability of the model to generalize, particularly in ensemble-based

classifiers. Specifically, the marked improvement in recall and ROC-AUC suggest that the

generative process successfully captured the underlying risk-factor correlations necessary to

identify high risk patients.

Given the inherent limitations of a small, imbalanced clinical sample, the results should

be interpreted as indicative of the augmentation’s potential rather than definitive clinical

proof. Validation on larger, multi-center datasets would be a necessary step to strengthen

these conclusions.

In future work, we intend to refine the data preparation pipeline by implementing ad-

vanced dimensionality reduction and feature selection to isolate key risk factors before the

generative phase. Furthermore, we propose investigating post-generation filtering techniques

to remove low-fidelity synthetic outliers. Preliminary tests suggest that such refinements

could further stabilize model performance across linear and non-linear architectures. Ad-

ditionally, exploring the integration of multi-model synthetic ensembles and deeper neural

architectures may provide further gains in predictive reliability.

4.7 Contributions of the Chapter

• Data Scarcity Imbalance Paradox
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– Improve classifier performance under imbalance: Synthetic data improves

recall and F1 across multiple classifiers.

– Preserve multivariate relationships: Synthetic data maintains clinical struc-

ture and improves several metrics.

– Optimize integration of synthetic + original data: Synthetic dataset con-

sistently outperforms original data.

• Deployment Dilemma

– Efficient models for low-resource settings: Traditional ML models trained

on synthetic data achieve strong performance with minimal computational cost.
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Chapter 5

Tabular-to-Text Transformation and

LLM-Based Classification

This chapter outlines the proposed methodology for developing the medical text classification

model. It covers key steps including dataset description, preprocessing, model training,

fine-tuning strategies, handling class imbalance, and addressing challenges faced during the

process. The chapter concludes with an evaluation of the final model’s performance. This

study is published in IEEE International Conference on Prognostics and Health Management

(ICPHM) (Gheibi and Hougen, 2025b).

5.1 Proposed Method and Dataset Description

For this study, we utilized the Cervical Cancer Risk Factors (CCRF) dataset from the UCI

Machine Learning Repository (Fernandes et al., 2017). After the preprocessing phase de-

scribed in Chapter 4, this dataset contains 30 features, a target value, and 753 patient records.

The dataset provides both categorical and numerical attributes, which are transformed into
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a textual format for processing by language models. Models are trained to predict whether a

patient is likely to be recommended for further testing, with labels indicating “Yes” or “No.”

A label of “Yes” means that further testing will be recommended, while “No” means that no

further testing is recommended.

5.2 Preprocessing and Data Transformation

Before training the model, the dataset undergoes a rigorous preprocessing phase. These pre-

processing and data transformation steps are essential to ensure that the data is suitable for

the classification model. By addressing data quality and consistency, we aim to improve the

model’s reliability and fairness, making it more applicable to real-world healthcare scenarios.

The preprocessing phase includes the following steps:

• Data Collection and Cleaning: The preprocessing pipeline followed the same pro-

cedures described in Chapter 4, including handling missing values (e.g., mean or KNN

imputation), and standardization of inconsistent entries. These steps ensured that the

training data were clean, reliable, and aligned with the previously established method-

ology.

• Data Splitting and Cross-Validation: We performed k-fold cross-validation, in

which the data was split into k subsets (k = 10) and the model was trained and

validated across all fold combinations. This approach was particularly appropriate

given the limited dataset size: a simple train-test split would have reserved a substantial

portion of the data exclusively for testing, reducing the amount of data available for

training, and increasing the variance of the performance estimate. In contrast, k-fold

cross-validation allowed every sample to serve as both training and validation data

across different folds, resulting in a more stable and reliable assessment of generalization
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and reducing the risk that model performance depended on an unrepresentative split.

This procedure ensured that the model generalized well to unseen data and did not

overfit to any particular subset.

• Tabular-to-Text Transformation: Inspired by Wang et al. (2022), a work on con-

verting structured data into text, we reformat tabular features into a structured textual

representation that can be fed into a language model for classification.

• Normalization of Text: Feature values are converted into readable text where ap-

plicable and are articulated in natural language.

An example transformation is shown below:

“She is 30 years old. She has had 2.0 sexual partners. She has been pregnant 3.0

times. She smokes 3.5 packs per year. She has IUD for 9.0 years. She has used

hormonal contraceptives for 3 years. She has 0.0 number of diagnosis. She has 0

history of STDs. The total number of STD diagnoses is 0.0. Time since the first

diagnosis is 0.0 years. Time since the last diagnosis is 0.0 years. ....” “Label:

No.”

5.3 Model Training and Fine-Tuning

This section describes the modeling strategies used to classify patients, focusing on both

prompt-based inference with large language models and supervised fine-tuning of smaller,

domain-specific models.

To classify patients as recommended for further testing or not, we applied both prompt-

based inference using general-purpose language models and supervised fine-tuning of domain-

specific small language models. The training was conducted in two phases:
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1. Zero-shot and Few-shot Learning: General models Llama (Meta LLama Team,

2024), Mistral (Mistral AI, 2023), and Phi (Microsoft, 2024) were tested without ad-

ditional training to establish baseline performance.

2. Full Fine-Tuning: We fine-tuned general purpose SLMs such as BioBERT (Lee et al.,

2020), PubMedBERT (Gu et al., 2020b), ALBERT (Lan et al., 2019a), and DistilBERT

(Sanh et al., 2019a) on the CCRF dataset, leveraging synthetic augmentation and class-

weighted loss for improved cancer classification.

5.3.1 Fine-Tuning Strategy

The Fine-tuning of biomedical SLMs was performed using the Hugging Face trainer API

(Hugging Face, 2024). Hyperparameters were selected through a small-scale grid search over

learning rates {1 × 10−5, 5 × 10−6, 2 × 10−6}, batch sizes {8, 16}, and weight decay values

{0, 0.01}, selecting the combination that maximized the validation F1-score. Each model was

fine-tuned once using the selected hyperparameters. The final configuration is summarized

below.

• Learning Rate: 2× 10−6

• Epochs: 10

• Batch Size: 16

• Weight Decay: 0.01

• Optimizer: Adam (β1 = 0.9, β2 = 0.999)

• Model Selection: Best validation F1-score
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5.3.2 Handling Class Imbalance with Weighted Loss

The CCRF dataset exhibited a substantial class imbalance, with “No” cases comprising ap-

proximately 90% of the samples and “Yes” cases only 10%. This imbalance risked biasing the

model towards always predicting the majority class, which would yield deceptively high ac-

curacy while severely degrading recall for the minority “Yes” class. To mitigate this issue, we

employed a weighted cross-entropy loss, where class weights were set inversely proportional

to their frequencies in the training data. This weighting increased the penalty for misclassi-

fying “Yes” cases, ensuring that the model learned to recognize minority-class patterns rather

than defaulting to majority-class predictions.

5.4 Addressing Key Challenges

Initial experiments revealed suboptimal performance due to the usage of pronouns, implicit

gender associations, and inconsistencies in feature representation. To improve input repre-

sentation and consistency of the model, we implemented the following improvements:

• Normalization of Features:

– Replaced raw numeric values with readable text for better interpretability (e.g.,

“three sexual partners” instead of “3.0”).

– Ensured uniform phrasing of categorical variables. Example: Instead of “1” or “0”

for smoking status, we use “smokes” or “does not smoke.”

– Avoid using mean values to fill in missing data, as this can result in excessively long

and non-intuitive numerical values (e.g., “First diagnosis is 27.0239”). Instead, we

use more interpretable alternatives, such as the median or nearest whole number,

to maintain readability and consistency in the text prompts.
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• Age Grouping: Patient ages are categorized into text-based descriptors (e.g., 30.0

years old and younger as “young,” older than 30.0 but younger than 50.0 as “middle-

aged,” and 50.0 and older as “older”) to improve interpretability.

• Ensuring Consistency in Text Prompts: The text descriptions are refined to

ensure uniformity across samples, mitigating potential implicit biases due to gender

associations or pronoun usage.

• Feature Grouping: We categorized related features into meaningful groups to im-

prove natural language understanding and model interpretability. For example, at-

tributes such as the number of sexual partners, age at first intercourse, number of

pregnancies were grouped under Sexual history, while all attributes related to sexually

transmitted diseases (STDs) were grouped under History of STDs. This structured

organization of information allowed for more coherent and contextually relevant text

prompts, reducing inconsistencies, and improving the model’s ability to capture rela-

tionships between risk factors.

• Feature Selection: To streamline the text prompts and make them more manageable

for the model, we employed random forest for feature selection. Although random

forests randomly sample subsets of features when constructing each tree, they produce

aggregated importance scores based on how much each feature reduces impurity across

the ensemble. These scores allow the model to identify which attributes contribute

most strongly to the prediction task. This technique identifies the most significant

features that contribute to the prediction task (Breiman, 2001). We ranked all features

according to their random forest importance scores and performed a sensitivity analysis

using the top 10, 15, 20, 25, and 30 features. The configuration with 20 features

achieved the best validation performance. By removing low-importance features, the
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resulting text prompts become shorter and more focused, improving both the training

efficiency and perplexity in the language-modeling stage (Marvin et al., 2023; Tay et al.,

2020).

• Adjusting Decision Thresholds: Given the imbalanced dataset, a default classifica-

tion threshold of 0.5 led to poor recall for minority class cases. Instead, we dynamically

adjusted the decision threshold to improve sensitivity to cancer cases.

• Evaluation with precision-recall Metrics: Instead of relying solely on accuracy,

we monitored precision, recall, and F1-score to ensure effective classification.

An example transformation after modification is shown below:

“Patient Information:

- Age: forty-four years (middle-aged adult).

- Sexual history: two sexual partners, first intercourse at age twenty-five. Preg-

nancy history: two pregnancies.

- Smoking status: smokes for (zero years, zero packs/year).

- Contraceptive use: using hormonal contraceptives for five years, IUD usage:

using IUD for zero years.

- History of STDs: yes, Total STDs diagnosed: zero, Number of diagnoses:

zero. Last STD diagnosis: zero years ago, First STD diagnosis: zero years

ago....”

“Label: No ”

5.5 Prompt Design

This section presents the design of prompts used for prompt-based classification of medical

text. It introduces three prompting strategies—zero-shot, few-shot, and chain-of-thought
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(CoT)—and explains their roles in evaluating model reasoning, adaptability, and perfor-

mance in medical classification tasks.

In this study, we used prompt-based learning to classify medical texts into two categories:

“Yes” and “No.” The prompt design is critical to guide the model in correctly interpreting

and classifying medical information. We employed three approaches: zero-shot, few-shot,

and CoT.

5.5.1 Zero-Shot Prompt

In the zero-shot approach, the model is provided with a task description and a single medical

text to classify, without any prior examples. The prompt explicitly instructs the model to

classify the text into one of two categories: “Yes” or “No.” The following is the structure of

the zero-shot prompt:

“You are an AI assistant trained for medical text classification. Your task is to

classify the following medical text into one of two categories: “Yes” or “No”.

Rules:

• Provide only one word as output: “Yes” or “No”.

• Do not provide explanations, reasoning, or additional text.

• Your response must be exactly “Yes” or “No”.

Patient text: {text}”

The goal of this prompt is to obtain a direct binary classification from the model based

solely on the medical context provided in the input {text}. Although prompts that request

explanations or chain-of-thought reasoning are common in other NLP tasks, they introduce

unnecessary variability for a strict Yes/No classification problem and can lead to inconsistent
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or overly verbose output. Because the objective here is not to elicit interpretive reasoning

but to evaluate the model’s ability to make a categorical decision in a zero-shot setting,

the prompt explicitly restricts the output to a single word (“Yes” or “No”). This constraint

ensures consistency across predictions, reduces the risk of hallucinated explanations, and

aligns the model’s behavior with the requirements of a binary clinical classification task.

5.5.2 Few-Shot Prompt

In the few-shot approach, the model is given several examples of classified medical texts

before being asked to classify a new text. This method helps the model learn from these

examples and apply similar reasoning to new cases. The few-shot prompt includes a series

of example medical texts along with their corresponding labels, followed by the new patient

text that needs to be classified. An example of a few-shot prompt is shown below:

“You are an AI assistant trained for medical text classification. Your task is to

classify the following medical text into one of two categories: “Yes” or “No”.

Rules:

• Provide only one word as output: “Yes” or “No”.

• Do not provide explanations, reasoning, or additional text.

• Your response must be exactly “Yes” or “No”.

Below are some examples of correct classifications:

Example 1: Text: (Example 1 Text) Label: (Example 1 Label)

Example 2: Text: (Example 2 Text) Label: (Example 2 Label)

Now, classify the following patient text as either “Yes” or “No”. Do not provide

explanations. Only return “Yes” or “No”. Here is the text: {text}”
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This approach provides the model with a few examples, which helps it better understand

the classification task and improves its performance on unseen text. By presenting examples

with labels, we can guide the model to follow the correct reasoning process when classifying

new medical texts.

The design of the prompts is crucial for the success of prompt-based learning models,

especially in medical text classification, where the texts contain complex terminology and

domain-specific knowledge. By carefully crafting the prompts to be clear and concise, we

ensure that the model can focus on the relevant information and generate accurate classifi-

cations.

5.5.3 Chain-of-Thought (CoT) Prompt

Encoder only SLMs such as BioBERT, PubMedBERT, ALBERT, and DistilBERT are dis-

criminative classifiers and therefore cannot generate step-by-step reasoning or intermediate

explanations. These models operate by mapping an input sequence to a fixed length rep-

resentation and predicting a label, without any generative decoding capability. In contrast,

chain-of-thought (CoT) prompting explicitly asks models to articulate intermediate steps

before producing a final answer. Previous work by Wei et al. (2022) demonstrated that

CoT prompting substantially improves performance in complex reasoning tasks by enabling

models to decompose problems into interpretable steps. Motivated by these findings, and

to complement the encoder-based experiments, we additionally evaluated CoT prompting

using the CoT prompt applied in our experiments:

“You are an AI assistant trained for medical text classification. Your task is to

classify the following medical text. Let us think step by step about the medical

risk factors in this case. Explain your reasoning briefly. After reasoning, provide

your final answer on a new line in the format: Final Answer: Yes or Final Answer:
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No.

Below are some examples of correct classifications:

Example 1:

Text: (Example 1 Text) Label: (Example 1 Label)

Example 2: Text: (Example 2 Text) Label: (Example 2 Label) ... ”

Example of the model outputs:

Some risk (smoking + HIV), but diagnosis negative Final Answer: No High risk

(many partners, early intercourse, smoking, HIV) Final Answer: Yes Some risk

(smoking) Final Answer: No Very low risk, but Dx code = 1 Final Answer: Yes

5.6 Experimental Setup

In this section, we describe the experimental setup used to evaluate the performance of both

general-purpose large language models and fine-tuned small language models.

5.6.1 Zero-Shot, Few-Shot, and Chain-of-Thought

To investigate the behavior of generative Large Language Models, we evaluated their per-

formance across three prompting strategies: zero-shot, few-shot, and chain-of-thought. In

the few-shot configuration, each model was provided with three labeled examples within the

prompt before classifying the target input. We evaluated Llama-3.2-3B, Mistral-7B, and

Phi-4 under a 10-fold cross-validation framework. Although these models were not fine-

tuned, they performed inference on each validation fold independently. For the few-shot and

CoT configurations, all examples included in the prompts were drawn exclusively from the

corresponding training folds to prevent data leakage.
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5.6.2 Fine-Tuned SLMs

Fine-tuned SLMs (ALBERT, BioBERT, DistilBERT, and PubMedBERT) were evaluated

using stratified 10-fold cross-validation. In each iteration, 9 folds (90%) were used for train-

ing, and 1 fold (10%) was used for testing. This process was repeated ten times so that each

fold served as the test set exactly once. To ensure fair evaluation and prevent data leak-

age, synthetic samples were included only within the training folds. The metrics reported

represent the mean and standard deviation across all folds, providing a statistically reliable

estimate of the performance of the model.

5.7 Experiments and Results

This section presents the classification performance of general-purpose LLMs and fine-tuned

SLMs on the CCRF dataset. Performance is evaluated using accuracy, precision, recall,

specificity, and F1-score in a 10-fold cross-validation framework.

Model Accuracy Precision recall Specificity F1-Score

Zero-Shot (ZS)
Llama-3.2-3B 83.99 ± 0.9 24.21 ± 5.3 14.94 ± 3.6 93.53 ± 1.9 18.44 ± 4.2
Mistral-7B 78.21 ± 1.4 18.60 ± 2.2 28.40 ± 4.2 84.44 ± 1.6 22.36 ± 3.4
Phi-4 72.81 ± 2.2 14.71 ± 2.1 22.10 ± 3.4 80.52 ± 2.5 17.68 ± 2.8

Few-Shot (FS)
Llama-3.2-3B 85.48 ± 1.3 25.29 ± 3.3 18.28 ± 2.9 93.53 ± 1.4 21.11 ± 3.8
Mistral-7B 86.99 ± 0.5 35.78 ± 4.5 26.69 ± 4.1 94.24 ± 0.6 30.37 ± 4.9
Phi-4 87.54 ± 0.2 18.30 ± 2.1 9.44 ± 1.8 95.63 ± 0.2 12.45 ± 2.2

Chain-of-Thought
Llama-3.2-3B 87.35 ± 0.9 38.11 ± 4.5 31.00 ± 5.3 94.03 ± 1.0 34.20 ± 5.6
Mistral-7B 88.75 ± 1.9 44.22 ± 5.4 39.66 ± 6.1 94.32 ± 2.0 41.67 ± 6.5
Phi-4 89.09 ± 1.7 48.11 ± 6.5 42.74 ± 6.9 94.56 ± 1.8 45.10 ± 5.9

Table 5.1: Comparison of Zero-Shot (ZS), Few-Shot (FS), and Chain-of-Thought LLM Per-
formance (10-Fold CV, Mean ± SD %). Best Results in Each Prompt Category is in italics
and Best Results Overall is in bold.
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Table 5.1 presents the performance of general-purpose LLMs under zero-shot (ZS), few-

shot (FS), and chain-of-thought (CoT) prompting strategies. In the zero-shot setting, Llama-

3.2-3B achieved an F1-score of 18.44%, Mistral-7B achieved 22.36%, and Phi-4 achieved

17.68%. Recall values remained below 30% across all models. In the few-shot setting,

Mistral-7B achieved the highest F1-score of 30.37%, followed by Llama-3.2-3B at 21.11%

and Phi-4 at 12.45%. In the chain-of-thought configuration, all models exhibited improved

performance. Phi-4 achieved the highest F1-score of 45.10%, followed by Mistral-7B at

41.67% and Llama-3.2-3B at 34.20%. Standard deviations across folds ranged up to ±6.5%,

with higher variability observed in F1-score.

Finally, we evaluated small language models (SLMs) specialized for text classification,

including ALBERT, BioBERT, DistilBERT, and PubMedBERT, with 235M, 66M, 110M,

and 110M parameters, respectively. These models were tested on the dataset using their pre-

trained versions and further fine-tuned using our proposed method. To address the inherent

challenges of the small, imbalanced dataset (N = 753), we integrate synthetic data gener-

ated through our proposed GAN-based and LLM-based augmentation methods described in

Chapter 4 into the fine-tuning process. To ensure statistical rigor and prevent data leakage,

the stratified 10-fold cross validation split was performed exclusively on the original clinical

dataset. In each iteration, synthetic samples were utilized only within the nine training folds

to help the models learn minority class features, while the tenth fold remained a purely

original, held-out validation set. This methodology ensures that our reported metrics cal-

culated as the mean (µ) and standard deviation (σ) across all ten folds reflect the models’

ability to generalize to real-world clinical observations rather than synthetic artifacts. Ta-

ble 5.2 presents the performance of fine-tuned small language models. BioBERT achieved

the highest F1-score of 63.73%, followed by PubMedBERT with 46.57%, DistilBERT with

31.27%, and ALBERT with 10.23%. BioBERT also achieved the highest precision (67.86%)
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and recall (62.22%) among all the evaluated models.

Model Accuracy Precision Recall Specificity F1-Score

ALBERT 87.78 ± 1.1 36.67 ± 5.3 6.11 ± 2.5 98.60 ± 0.4 10.23 ± 3.9
BioBERT 90.83 ± 2.7 67.86 ± 5.1 62.22 ± 5.7 95.35 ± 1.5 63.73 ± 4.5
DistilBERT 88.30 ± 2.4 53.43 ± 6.1 23.78 ± 4.9 97.16 ± 1.1 31.27 ± 5.1
PubMedBERT 89.51 ± 2.2 67.54 ± 5.8 38.44 ± 5.2 97.21 ± 0.9 46.57 ± 4.9

Table 5.2: Classification Performance Comparison of Fine-Tuned SLMs (10-Fold CV, Mean
± SD %)

5.8 Ablation Studies

To evaluate the contribution of key components to the proposed methodology, we conducted

ablation experiments by systematically removing individual elements of the pipeline. The

ablation study was conducted on BioBERT, the best-performing model in our experiments,

to isolate and evaluate the contribution of individual components under the most effective

configuration. The goal of this analysis is to assess whether each component provides mea-

surable performance improvements under the same evaluation conditions.

The following configurations were evaluated:

• Full Model: Includes structured tabular-to-text transformation and class-weighted

loss.

• Without Structured Transformation: Uses raw or minimally processed text with-

out feature grouping or normalization.

• Without Class Balancing: Removes weighted loss, using standard cross-entropy.

• Without Both Components: Removes both structured transformation and class

balancing.
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All configurations were evaluated using the same 10-fold cross-validation protocol de-

scribed in the experimental setup. Performance was measured using accuracy, precision,

recall, specificity, and F1-score to ensure consistency with the main experiments. The re-

sults in Table 5.3 show that removing structured tabular-to-text transformation leads to

a decrease in F1-score, indicating a reduced ability to capture relationships among clinical

features. Removing class balancing results in a noticeable drop in recall for the minority

class, confirming its importance in addressing dataset imbalance. The combined removal of

both components produces the lowest overall performance in all metrics. These findings sug-

gest that both structured input representation and class balancing contribute to improved

classification performance, particularly in identifying minority-class cases.

Configuration Accuracy Precision Recall Specificity F1-Score

Full Model 90.83 ± 2.7 67.86 ± 5.1 62.22 ± 5.7 95.35 ± 1.5 63.73 ± 4.5
No Structure 88.94 ± 2.6 60.42 ± 5.4 51.33 ± 5.9 94.18 ± 1.7 55.12 ± 4.9
No Class Balance 89.67 ± 2.5 64.10 ± 6.0 42.85 ± 5.6 97.02 ± 1.0 51.22 ± 5.3
Without Both 87.91 ± 2.8 58.25 ± 6.3 36.40 ± 6.1 97.81 ± 0.9 44.74 ± 5.8

Table 5.3: Ablation Study Results for BioBERT (10-Fold CV, Mean ± SD %)

5.9 Discussion

This section provides interpretation of the experimental results and compares the perfor-

mance of general-purpose large language models and fine-tuned small language models. The

results indicate that general-purpose LLMs evaluated under zero-shot, few-shot, and chain-

of-thought prompting strategies exhibit limited effectiveness in identifying minority-class

instances in the CCRF dataset. Although CoT prompting improves performance relative

to zero-shot and few-shot configurations, the overall F1-scores remain moderate, suggest-

ing that prompt-based inference alone may not be sufficient for highly imbalanced medical
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classification tasks.

A notable observation is that several LLMs exhibit a tendency to favor the majority class

(“No”), resulting in reduced recall for the minority class (“Yes”). This behavior is consistent

with known challenges in imbalanced classification, where models prioritize overall accuracy

while failing to capture clinically significant positive cases. The relatively high variance

observed in F1-scores across folds further indicates sensitivity to the limited number of

positive samples in the dataset.

The use of prompt engineering, particularly chain-of-thought prompting, appears to im-

prove the ability of LLMs to incorporate relationships among clinical features. However,

these improvements remain constrained, suggesting that reasoning-based prompting does

not fully compensate for the absence of domain-specific supervised training.

In contrast, fine-tuned SLMs demonstrate substantially improved performance, partic-

ularly in terms of recall and F1-score. Among the evaluated models, BioBERT achieves

the highest performance in multiple metrics. This suggests that domain-specific pretraining,

combined with supervised fine-tuning, allows the model to better capture clinically relevant

patterns and distinguish minority-class instances more effectively.

A key finding of this study is the performance difference between prompt-based inference

and supervised fine-tuning. Although prompt-based methods allow general-purpose models

to perform classification without additional training, their performance remains limited in

imbalanced medical settings. In comparison, fine-tuned SLMs benefit from exposure to

labeled training data, enabling more stable and accurate decision boundaries.

The ablation study further supports the effectiveness of the proposed methodology. The

results indicate that both structured tabular-to-text transformation and class balancing con-

tribute to improved performance. Removing either component leads to a reduction in model

effectiveness, particularly in terms of minority-class recall. These findings suggest that care-
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ful representation of input and imbalance mitigation are critical to achieving reliable perfor-

mance in medical classification tasks.

Additionally, the use of synthetic data augmentation within training folds appears to

support improved generalization without introducing data leakage. By restricting synthetic

samples to training splits only, the evaluation remains focused on real-world clinical data,

enhancing the reliability of reported metrics.

Despite these improvements, several limitations should be noted. The relatively small

dataset size constrains the ability to draw statistically strong conclusions about fine-grained

performance differences between models. As a result, the findings should be interpreted as

a proof of concept rather than definitive evidence of superiority.

Future work may extend this approach by evaluating larger and more diverse clinical

datasets, exploring alternative augmentation strategies, and developing models capable of

recommending specific diagnostic tests rather than binary classifications. Additionally, inte-

grating interactive and multi-language capabilities may further enhance the applicability of

such models in real-world healthcare settings.

5.10 Contributions of the Chapter

• Bridging the Modality Gap

– A structured tabular-to-text transformation framework was developed to convert

clinical tabular data into natural language inputs suitable for language models.

– This representation enables language models to capture contextual relationships

among risk factors that are not explicitly modeled in traditional tabular learning

approaches.

• Addressing Data Imbalance
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– The combination of class-weighted loss and structured input representation im-

proved the model’s ability to identify minority-class (“Yes”) cases.

– Experimental results show improved recall and F1-score for fine-tuned SLMs com-

pared to prompt-based LLM methods in an imbalanced setting.

• Comparison of General-Purpose and Domain-Specific Models

– A systematic comparison between general-purpose LLMs and domain-specific

SLMs was conducted under a unified 10-fold cross-validation framework.

– The results indicate that the domain-specific fine-tuned models (e.g., BioBERT)

achieve a higher recall and F1-score than prompt-based LLM approaches.

• Evaluation of Prompting Strategies

– Zero-shot, few-shot, and chain-of-thought prompting strategies were evaluated in

medical text classification tasks.

– Chain-of-thought prompting improved performance relative to zero-shot and few-

shot settings but remained limited compared to supervised fine-tuning.

• Ablation-Based Validation

– Ablation studies demonstrate that structured text transformation and class bal-

ancing both contribute to improved classification performance.

– Removing either component leads to reduced F1-score and minority-class recall.
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Chapter 6

From Narrative to Knowledge: A

Two-Phase Latent Semantic Framework

for Clinical Record Categorization

This chapter presents the motivation and methodological framework developed to categorize

a dataset containing more than 165, 000 medical records. Phase 1 investigates a density-based

clustering approach using language model (LM) embeddings and highlights the challenges

associated with the context-dependent and domain-specific nature of clinical narratives. To

address these limitations, Phase 2 introduces a probabilistic multi-label framework based on

latent Dirichlet allocation (LDA), which is used to project documents into a latent semantic

topic space rather than enforcing rigid cluster assignments. This process produces a silver

standard, the dictionary-based specialty indicators were used as weak supervision signals

(details in Section 6.5.2), labeled dataset that substantially reduces label noise and class

overlap, providing a more stable target for supervised learning compared to raw hospital-

provided dictionaries.

71



6.1 Introduction and Motivation

The rapid growth of electronic health records has created a large volume of unstructured

clinical text, including physician notes, diagnostic impressions, procedure descriptions, and

specialty specific terminology (Seinen et al., 2025). Although these narratives contain sig-

nificant clinical insight, they remain difficult to organize and analyze at scale. Healthcare

systems frequently rely on inconsistent, incomplete, or excessively granular labeling schemes

that do not capture the true clinical intent behind each record. As a result, a substan-

tial portion of clinical documentation effectively become dark data—information that exists

within institutional systems, but remains insufficiently structured for scalable retrieval and

analysis (Obrik-Uloho et al., 2025). Categorizing medical records into clinically coherent

groups is essential for several downstream tasks, including automated classification, spe-

cialty routing, population level analytics, quality assurance, and decision support (Wang

et al., 2018a; Sheikhalishahi et al., 2020). However, existing categorization methods face

important limitations. Traditional dimensionality reduction and topic modeling methods,

such as principal component analysis (PCA), when applied to raw frequency counts, often

struggle with the dense, overlapping vocabulary of clinical notes. However, reframing the

objective from hard clustering toward probabilistic semantic representation enables these

methods to capture latent clinical structure beyond explicit keyword overlap. We can repur-

pose these methods to uncover the latent clinical intent that surface-level keyword matching

misses (George and Birla, 2018). This chapter addresses these gaps by developing a data

driven framework for organizing unstructured clinical narratives. Through a combination of

unsupervised exploration, taxonomy engineering, and supervised validation, we construct a

consolidated higher-level specialty taxonomy referred to herein as the Super-specialty taxon-

omy (details in Section 6.5) and demonstrate its effectiveness using both traditional baselines
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and a PubMedBERT multi label classifier. This approach transforms noisy and inconsistent

hospital labels into a structured and clinically actionable representation of patient records.

6.2 Data Collection and Description

This section first describes the dataset, followed by the preprocessing pipeline and the two

phases of the proposed methodology.

6.2.1 Data Source

We utilized a corpus of 167,034 patient case summaries extracted from PubMed Central

(PMC) (Zhao et al., 2023), a publicly accessible archive of biomedical and life sciences liter-

ature. These summaries represent de-identified clinical cases published in medical journals,

covering a wide range of medical specialties and conditions.

Effective clustering of clinical narratives requires careful preprocessing to reduce non-

informative lexical noise while preserving medically meaningful signal. Raw clinical case

summaries contain narrative scaffolding, administrative artifacts, demographic descriptors,

workflow terminology, and reporting conventions that can dominate vector representations

without contributing to specialty-specific semantic structure (Meystre et al., 2008; Hossain

et al., 2023).

To address this challenge, an iterative corpus-driven vocabulary refinement strategy was

used. This strategy is inspired by corpus-specific stop-word adaptation and iterative fea-

ture selection methods commonly used in information retrieval and biomedical text mining

(Salton and Buckley, 1988; Ramos, 2003). The objective was to progressively remove non-

informative terms while retaining domain-relevant medical vocabulary essential for down-

stream clustering.
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6.2.2 Initial Corpus Characteristics

The dataset exhibits several typical characteristics of clinical narratives. The raw corpus of

the patient_summary exhibited substantial length variability:

1. Length Variability: Document lengths range from 11 to 13, 688 words, with an

average of approximately 415 words. This variability introduces several challenges

for vector-based modeling. Longer documents can dominate term frequency-inverse

document frequency (TF-IDF) weighting schemes, embeddings may become biased

toward narrative verbosity, computational resource requirements increase substantially,

and density-based clustering methods can become unstable. A formal definition of TF-

IDF is provided in Section 6.2.3.

2. Medical Complexity: Texts contain detailed clinical descriptions that include symp-

toms, examination findings, diagnostic test results, treatment plans, and results.

3. Specialty Diversity: Cases span multiple medical specialties, including cardiology,

oncology, neurology, gastroenterology, and others.

4. Temporal Information: Many summaries include temporal sequences of symptoms,

diagnostic evaluations, and treatment responses.

These characteristics motivated systematic preprocessing, which are discussed in the follow-

ing sections.

6.2.3 Term Frequency–Inverse Document Frequency (TF-IDF)

To transform textual data into a numerical representation suitable for clustering, we employ

the TF-IDF weighting scheme. Let D = {d1, d2, . . . , dM} denote a corpus of M documents,
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and let t be a term in the vocabulary (Oren, 2002). The term frequency (TF) of term t in

document d is defined as:

TF(t, d) =
ft,d∑

t′∈d ft′,d
, (6.1)

where ft,d is the number of occurrences of term t in document d.

The inverse document frequency (IDF) is defined as:

IDF(t) = log

(
M

|{d ∈ D : t ∈ d}|

)
, (6.2)

where the denominator represents the number of documents that contain the term t.

The TF-IDF weight is then given by:

TF-IDF(t, d) = TF(t, d)× IDF(t). (6.3)

This formulation assigns high weights to terms that are frequent within a document but

rare across the corpus, making it particularly suitable for emphasizing discriminative lexical

features in clinical tasks (Salton and Buckley, 1988). In the context of clinical text, TF-

IDF helps mitigate the influence of common narrative terms while emphasizing medically

relevant vocabulary. The effectiveness of TF-IDF is strongly influenced by the quality of

the underlying vocabulary, which motivates the iterative refinement strategy described in

Section 6.3.

6.3 Preprocessing Pipeline

The clinical text preprocessing pipeline implemented several transformations to standardize

and clean the input documents. The pipeline aimed to suppress narrative scaffolding (e.g.,
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“patient presented with,” “history of”) while retaining clinically meaningful descriptors. A

deterministic cleaning function was implemented using compiled regular expressions and

rule-based filtering. The following normalization steps were applied:

• Case normalization: All text was converted to lowercase.

• Whitespace normalization: Multiple spaces, tabs, and line breaks were reduced to

single spaces.

• Numeric filtering: All numeric expressions were removed (e.g., “45-year-old,” “0.125

mg”) to avoid demographic leakage into feature space.

• Measurement unit removal: Domain-specific units (e.g., mg, ml, kg, cm) were

removed.

• Stop-word removal: Standard English stop-words were augmented with a domain-

specific stop-word list constructed iteratively.

Abbreviation Normalization Clinical abbreviations were expanded using a predefined

mapping dictionary to improve semantic consistency. For example, “w/” → “with,” “h/o” →

“history of,” and “s/p” → “status post”. The complete abbreviation mapping is provided in

Appendix A.

Token Exclusion Criteria A token was removed from the corpus if it satisfied at least

one of the following conditions:

• Numeric filtering: tokens containing digits

• Unit filtering: membership in a predefined measurement unit list

• Stop-word filtering: membership in either standard or domain-specific stop-word lists
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• High document frequency: appearing in more than 70% of documents

• Low document frequency: appearing in fewer than 0.5% of documents

Domain-Specific Stop-word Construction A domain-specific stop-word list was con-

structed to remove non-informative tokens common in clinical narratives, including demo-

graphic descriptors (e.g., patient, male), temporal markers (e.g., day, month), narrative

verbs (e.g., presented, showed), and procedural terms (e.g., treatment, procedure). The use

of domain-specific stop-word lists is important in specialized corpora, as generic stop-word

lists may not capture high-frequency but semantically uninformative terms unique to a given

domain. Removing such terms can reduce the dimensionality of the feature space and im-

prove the performance of downstream text mining tasks. In clinical text, domain-specific

preprocessing is particularly important due to the presence of specialized terminology, ab-

breviations, and variability in narrative structure (Makrehchi and Kamel, 2008; Alshanik

et al., 2020).

6.3.1 Iterative Corpus-Driven Vocabulary Refinement

The stop-word vocabulary was refined iteratively using corpus-level frequency statistics and

LLM-based inspection of non-informative words to ensure the removal of structurally fre-

quent but clinically uninformative terms. The complete stop-word list is provided in Ap-

pendix A. The basis for classifying these tokens as non informative is that they serve gram-

matical, administrative, or descriptive functions rather than conveying clinical concepts. For

example, scaffold verbs such as “show” or “perform” describe the act of documentation rather

than the medical condition. Demographic terms such as “year” or “male” appear in almost

every record and do not indicate a specific specialty. Time and unit markers such as “day,”

“month,” “mg,” or “ml” are routine measurement words that do not carry diagnostic or spe-
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cialty specific information (Kim et al., 2012). Because these terms occur frequently in all

specialties and do not reflect clinical intent, they were removed to reduce noise and allow the

models to focus on medically meaningful vocabulary. Importantly, a specialty-bearing med-

ical vocabulary was retained, including tumor, liver, artery, bone, MRI, biopsy, abdominal,

chest, serum B.

We formalize preprocessing as an iterative corpus-driven vocabulary refinement Algo-

rithm 1. The objective is to maximize the density of specialty signals while minimizing

narrative and structural noise prior to statistical feature filtering and clustering.

Algorithm 1: Iterative Corpus-Driven Vocabulary Refinement
Data: Clinical corpus D = {d1, . . . , dM}; Initial stop-word set S0; Top-N threshold

N ; Convergence threshold τ
Result: Cleaned corpus D∗

S ← S0;
converged← false;
while converged = false do

foreach di ∈ D do
Apply preprocessing pipeline defined in Section 6.3;
Tokenize, remove tokens in S;
Store cleaned tokens as d′i;

Construct vocabulary V from {d′1, . . . , d′M};
Compute corpus frequency f(w) for each w ∈ V ;
Sort V in descending order of f(w);
Vtop ← first N words of sorted vocabulary;
N ← LLM-assisted semantic inspection of high-frequency tokens(Vtop);
Compute medical signal ratio:

r =
|Vtop \ N |

N

if r ≥ τ then
converged← true;

D∗ ← {d′1, . . . , d′M};
Save D∗;
return D∗;
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As mentioned in Section 6.3.1, the identification of non-informative words (N ) was con-

ducted using a large language model (GPT5) with a zero-shot prompting strategy that acts

as a clinical linguistic annotator. For each iteration, the top N tokens (words) were format-

ted into a list and passed to the model. The model returned a binary classification for each

token. Only tokens classified as scaffolding or noise were added to the expanded stop-word

set S. The system prompt utilized is as follows:

“You are a medical data scientist. Review the following list of clinical tokens.

Classify each token as either Signal (specific physiological states, diagnoses, or

treatments) or Scaffolding (narrative structure, common verbs, or reporting lan-

guage). Return the results as a list of tokens to be excluded (Scaffolding).”

6.3.2 Rationale for Top-N Frequency Inspection

Threshold values were selected on the basis of Zipfian coverage and empirical convergence

behavior. Specifically, N was empirically selected so that the top-ranked vocabulary repre-

sented approximately 50% of the total corpus token frequency mass to focus on the most

influential portion of the corpus. The convergence threshold was set at τ = 0.6, indicating

a sufficient dominance of the clinical signal in the high-frequency vocabulary and reflecting

the diminishing returns of further refinement.

Natural language corpora follow Zipf’s Law, where the frequency of word f(w) is inversely

proportional to rank r:

f(w) ∝ 1

rank(w)
. (6.4)

Consequently, a small subset of the vocabulary accounts for a disproportionately large

share of the total corpus. Let cumulative coverage C(N) be defined as the ratio of the
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frequency of the top-N words to the total number of tokens in the vocabulary V :

C(N) =

∑N
i=1 f(wi)∑
w∈V f(w)

. (6.5)

Empirically, due to the Zipfian distribution, which is characterized by a strong concen-

tration of probability mass in a small number of high-frequency items, the majority words

occur rarely. Consequently, a relatively small subset of the vocabulary accounts for a dis-

proportionate share of total corpus tokens. Thus, selecting N such that C(N) ≈ 0.5 ensures

that inspection focuses on the dominant lexical mass while maintaining tractability (Tullo

and Hurford, 2003).

6.3.3 Transition to Statistical Filtering

Following iterative refinement, approximately 60% of the top-ranked tokens were identified

as medically meaningful, indicating that a substantial portion of high-frequency terms had

transitioned from general-purpose to domain-relevant usage. At this stage, further manual

intervention yields diminishing returns and increases the risk of over-curation. Consequently,

we transitioned to automated document frequency filtering to handle the remaining lexical

distribution, using empirically motivated thresholds:

• Upper Bound: Terms appearing in > 70% of documents were removed as non-

discriminative corpus-wide stop-words, consistent with common practices in informa-

tion retrieval for removing corpus-wide stop-words.

• Lower Bound: Terms appearing in < 0.5% of documents were removed as sparse

noise (e.g., rare misspellings or idiosyncratic entries).

This dual-threshold approach preserves domain-specific signals while reducing noise and
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improving the stability of the resulting vector space representations for downstream cluster-

ing.

Corpus Characterization and Length Distribution The iterative cleaning process

resulted in a substantial reduction in corpus volume, decreasing the average document length

from approximately 415 words to 170 words per record (approximately 60% reduction).

Length normalization was achieved through a combination of token-level filtering and mild

document-length standardization.

Specifically, the removal of high-frequency scaffolding terms and document frequency

filtering reduced disproportionate token accumulation in longer documents, thereby mitigat-

ing length-related bias in the feature space. Documents containing fewer than five tokens

were excluded because ultra-short records provide insufficient semantic information for stable

representation learning and clustering.

Overall, the corpus remained statistically stable after preprocessing. Although the max-

imum post-cleaning document length reached 7,082 tokens, the median length of 124 tokens

and the relatively moderate standard deviation indicate that most records retained mean-

ingful semantic content without substantial over-cleaning or sparsity. Together, these pre-

processing steps reduced length variability while preserving clinically relevant information,

ensuring that downstream representations were driven more by semantic content than by

raw document size.

Table 6.1 summarizes the effect of the preprocessing pipeline on corpus structure. The

substantial reduction in average and median document length indicates successful removal

of narrative scaffolding and non-informative lexical content while preserving clinically mean-

ingful terminology. The reduction in variance further suggests improved corpus uniformity,

which is beneficial for stable vector representation and downstream clustering.
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Metric Before Preprocessing After Preprocessing

Minimum Length 1 token 5 tokens
Median Length 302 tokens 124 tokens
Maximum Length 13,688 tokens 7,082 tokens
Mean Length 415 tokens 170 tokens
Standard Deviation 241 tokens 89 tokens

Table 6.1: Corpus Statistics Before and After Preprocessing

Medical Vocabulary Density Empirical inspection of the refined corpus indicates high

medical signal density within the upper frequency ranks, particularly among the top 100

tokens, with consistently strong semantic relevance across the top 200 to 400 tokens. How-

ever, a distinct inflection point emerges beyond the 400-token threshold, where medical

relevance begins to decline more noticeably. This indicates that narrative expansion and

general linguistic structure increasingly dilute the domain-specific signal in lower-frequency

tiers, justifying our focus on the top-N most frequent terms.

Before processing: A 58-year-old woman with a 2-year history of polyarthropathy had a

diagnosis of RA (Fig. ). She was treated with oral corticosteroids (15 mg/QD), methotrexate

(MTX) 10 mg weekly, and/or a nonsteroidal anti-inflammatory drug. Her steady situation

lasted for 16 months. In the recent 8 months, she experienced severely impairing and dizzines

s and anemia. The blood test revealed ....

Extracted entities after processing: [ platelet, plt, erythrocyte, polyarthropathy, mcv,

sedimentation, esr, crp, corticosteroids, methotrexate, impairing, dizzines, anemia, normo-

cytic, laboratory, cell, wbc, hemoglobin, erythrocyte, corpuscular, volume, rheumatoid, factor,

anti,....]

The preprocessing pipeline transforms raw narrative text into a semantically denser,

domain-adapted representation suitable for clustering. By combining iterative refinement in
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Algorithm 1 with statistical filtering, the final corpus balances noise reduction and domain

signal preservation, providing a stable and semantically enriched foundation for downstream

representation learning and clustering experiments.

6.4 Phase 1

The initial strategy explored hybrid feature fusion between semantic embeddings and struc-

tured clinical representations. This section focuses on synthesizing high-dimensional seman-

tic representations with structured clinical indicators to create an effective feature space of

documents.

6.4.1 Semantic Feature Extraction with Language Models

We utilized PubMedBERT to generate semantic document embeddings. PubMedBERT,

which is pretrained on biomedical literature, was chosen over general-domain BERT variants

because of its superior performance on biomedical NLP benchmarks such as BioASQ and

BLURB (Gu et al., 2021).

6.4.2 Structured Clinical Feature Extraction

A Multi-component approach was developed to extract structured clinical features from the

document corpus, combining entity-based and specialty-based representations.

Medical Specialty Identification According to the American Board of Medical Special-

ties (ABMS) (American Board of Medical Specialties, 2026) 18 main medical specialties were

defined with comprehensive keyword sets. Each specialty was associated with 10-15 clini-

cally relevant keywords (detailed in Appendix B). For each document, a specialty vector was
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calculated, where each element represented the normalized frequency of keywords associated

with that specialty. This approach enabled the quantification of document specialization

while accounting for multidisciplinary content.

Clinical Entity Extraction Named entity recognition (NER) was performed to identify

clinically relevant concepts, including diagnoses, procedures, medications, and anatomical

references. The extracted entities were transformed into a TF-IDF representation with 500

maximum features, applying minimum document frequency filtering (5 to 10 occurrences)

to control feature sparsity and computational complexity and to eliminate rare terms while

retaining clinically significant vocabulary. We implemented a hybrid entity extraction ap-

proach that combined:

• Dictionary-based extraction using medical terminologies

• Pattern-based extraction using regular expressions for clinical phrases

• Statistical extraction using TF-IDF for domain-specific term identification

Feature Integration The structured feature vector for each document was constructed

by concatenating the specialty vector with the entity-based TF-IDF representation. This

hybrid representation captured both document-level specialization patterns and fine-grained

clinical concept distributions.

Hybrid Feature Fusion To integrate semantic language-model embeddings with struc-

tured clinical features, a two-stage alignment and fusion process was implemented. Given

the mismatch between the language model embeddings (768 dimensions) and the structured

feature set (518 dimensions), PCA was used to reduce embedding dimensionality while ap-

proximately aligning the representation scale with the structured feature space prior to
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fusion.

Feature Normalization Both feature sets underwent z-score normalization using the

StandardScaler implementation from scikit-learn. This transformation centered each feature

dimension on zero mean and unit variance, eliminating scale disparities between embeddings

(typically distributed in [−1,+1]) and structured features (ranging across multiple orders

of magnitude). Normalization was applied independently to each feature set to preserve

representation balance and prevent scale dominance during fusion.

Weighted Fusion A convex combination approach fused the normalized feature represen-

tations:

Fhybrid = (1− α) · FBERT + α · Fstructured (6.6)

where α ∈ [0, 1] controlled the relative contribution of structured clinical features. Hyper-

parameter tuning via grid search identified α = 0.3 as a strong-performing configuration,

balancing semantic information (70% weight) with clinical specificity (30% weight).

6.4.3 Clustering Methodology

In clinical applications, cluster quality must be assessed through both quantitative metrics

and qualitative clinical relevance. The absence of ground truth labels necessitates careful

selection of validation approaches that capture different aspects of cluster structure.

Evaluation Metrics for Clustering Five complementary clustering evaluation metrics

were used, combining both internal validation criteria and external agreement measures

based on reference specialty labels.

• Silhouette Score measures cluster cohesion and separation by comparing intra-cluster
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distances to inter-cluster distances. The values range from −1 (poor clustering) to +1

(excellent clustering), with higher scores indicating better-defined clusters (Rousseeuw,

1987).

• Davies-Bouldin Index quantifies the average similarity between each cluster and

its most similar counterpart, where lower values indicate better separation between

clusters. This metric emphasizes compact, well-separated cluster formations (Chicco

et al., 2025).

• Calinski-Harabasz Index (also known as the Variance ratio criterion) computes the

ratio of dispersion between-clusters to within-cluster dispersion. Higher values corre-

spond to denser, more separated clusters, with the metric being particularly sensitive

to cluster size variations (Chicco et al., 2025).

• Normalized Mutual Information (NMI) measures the agreement between the

predicted clusters and reference labels derived from clinical specialty groupings, nor-

malized to scale the results between 0 and 1. We utilize NMI to assess how much

information is shared between our clinical specialties and the resulting clusters, as it

is invariant to the absolute values of the class labels (Vinh et al., 2010).

• Adjusted Rand Index (ARI) evaluates the similarity between two assignments by

considering all pairs of samples and counting pairs that are assigned in the same or

different clusters in the predicted and reference labels derived from clinical specialty

groupings. The adjusted nature of the score accounts for the chance grouping of ele-

ments, making it a more rigorous measure of clustering accuracy in imbalanced clinical

datasets (Hubert and Arabie, 1985).

These metrics collectively provided a multidimensional assessment of cluster quality, ad-

dressing different failure modes: silhouette score for general cluster definition, Davies-Bouldin
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for separation quality, and Calinski-Harabasz for density and variance characteristics.

Algorithm Selection We selected k-means clustering as our primary clustering algorithm

due to its computational efficiency, scalability to large datasets, and interpretability. Al-

though there are more sophisticated clustering algorithms, k-means provides an effective

baseline and has been widely used in clinical text clustering studies.

We used the optimal cluster count (k=18) on 10, 000 samples determined by silhouette

analysis, normalized mutual information, and adjusted rand index. Table 6.2 presents the

quantitative comparison between raw text, BERT embeddings, and our hybrid approach.

Notably, the Raw Data achieved the highest silhouette score, while the Hybrid approach,

which incorporates more medical structure, saw a decrease in traditional metrics.

Method
Metric Raw data Embeddings Hybrid

Silhouette Score ↑ 0.391 ± 0.021 0.351 ± 0.021 0.328 ± 0.021
Davies-Bouldin Index ↓ 0.998 ± 0.002 1.04 ± 0.002 1.13 ± 0.002
Calinski-Harabasz Index ↑ 4555.3 2751.6 2610.4
NMI Score ↑ 0.30 ± 0.02 0.23 ± 0.02 0.25 ± 0.02
ARI Score ↑ 0.22 ± 0.02 0.13 ± 0.02 0.16 ± 0.02

Table 6.2: Quantitative Clustering Performance Comparison (k=18 clusters, ↑ Higher is
Better, ↓ Lower is Better)

Although silhouette and Davies-Bouldin indices are standard for spherical cluster valida-

tion, they proved sub-optimal for the PMC clinical corpus. These metrics tend to penalize

the presence of natural clinical bridges between related specialties. For example, strong

semantic similarity between related domains such as Valvular Cardiology and Coronary In-

tervention creates continuous semantic overlap rather than clearly separable Euclidean re-

gions. This inverse relationship between metric quality and medical significance reveals a

significant challenge in clinical NLP. High scores in raw data reflect a clustering of narrative
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scaffolding and demographic templates (e.g., “X-year-old male presented with...”) rather

than clinical pathology. As the model shifts toward semantic embeddings, these template

clusters dissolve into a continuous manifold of overlapping medical domains, naturally low-

ering Euclidean separation scores. When projected into low-dimensional visualization space,

this produces a densely entangled projection structure (informally referred to as a “hairball”

effect) in UMAP projections shown in Figure 6.1, where valid multidisciplinary overlaps are

incorrectly interpreted as clustering noise. This limitation necessitated a move away from

distance-based clustering toward a latent projection framework.

The hairball effect observed in the initial UMAP projections suggests that valid clinical

overlaps such as the relationship between Radiology and Oncology are interpreted by stan-

dard metrics as poor separation. Consequently, the results in Table 6.2 should therefore

be interpreted as evidence of intrinsic semantic overlap rather than poor model construc-

tion. This limitation necessitated a move toward a latent semantic projection (Phase 2,

Section 6.5), which evaluates success based on label density rather than spatial isolation.

To resolve the Euclidean limitations of initial UMAP projections, we applied hierarchical

cluster analysis (HCA) to the keywords refined via the iterative process in Algorithm 1.

To maintain computational efficiency over a dataset of N = 167, 342, we implemented a

centroid-based abstraction. We first utilized mini-batch k-means to compress the high-

dimensional TF-IDF space into (k = 20, 000) representative semantic centroids to balance

semantic granularity and computational tractability, capturing fine-grained sub-specialty

variation present in the data that lower-resolution models fail to preserve. The HCA was

then performed on these centroids. The cluster sizes indicated in parentheses in Figure 6.2

refer to the number of semantic centroids within each branch; for example, the largest

leaf nodes represent high-density semantic clusters aggregating over 3, 500 original clinical

records. As illustrated in Figure 6.2, the resulting dendrogram reveals an interpretable
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Figure 6.1: UMAP Visualization Illustrating Dense Semantic Overlap Among Clinical Em-
beddings
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semantic structure previously obscured by clinical noise. However, the HCA results also

provide empirical evidence of persistent clinical entanglement. The structural rigidity of

HCA, which forces hard membership for inherently overlapping specialties, confirms that

clinical specialties do not exist as isolated clusters but as nested semantic relationships. This

limitation concludes Phase 1, indicating that rigid Euclidean or hierarchical approaches are

insufficient to fully resolve the observed metric limitations.
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Figure 6.2: Hierarchical Cluster Analysis (HCA) Applied to the Refined Keyword Represen-
tations

6.5 Phase 2

As shown in Section 6.4, traditional k-means clustering (k = 18) and HCA yielded suboptimal

separation between medical domains. These limitations revealed a metric paradox in which

clinically meaningful overlap between specialties was penalized by distance-based clustering
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metrics, motivated a transition to a probabilistic framework. This overlap is illustrated

later in Figure 6.3. We propose a latent semantic projection approach using latent Dirichlet

allocation to map medical records into probabilistic Super-specialty representations, allowing

records to exist across multiple clinical intersections simultaneously.
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6.5.1 Latent Semantic Projection (LSP)

To address the limitations of Euclidean distance-based clustering identified in Phase 1 (Sec-

tion 6.4) and to better separate clinically meaningful structure from narrative scaffolding, we

propose a latent semantic projection framework based on latent Dirichlet allocation to the

medical entities extracted from the corpus. Unlike the distance-based representations used

in Phase 1, LDA explicitly models each document as a distribution over K latent topics,

where K = 18 was selected to approximately align with the higher-level specialty structure

derived from the initial specialty taxonomy.

To reduce direct dependence on existing label frequencies and encourage topic discovery

from latent corpus structure, the model was configured with a symmetric Dirichlet prior

(α = β = 1/K) and trained using batch variational inference. This prior encourages sparse

but flexible topic mixtures, allowing records to maintain probabilistic membership across

multiple specialties. This process transformed the high-dimensional entity space into a dense

18-dimensional latent clinical space. This projection captures the multi-label nature of clin-

ical data, allowing a single record to exist simultaneously in multiple domains (e.g., 70%

Cardiovascular, 30% Radiology) while maintaining stable probabilistic topic assignments.

6.5.2 Specialty Mapping and silver standard Projection

In clinical natural language processing, a silver standard refers to an evaluation target or

proxy corpus generated via automated annotation pipelines, multi-system consensus algo-

rithms, or weak supervision paradigms rather than exhaustive, manual adjudication by

domain-expert clinicians (Rebholz-Schuhmann et al., 2010). To transform the latent topics

into interpretable medical specialties, we established a mapping matrix M, derived from the

alignment between latent topics and dictionary-based specialty indicators. As described in
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Phase 1 (Section 6.4), the dictionary-based specialty indicators were used as weak supervi-

sion signals to calibrate topic interpretation. For each record d, the topic distribution θd was

projected onto the specialty space to generate a probability vector Sd:

Sd = θd ·M⊤. (6.7)

where M ∈ RK×S is the topic-to-specialty mapping matrix, K = 18 denotes the number of

latent LDA topics, and S represents the number of consolidated super-specialty domains.

This projection enables a multi-label representation, where a single patient record can

possess high confidence scores across multiple specialties (e.g., 0.7 Cardiovascular and 0.3 Ra-

diology), mitigating densely overlapping semantic regions observed in Phase 1 (Section 6.4)

by explicitly modeling overlapping specialties. The resulting topic structure enabled the

consolidation of noisy categories into distinct super-specialty domains. This consolidation

reduced linguistic redundancy between semantically related specialties (e.g., Surgery vs. On-

cology) and providing a more coherent silver standard for downstream modeling.

Analysis of the topic correlation matrix (see Figure 6.4 in the Results) revealed substantial

clinical bridges. To reduce linguistic redundancy and class imbalance, we performed a data-

driven consolidation of the primary medical specialties into super-specialty domains.

• Example: Topic 1 (Valvular Heart Disease) and Topic 13 (Coronary Intervention)

exhibited strong topic correlation (e.g., Pearson r ≈ 0.97 computed over document-

level topic probability vectors), suggesting that they can be consolidated into a single

Cardiovascular domain.

This consolidation produced a more interpretable and semantically stable silver standard,

which served as the final target representation for downstream supervised learning tasks.
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6.6 Experimental Setup

The preprocessing pipeline was implemented in Python 3.9 using libraries such as NLTK,

spaCy, SciSpaCy with the en-core-sci-lg and en-ner-bc5cdr-md models, and the regular ex-

pressions module for pattern matching and string manipulation operations. Each document

was subjected to this preprocessing sequence before feature extraction to ensure consistent

input quality across all subsequent pipeline stages. This stage reduced superficial lexical

variability while preserving medical terminology. We used PubMedBERT, a domain-specific

model pretrained on biomedical literature, to generate semantic embeddings of clinical doc-

uments. PubMedBERT was selected over general-domain BERT models due to its strong

performance in biomedical NLP tasks, including benchmark evaluations such as BLURB (Gu

et al., 2021).

The embedding generation process comprised three sequential steps. First, the model was

initialized using the “BiomedNLP-PubMedBERT-base-uncased-abstract-fulltext” configura-

tion with mean pooling for sentence-level embeddings. Second, documents were processed

in batches of 32 for PubMedBERT to optimize memory utilization while maintaining com-

putational efficiency. Third, 768-dimensional PubMedBERT embeddings were extracted for

each document, capturing semantic relationships between clinical concepts while preserv-

ing contextual information. The implementation utilized the SentenceTransformer frame-

work, which provides efficient inference utilities for transformer-based models (detailed in

the Appendix E). Given the unsupervised nature of clustering, stability-based validation

was employed through random subsampling, feature perturbation, and parameter sensitiv-

ity analysis. The complete hardware specifications, details of the software environment and

computational optimizations are documented in Appendix D, supporting transparency and

reproducibility of the experimental setup.
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6.7 Results

The performance of the latent semantic projection framework was evaluated through concor-

dance analysis and label density analysis. These evaluations provide evidence of the model’s

ability to move beyond simple keyword matching to capture clinically meaningful semantic

patterns. To ensure the robustness and generalizability of our results, all supervised classifi-

cation evaluations were conducted using stratified 10-fold cross-validation. In this approach,

the dataset was randomly partitioned into ten approximately equal-sized subsets, with each

fold serving as the test set exactly once while the remaining nine were used for training. Per-

formance metrics, including mean accuracy and standard deviation, were calculated across

all ten iterations. All reported metrics are averaged across all 10 folds unless otherwise

specified.

6.7.1 Validation Against Weak Labels

To evaluate the internal consistency and reliability of the proposed silver standard labels, we

conducted a comparative concordance analysis. This phase transitions from unsupervised

discovery to computational validation, testing whether the refined categories possess enough

semantic distinctiveness to be recovered by supervised classifiers.

Labeling Evolution and Model Performance Improvements in classification accuracy

provide empirical support for the effectiveness of the taxonomy refinement. As shown in

Table 6.3, the original dictionary-based labels were highly overlapping and noisy, resulting

in lower accuracy. In contrast, the refined silver standard achieved an accuracy of 0.92 using

a TF-IDF baseline and 0.89 using the PubMedBERT transformer. The marginal lead of

the TF-IDF baseline in single-label accuracy suggests that the silver standard retains strong
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alignment with the refined vocabulary representation, while the transformer’s performance

is consistent with the semantic structure of the labels.

Label Source Classifier Mean Accuracy (±SD) Support
Primary Dictionary TF-IDF + LogReg 0.79 ± 0.03 33,050

PubMedBERT 0.62 ± 0.04 33,050
Silver Standard TF-IDF + LogReg 0.92 ± 0.01 33,050

PubMedBERT 0.89 ± 0.02 33,050

Table 6.3: Taxonomy Validation: Accuracy (Mean ± SD) Across Labeling Generations

Per-Class Analysis of the Silver Standard Table 6.4 details the performance metrics

for the refined super-specialties. The high F1-scores across all domains ranging from 0.81

in Genetics-Endocrine to 0.96 in Ophthalmology demonstrate that the refinement process

substantially reduced previous clinical ambiguities.

Domain Accuracy Precision Recall Specificity F1-score Support

Ophthalmology 0.98 ± 0.01 0.95 ± 0.01 0.97 ± 0.01 0.99 ± 0.01 0.96 ± 0.01 1,489
Cardiovascular 0.97 ± 0.01 0.95 ± 0.01 0.94 ± 0.01 0.99 ± 0.01 0.95 ± 0.01 3,992
Oncology-Pathology 0.97 ± 0.01 0.93 ± 0.02 0.94 ± 0.01 0.99 ± 0.01 0.94 ± 0.01 6,114
Musculoskeletal 0.98 ± 0.01 0.93 ± 0.01 0.95 ± 0.01 0.99 ± 0.01 0.94 ± 0.01 4,308
Neurological 0.97 ± 0.01 0.92 ± 0.02 0.91 ± 0.02 0.98 ± 0.01 0.92 ± 0.01 4,352
Gastrointestinal 0.97 ± 0.01 0.92 ± 0.01 0.93 ± 0.02 0.99 ± 0.01 0.92 ± 0.01 3,934
Respiratory 0.97 ± 0.01 0.91 ± 0.02 0.92 ± 0.02 0.98 ± 0.01 0.91 ± 0.02 2,018
Dermatology-Immune 0.96 ± 0.01 0.91 ± 0.02 0.89 ± 0.03 0.98 ± 0.01 0.90 ± 0.02 1,745
Renal-Metabolic 0.96 ± 0.01 0.89 ± 0.02 0.90 ± 0.02 0.98 ± 0.01 0.89 ± 0.02 2,022
Genetics-Endocrine 0.95 ± 0.02 0.92 ± 0.03 0.85 ± 0.04 0.98 ± 0.01 0.88 ± 0.03 908
Infectious-Disease 0.96 ± 0.01 0.89 ± 0.02 0.86 ± 0.03 0.98 ± 0.01 0.87 ± 0.02 2,168

Weighted Average 0.97 ± 0.01 0.92 ± 0.01 0.92 ± 0.01 0.99 ± 0.01 0.92 ± 0.01 33,050

Table 6.4: Classification Report: Silver Standard Validation (Mean±SD, 10-fold CV)

Table 6.5 presents a direct comparison of per-class F1-scores before and after taxon-

omy refinement. Substantial improvements are observed across all domains, particularly for

previously fragmented or low-performing categories.

Domains such as Renal-Metabolic and Infectious-Disease exhibit the highest gains (+0.42

and +0.55, respectively), indicating that the refined taxonomy effectively consolidates se-
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mantically related subdomains into more coherent classes. Although already strong domains

such as Ophthalmology show modest gains (+0.05), the general trend demonstrates that the

proposed taxonomy improves class separability and label consistency across the evaluated

medical domains.

Super-specialty Domain F1-score (before) F1-score (after) ∆ Improvement

Ophthalmology 0.91 0.96 +0.05
Cardiovascular 0.76 0.95 +0.19
Oncology-Pathology 0.77 0.94 +0.17
Musculoskeletal 0.75 0.94 +0.19
Neurological 0.75 0.92 +0.17
Gastrointestinal 0.76 0.92 +0.16
Respiratory 0.82 0.91 +0.09
Dermatology-Immune 0.57 0.90 +0.33
Renal-Metabolic 0.47 0.89 +0.42
Genetics-Endocrine 0.74 0.88 +0.14
Infectious-Disease 0.32 0.87 +0.55

Table 6.5: Per-Class Performance Improvement After Taxonomy Refinement (F1-score)

Semantic Migration Visualization Figure 6.4 illustrates semantic migration between

categories. The heatmap represents the aggregated results across all 10 folds, and reveals that

while specialties such as Ophthalmology remained pure, there was substantial migration from

general labels such as Surgery toward more specific pathology labels such as Oncology. This

suggests that the entity-based model captures underlying clinical context (e.g., Pathology)

rather than procedural context.

Multi-label Validation: Capturing Clinical Comorbidities Medical records are in-

herently multi-systemic. To evaluate the proposed taxonomy’s ability to handle overlapping

medical domains, we conducted a multi-label classification study on the silver standard

super-specialties.
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Architectural Comparison and Model Recall As detailed in Table 6.6, both the TF-

IDF baseline and the PubMedBERT transformer achieved a high F1-score of 0.91. However,

an analysis of performance metrics reveals a critical distinction: PubMedBERT achieved a

substantially higher recall (0.91 vs. 0.87 for the baseline). This suggests that transformer-

based models may better capture secondary clinical domains within patient summaries com-

pared to bag-of-words approaches. This gain comes at the cost of reduced precision (0.91

vs. 0.95) and slightly reduced specificity (0.98 vs. 0.99), suggesting that the transformer in-

troduces more false positive label assignments relative to the weak (silver standard) labeling

scheme. In the multi-label setting, this behavior is consistent with a model that captures

secondary or weaker clinical signals but may over-assign labels relative to the more conserva-

tive TF-IDF baseline. Overall, transformer-based models better recover potentially relevant

co-occurring specialties, but at the cost of reduced precision and specificity.

The increase in support to 54, 567 in Table 6.6 reflects the transition to a multi-label

framework, where the model identifies an average of 1.6 specialties per patient record.

Model Accuracy Precision Recall Specificity F1-score Support

TF-IDF + LogReg 0.97± 0.01 0.95 ± 0.01 0.87 ± 0.0 0.99 ± 0.01 0.91 ± 0.01 54,567
PubMedBERT 0.97± 0.01 0.91 ± 0.02 0.91 ± 0.01 0.98 ± 0.01 0.91 ± 0.01 54,567

Table 6.6: Multi-label Validation: PubMedBERT vs. TF-IDF (Mean ± SD).

Semantic Overlap and Co-occurrence Analysis Figure 6.5 illustrates the aggregated

label co-occurrence matrix across all 10 cross-validation folds for the 11 super-specialties. The

heatmap validates the clinical logic of the silver standard labeling process. Significant overlap

is observed between Oncology_Pathology and Gastrointestinal domains, reflecting the high

frequency of oncological presentations within surgical gastrointestinal notes. The ability

of the models to maintain a mean F1-score of 0.91 (evaluated via 10-fold cross-validation)

despite these semantic overlaps provides evidence that the taxonomy is computationally
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effective and clinically representative.
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morbidity Overlaps Within the Super-specialty Taxonomy

6.7.2 Large Language Model as a Judge

To provide an external qualitative assessment of label coherence, we used a LLM-as-a-Judge

framework (Li et al., 2024) which uses large language models to categorize patient summaries

into specific medical domains. The evaluation was conducted using a lightweight GPT-5-

class model GPT-5 mini and GPT-4o. Each model was provided with the following
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system prompt to ensure consistent classification. This evaluation should be interpreted as

exploratory qualitative validation rather than a statistically rigorous benchmark.

“Role: You are a medical expert. Classify the following patient summaries into

one of the following labels: Oncology-Pathology, Neurological, Musculoskeletal,

Cardiovascular, Gastrointestinal, Infectious_Disease, Renal_Metabolic, Respi-

ratory, Dermatology_Immune, Ophthalmology, Genetics_Endocrine. Rules: -

Only return patient ID and the assigned label. - Do not create new labels; only

pick from the provided list.”

Table 6.7 summarizes the performance across 10 samples per super-specialty domain.

Super-specialty Samples GPT-4o GPT-5 mini Avg. %

Ophthalmology 10 10 10 100%
Oncology-Pathology 10 10 8 90%
Genetics-Endocrine 10 8 9 85%
Cardiovascular 10 8 7 75%
Renal-Metabolic 10 8 7 75%
Dermatology-Immune 10 6 8 70%
Infectious-Disease 10 7 7 70%
Respiratory 10 7 6 65%
Neurological 10 6 6 60%
Musculoskeletal 10 6 5 55%
Gastrointestinal 10 4 4 40%

Table 6.7: LLM-as-a-Judge Classification Accuracy

The relatively small sample size (10 instances per super-specialty) was intentionally cho-

sen to enable a high-quality, manual inspection, and controlled evaluation of label coherence

across diverse domains. Since the LLM-as-a-Judge framework serves as a qualitative val-

idation rather than a statistical benchmark, the emphasis is on interpretability and error

analysis rather than large-scale generalization.
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To investigate the nature of the classification errors, Appendix C provides a granular view

of the patient records that were misclassified based on results from either GPT-4o or GPT-5

mini, and provides the comprehensive classification breakdown for each patient summary in

all 11 medical domains (super-specialties).

The record-level evaluation reveals variability in model performance across medical do-

mains. Although specialties such as Ophthalmology achieved 100% agreement within this

limited sample, other domains like Gastrointestinal (40%) and Musculoskeletal (50 − 60%)

presented significant challenges for both models.

A critical observation is the high level of inter-model agreement on misclassifications.

For instance, in the Gastrointestinal category, both GPT-4o and GPT-5 mini frequently co-

identified samples as Genetics-Endocrine or Oncology-Pathology. Similarly, in the Respira-

tory domain, both models misclassified Patient ID 54648 as Cardiovascular. This alignment

suggests that the errors may reflect systematic semantic overlap rather than purely random

misclassification.

• Semantic Overlap: Many patient cases exhibit multi-system involvement, where

symptoms of one specialty (e.g., metabolic issues) are clinically intertwined with an-

other (e.g., renal or endocrine systems).

• Additional hierarchical refinement in the current super-specialty frame-

work: The current “flat” label list may be insufficient. A hierarchical approach group-

ing related specialties under broader super-specialty categories before fine-grained la-

beling could reduce confusion between closely related fields like Renal-Metabolic and

Genetics-Endocrine.

• Domain Consolidation: The frequent misclassification of Gastrointestinal cases as

Oncology suggests that for certain datasets, combining these labels or implementing a
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multi-label classification strategy may be more representative of clinical reality.

These findings indicate that while LLM-as-a-Judge appears to be a viable evaluation

framework, the taxonomy of medical specialties might benefit from further refinement, po-

tentially through the integration of sub-categories to capture the nuance of complex patient

summaries.

6.8 Discussion and Chapter Summary

The transition from unsupervised discovery to a supervised validation framework represents a

key methodological transition in the methodology of this research. Initial attempts at clinical

domain separation using traditional unsupervised representation and clustering approaches

resulted in significant semantic overlap. These results provided important diagnostic in-

formation, demonstrating that the latent structure of clinical documentation is not fully

captured by surface-level lexical co-occurrence but reflects complex clinical intent. By lever-

aging these insights to engineer a consolidated super-specialty taxonomy, we transformed

high-variance, noisy medical tags into a computationally cohesive silver standard.

The subsequent validation of this refined taxonomy produced strong performance. The

fact that a traditional TF-IDF baseline achieved a 92% accuracy suggests that the labeling

process resulted in distinct lexical patterns associated with each medical domain. Fur-

thermore, the PubMedBERT transformer’s performance in the multi-label task achieving a

F1-score of 0.91 and a superior recall of 91% provides evidence that the taxonomy is effective

in handling the multi-systemic nature of real-world patient records. The alignment of the

model’s confusion with logical clinical overlaps (e.g., Oncology and Gastrointestinal) pro-

vides qualitative support for the claim that the model captures medical context rather than

capturing clinically meaningful semantic relationships rather than relying solely on lexical
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memorization.

In conclusion, this chapter demonstrates that, while unsupervised methods alone may

be insufficient for clinical classification in isolation, they are an essential precursor to high-

quality data engineering. The resulting silver standard dataset and the trained PubMed-

BERT classifier now provide a foundation for computational support for clinical document

organization and triage workflows. By resolving the semantic ambiguities inherent in original

hospital dictionary labels, this work suggests a scalable pathway for organizing clinical data

into structured, searchable, and clinically meaningful domains.

6.9 Contributions of the Chapter

• Created interpretable clinical labels: Silver standard taxonomy reduces semantic

ambiguity in clinical narratives.

• Enable actionable multi-label predictions: PubMedBERT achieved F1-score of

0.91, high recall, and confusion patterns that align with clinical relationships.

• Capture contextual relationships within clinical narratives: Multi-label clas-

sification reflects real multimorbidity and clinical intent.

• Expanded clinically usable structured information: Multi-label enrichment sub-

stantially increases usable information across 165,000 records.

• Supports efficient and scalable clinical triage: Transformer-based models demon-

strated scalability potential for large clinical corpora for hospital systems.
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Chapter 7

Conclusions and Future Work

This chapter summarizes the major outcomes and contributions of the dissertation. It be-

gins with an overview of the primary research contributions and objectives of the work. The

chapter then revisits the research questions introduced in Chapter 3 and synthesizes the

findings presented throughout the dissertation to demonstrate how each question has been

addressed. Next, a detailed discussion of the research contributions is organized according to

the four research challenges, highlighting the methodological advances and empirical findings

developed in Chapters 4, 5, and 6. The chapter subsequently discusses the broader implica-

tions of these findings for medical machine learning, clinical decision-support systems, and

healthcare informatics. Finally, the limitations of the proposed approaches are examined,

directions for future research are outlined, and concluding remarks are provided regarding

the overall significance and potential impact of this work.
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7.1 Summary of Research Contributions

This dissertation investigates the evolution of medical data classification, moving from struc-

tured tabular analysis to advanced language-based representations. By addressing the per-

vasive challenges of data scarcity, class imbalance, and categorical ambiguity, this work

contributes computational methods that enhance the reliability and scalability of clinical

decision-support systems.

We first addressed the limitations of small, unbalanced medical datasets. By evaluating

various generative strategies, including conditional tabular generative adversarial networks

(CTGANs), forest diffusion, and large language models (LLMs) we showed that synthetic

data augmentation can preserve key statistical properties of clinical data while improving

model performance. The results suggest that tabular generative approaches can be a viable

solution for privacy-constrained medical environments.

Secondly, we introduced a novel tabular-to-text transformation, which pivots from tra-

ditional machine learning to natural language processing (NLP). Our comparative analysis

showed that while general-purpose models (GPT-4, Llama, Mistral) struggle with specific

clinical nuances, domain-specific small language models (SLMs) such as PubMedBERT and

BioBERT provide consistently higher accuracy and recall. This finding highlights the critical

importance of domain-specific pretraining in medical AI applications.

We finally scaled these insights into an extensive case study on global medical taxonomies.

By diagnosing the limitations of unsupervised clustering and designing a silver standard

super-specialty taxonomy, we achieved a validation accuracy of 0.92. This provides evi-

dence that the integration of expert-guided taxonomy engineering and transformer-based

classification can resolve the semantic ambiguities inherent in hospital records.
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7.2 Research Questions and Findings

This section revisits the research questions introduced in Chapter 3 and summarizes how

the findings presented throughout this dissertation address each question. The discussion is

organized according to the four research challenges identified in Chapter 3.

7.2.1 Challenge 1: The Data Scarcity-Imbalance Paradox

Research Question 1

How do advanced generative models (e.g., GANs, forest diffusion, and LLM-based synthesis)

improve classifier performance on the imbalanced UCI cervical cancer dataset?

The experiments presented in Chapter 4 investigated approaches to address the severe

class imbalance present in the cervical cancer dataset. Advanced generative methods such as

GAN-based approaches, forest diffusion, and LLM-based synthesis are designed to capture

more complex feature interactions and produce synthetic records that reflect the underlying

data distribution.

The results demonstrate that classifiers trained on augmented dataset using advanced

synthetic generation techniques achieved substantial improvements in minority-class detec-

tion compared to models trained on the original dataset alone. For example, the random

forest classifier increased the recall from 0.16 to 0.46 and ROC-AUC from 0.64 to 0.80.

These improvements suggest that advanced generative approaches can provide a mechanism

for addressing severe imbalance while preserving clinically meaningful patterns in the data.

In general, the findings support the use of modern generative augmentation techniques as

an effective strategy to improve classification performance in small and highly imbalanced

medical datasets.
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Research Question 2

Can generative models produce synthetic tabular patient data that preserves clinically mean-

ingful relationships necessary for robust model training, as evidenced by data distribution

analysis and downstream classification performance?

The results of Chapter 4 indicate that synthetic generation methods appear to preserve

clinically relevant relationships among patient attributes. Heatmap comparisons between

original and generated datasets, together with improvements in downstream classification

performance, suggest that synthetic records maintain important statistical patterns present

in the original data. The improved diagnostic performance obtained after augmentation

further supports the quality and utility of the generated samples for training predictive

models.

Research Question 3

What is the optimal integration strategy for combining original and synthetically augmented

data to maximize model generalization and minimize overfitting in a low-data regime?

The experiments demonstrate that an effective strategy might be to augment only the

training folds with synthetic samples while preserving entirely original data for evaluation.

This approach prevents data leakage and ensures that model performance is measured on

authentic clinical observations. Across all evaluated classifiers, training with a combination

of original and synthetic data consistently outperformed training on the original dataset

alone, suggesting that this integration strategy relatively improves generalization in low-

data settings.
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7.2.2 Challenge 2: The Modality Gap

Research Question 4

Can reformulating structured tabular patient records into natural language descriptions enable

language models to capture richer contextual relationships for improved classification?

The results presented in Chapter 5 suggest that transforming tabular records into struc-

tured natural language may improve the ability of language models to learn clinically mean-

ingful relationships among risk factors. The proposed tabular-to-text framework allowed

language models to process patient information as a coherent clinical narrative rather than

as isolated variables. The importance of this representation was further confirmed through

ablation studies, where removing the structured transformation resulted in noticeable reduc-

tions in classification performance.

Research Question 5

Do domain-specific models (PubMedBERT, BioBERT), pretrained on biomedical corpora,

outperform general-purpose models when applied to textual patient representations?

The experimental results suggest the value of domain-specific biomedical pretraining.

Among the fine-tuned language models, BioBERT achieved the highest overall performance

with an F1-score of 63.73%, outperforming all evaluated prompt-based general-purpose lan-

guage models. Although few-shot and chain-of-thought prompting improved the performance

of general-purpose models, domain-specific models consistently produced superior precision,

recall, and F1-scores. These findings highlight the importance of biomedical knowledge em-

bedded during pretraining.
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Research Question 6

Does a text-based representation of patient data provide a robust framework for modeling

contextual relationships among clinical risk factors?

The findings suggest that text-based representations provide a flexible mechanism for han-

dling heterogeneous clinical information. Feature grouping, normalization, and structured

patient descriptions helped language models to capture contextual relationships between risk

factors while reducing sensitivity to variations in individual variables. The positive results

observed across both cervical cancer classification and large-scale clinical narrative analy-

sis show that language-based representations may support robust clinical modeling across

diverse data sources.

7.2.3 Challenge 3: The Deployment Dilemma

Research Question 7

Can data-augmented machine learning models and domain-specific language models provide

an effective balance between predictive performance and computational efficiency?

The results of Chapters 4 and 5 demonstrate that predictive performance may be achieved

without relying only on extremely large computational models. Data-augmented traditional

machine learning models achieved substantial performance improvements, while compact

domain-specific language models such as BioBERT showed improvement in classification

results using comparatively modest computational resources. Together, these findings sup-

port the practicality of combining efficient machine learning methods with targeted NLP

approaches for deployment-oriented clinical decision support.
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Research Question 8

To what extent can zero-shot and few-shot learning with pretrained language models provide

a viable low-data alternative to fully supervised training?

The experiments show that zero-shot, few-shot, and chain-of-thought prompting allow

meaningful classification performance even without task-specific fine-tuning. Performance

improved as additional prompting structure was introduced, and chain-of-thought prompting

showed the strongest results among the evaluated prompting strategies. Although supervised

domain-specific models achieved higher overall scores, these findings suggest that prompt-

based methods might provide a useful alternative when labeled data are limited.

Research Question 9

How effectively can the proposed framework operate in a low-data medical environment char-

acterized by limited labeled samples and class imbalance?

Across the experiments conducted in this dissertation, the proposed method demon-

strated relatively stable performance despite the small size and class imbalance of the cervical

cancer dataset. The combination of synthetic data augmentation, domain-specific pretrain-

ing, and cross-validation helped the models maintain predictive capability in a low-data

environment. These results suggest that our approach appears to be helpful in settings

where large annotated medical datasets are not readily available.

7.2.4 Challenge 4: The Interpretability-Actionability Disconnect

Research Question 10

Does the proposed text-based modeling framework offer a more natural pathway toward gen-

erating interpretable explanations compared to feature-attribution methods applied to tabular
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models?

The results obtained throughout this dissertation suggest that language-based represen-

tations can provide a natural foundation for clinically meaningful explanations. Chain-of-

thought prompting produced human-readable reasoning patterns that explicitly referenced

patient risk factors, while the silver standard taxonomy developed in Chapter 6 organized

clinical narratives into interpretable medical domains. Together, these findings demonstrate

that text-based approaches naturally appear to align predictive outputs with the language

used in clinical reasoning and communication.

This section outlines our primary research contributions, which are detailed further in

the following subsections.

7.3 Research Contributions

• Challenge 1: Data Scarcity–Imbalance Paradox

– Improve classifier performance under severe imbalance and limited

data.

Method: Synthetic data generation (GANs, forest diffusion, LLM-based synthe-

sis).

Contribution: The use of synthetic data allows machine learning methods to

match or exceed their baseline performance.

– Preserve multivariate clinical relationships.

Method: Evaluation of statistical similarity and downstream fidelity.

Contribution: This approach enables synthetic datasets to retain important clin-

ical relationships while improving predictive performance.

– Identify optimal integration of synthetic and original data.
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Method: Comparative analysis between synthetic and original datasets.

Contribution: Combining synthetic samples with original training data while pre-

serving authentic evaluation data improves model generalization and provides a

practical augmentation strategy for low-data medical settings.

• Challenge 2: Modality Gap (Structured to Contextual)

– Determine tabular-to-text contextual modeling improvement.

Method: Tabular-to-text transformation.

Contribution: Transforming structured data into textual representations enables

language models to capture richer contextual and semantic relationships.

– Compare domain-specific vs. general large language models.

Method: BioBERT , PubMedBERT, and DistilBERT.

Contribution: The use of domain-specific models enables superior performance

compared to general-purpose LLMs in multiple evaluation metrics.

– Model contextual relationships among clinical risk factors.

Method: SLM fine-tuning on structured textual patient representations.

Contribution: Structured textual representations enable language models to cap-

ture relationships among clinical risk factors beyond isolated tabular features.

• Challenge 3: Deployment Dilemma

– Achieve accuracy–efficiency trade-off.

Method: Comparative evaluation of SLMs and LLMs.

Contribution: The use of smaller language models enables competitive recall while

significantly reducing computational cost, making them suitable for resource-

constrained deployment.
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– Assess viability of zero-shot and few-shot learning.

Method: Zero-shot, few-shot, and chain-of-thought prompting.

Contribution: Prompt-based learning approaches reveal that few-shot and chain-

of-thought strategies improve recall, although performance remains variable.

– Evaluate performance under low-data conditions.

Method: Synthetic data augmentation and SLM-based modeling.

Contribution: The combination of synthetic data and SLMs enables stable and

competitive performance even with limited real-world data.

• Challenge 4: Interpretability–Actionability

– Enable interpretable, clinically meaningful outputs.

Method: Chain-of-thought prompting.

Contribution: The use of chain-of-thought reasoning enables transparent, step-

by-step clinical explanations.

– Develop a clinical taxonomy for narrative data.

Method: Unsupervised clustering to construct a silver standard taxonomy.

Contribution: This approach enables the creation of a clinically meaningful label-

ing system that reduces semantic ambiguity.

– Validate interpretability through multi-label classification.

Method: PubMedBERT multi-label classifier.

Contribution: The resulting model achieves an F1-score of 0.91, with high recall

and confusion patterns that align with real clinical overlaps.
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7.3.1 Challenge 1: Contributions to Addressing Data Scarcity and

Class Imbalance

Improving Classification Performance in Low-Resource Medical Datasets

A major contribution of this dissertation is the demonstration that synthetic data augmen-

tation can substantially improve classification performance in a small and highly imbalanced

medical dataset. As presented in Chapter 4, multiple synthetic data generation techniques

were evaluated and integrated with traditional machine learning classifiers. The results

showed consistent improvements in recall, F1-score, and ROC-AUC, particularly for the

Random Forest classifier. These findings provide evidence that synthetic data augmentation

can enhance minority-class detection while preserving strong overall predictive performance.

Preserving Clinically Meaningful Relationships in Synthetic Data

This dissertation also contributes an evaluation framework to assess whether the generated

medical data maintain a clinically useful structure. Through statistical comparisons and

downstream classification experiments, the generated records demonstrated sufficient fidelity

to support reliable model training. The results suggest that synthetic datasets can serve as

valuable complements to limited clinical datasets while preserving important relationships

among risk factors.

Establishing an Effective Augmentation Strategy

A further contribution is the identification of an effective strategy for integrating synthetic

and original data. By generating synthetic samples only within the training folds and main-

taining fully authentic data for evaluation, the proposed methodology avoids data leakage

while improving model generalization. This experimental design provides a reproducible
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framework for future studies involving medical data augmentation.

7.3.2 Challenge 2: Contributions to Bridging the Modality Gap

Development of a Tabular-to-Text Transformation Framework

One of the central methodological contributions of this dissertation is the development of a

structured tabular-to-text transformation described in Chapter 5. This approach converts

structured patient records into coherent natural-language descriptions that can be processed

by modern language models. This enables clinical risk factors to be represented as contextual

narratives rather than isolated variables.

Demonstrating the Value of Domain-Specific Language Models

This research provides a systematic comparison between general-purpose language models

and domain-specific biomedical language models. The results show that models such as

BioBERT and PubMedBERT consistently outperform general-purpose systems across mul-

tiple evaluation metrics. These findings reinforce the importance of biomedical pretraining

and contribute empirical evidence supporting domain-adapted language models for health-

care applications.

Improving Robustness Through Language-Based Representations

The dissertation further demonstrates that structured textual representations support robust

clinical classification. Feature grouping, normalization, and contextual reformulation enable

models to capture relationships among risk factors more effectively than traditional feature-

based approaches. The supporting ablation studies presented in Chapter 5 confirm the

importance of these design decisions.

116



7.3.3 Challenge 3: Contributions to Practical Deployment

Balancing Predictive Performance and Computational Efficiency

This dissertation contributes a deployment-oriented perspective on medical AI by empha-

sizing efficient and practical solutions rather than relying exclusively on increasingly large

models. The results demonstrate that data-augmented machine learning methods and com-

pact domain-specific language models can achieve strong predictive performance while main-

taining a computational footprint suitable for real-world healthcare environments.

Evaluating Prompt-Based Learning Under Limited Data Conditions

Another contribution is the evaluation of zero-shot, few-shot, and chain-of-thought prompt-

ing strategies for medical classification. The experiments showed that prompt engineering

can meaningfully improve the performance of general-purpose models and provide useful

alternatives when access to labeled data is restricted.

Supporting Clinical Modeling in Data-Constrained Environments

The combined use of synthetic data generation, transfer learning, and domain-specific lan-

guage models provides a framework specifically designed for low-data clinical environments.

The results demonstrate that competitive performance can be achieved without requiring

large proprietary datasets, increasing the potential accessibility of AI-based decision-support

systems.
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7.3.4 Challenge 4: Contributions to Interpretability and Clinical

Actionability

Supporting Explainable Clinical Reasoning

This dissertation contributes evidence that language-based modeling approaches naturally

support interpretable outputs. Unlike traditional tabular predictions that often require post-

hoc explanation methods, text-based approaches can represent clinical reasoning directly

through natural language descriptions and structured reasoning processes.

Development of the Silver Standard Clinical Taxonomy

A major contribution of Chapter 6 is the development of a silver standard taxonomy for

organizing large collections of clinical narratives. The methodology transformed noisy and

overlapping medical labels into a clinically meaningful set of super-specialties, producing a

structured representation suitable for large-scale analysis and classification.

Validation of Clinically Meaningful Multi-Label Classification

The final contribution is the demonstration that transformer-based models can successfully

classify clinical records using this refined taxonomy. The resulting multi-label framework

achieved strong performance while preserving clinically meaningful specialty relationships

and comorbidities. These findings support the broader goal of developing decision-support

systems that align more closely with real clinical workflows.
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7.4 Discussion of Findings

Several key themes emerged across the different stages of this research. First, the transition

from tabular to text-based modeling represented more than a simple change in format;

it allowed for a richer, and more contextual representation of patient records. This was

particularly evident in the final case study, where the model’s ability to handle multi-label

comorbidities (F1-score: 0.91).

Second, the limitations of unsupervised methods (LDA-PCA) in the early stages of the

case study provided a crucial meta-finding: clinical data pose challenges for simple word-

frequency-based methods. The success of the subsequent supervised PubMedBERT model

suggests that deep learning architectures are not limited to keyword matching, but are

capable of learning clinical intent, provided they are supported by a logically structured

taxonomy.

Finally, this work underscores the value of the silver standard approach. By refining

messy, high-variance primary specialties into cohesive super-specialties, we demonstrated

that data engineering is as vital as model architecture. Substantial improvement in perfor-

mance serves as strong empirical evidence for the use of transformers in large-scale clinical

evaluation.

7.5 Limitations

Despite promising results, this research is not without limitations. The generative models

used in this study, while effective, require careful post-processing to ensure that synthetic

samples do not introduce clinical hallucinations or impossible feature combinations.

Furthermore, the silver standard taxonomy, while computationally robust, still relies on

the quality of the initial clinical summaries. In cases where documentation is extremely brief
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or lacks specific anatomical terminology, even domain-specific models like PubMedBERT

reach a performance ceiling. Lastly, the multi-label overlaps observed in the final chapter

while clinically logical suggest that a small percentage of medical records will always remain

ambiguous due to the inherent complexity of multi-systemic diseases.

7.6 Future Work

Building upon the foundations laid in this dissertation, several avenues for future research

remain open:

1. Dynamic Taxonomy Expansion: Future studies could explore the use of hierar-

chical classification to expand the 11 super-specialties back into more granular sub-

specialties. This would allow for a triage-to-treatment pipeline where a record is first

categorized into a major domain and then sub-classified for specific clinical pathways.

2. Clinical Decision Validation: A critical next step is the prospective validation of

these models in a real-world clinical setting. Collaborating with healthcare providers to

compare model-suggested categories against real-time physician decisions would pro-

vide a critical evaluation of the system’s clinical applicability.

3. Multimodal Integration: Integrating structured tabular data (vitals, lab results)

directly with text-based summaries (PubMedBERT embeddings) could create a mul-

timodal representation of the patient. This hybrid approach may further enhance the

accuracy of cervical cancer risk assessments and general domain classification.

4. Dialogue-Based Decision Support: Finally, the success of text-based modeling

suggests the potential for a dialog-based interface. This system could communicate
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directly with patients or clinicians in natural language, guiding them to the necessary

follow-up tests based on the classification of their clinical history.

7.7 Concluding Remarks

This dissertation suggests that the future of medical AI may increasingly depend on the

synergy between structured data modeling and language-based context. By transforming

noisy, sparse and ambiguous medical records into a refined silver standard and applying

domain-specific deep learning, we can bridge the gap between dark clinical data and action-

able medical insights. The methodologies developed in this dissertation outline a pathway

to an extensible framework for clinical decision-support systems, capable of evolving with

new data sources, domain knowledge, and modeling paradigms.
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Appendix A

Preprocessing Resources and Vocabulary

Specification

This appendix provides the complete resources required to reproduce the preprocessing

pipeline.

Abbreviation Expansion Dictionary Clinical abbreviations were normalized using the

following mapping:

Abbreviation Expansion

w/ with
w/o without
h/o history of
s/p status post
yo years old
yr year
yrs years

Table A.1: Abbreviation Expansion Dictionary
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Measurement Units Removed The following units were removed during preprocessing:

bpm, cm, dl, g hr, kg, l, mcg meq, mg, ml, mm mmhg, mmol, µmol.

Domain-Specific Stop-word List The domain-specific stop-word list includes tokens

identified as non-informative across clinical narratives. These consist of demographic, tem-

poral, narrative, procedural, and generic clinical terms.

To illustrate the types of terms removed, a categorized summary of representative exam-

ples is provided below. The exhaustive, complete stop-word list is provided at the end of

this section.

• Demographic: patient, male, female, age, years

• Temporal: day, month, week, time, later

• Narrative verbs: presented, showed, revealed, performed

• Clinical workflow: treatment, therapy, procedure, admission

• Generic medical: disease, pain, blood, test, symptoms

• Modifiers: normal, severe, mild, significant

Exclusion Criteria Summary Tokens were removed if they satisfied any of the following:

• Length < 4 characters

• Contained numeric characters

• Belonged to the measurement unit list

• Belonged to the stop-word set

• Appeared in >70% of documents (high-frequency)
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• Appeared in <0.5% of documents (low-frequency)

The complete stop-word list The following is the complete domain-specific stop-word

list used in preprocessing. These terms were removed as they were identified as non-

informative across clinical narratives.

patient, year, years, old, male, female, age, weight, past, family, day, days, month, months, weeks, time,

first, later, within, following, daily, one, two, three, showed, revealed, performed, presented, found, observed,

reported, confirmed, started, treated, diagnosed, underwent, noted, hospital, admission, discharged, treat-

ment, therapy, surgery, follow, admitted, department, emergency, referred, received, improved, done, made,

continued, followed, initial, results, analysis, complete, total, disease, pain, blood, body, function, test, tests,

signs, size, side, including, evidence, present, case, prior, week, per, min, rate, associated, second, low, small,

large, could, given, history, medical, clinical, examination, physical, symptoms, diagnosis, findings, left, right,

upper, lower, bilateral, normal, negative, positive, high, severe, mild, significant, increased, well, fig, figure,

nthe, also, however, due, using, without, non, level, levels, range, count, demonstrated, developed, seen,

evaluation, remained, improvement, course, since, used, included, based, presence, identified, consistent,

general, along, care, previous, hours, four, post, placed, removed, woman, man, multiple, white, elevated,

decreased, unremarkable, therefore, region, area, wall, type, detected, obtained, administered, presentation,

taken, subsequently, respectively, approximately, stable, changes, procedure, clinic, condition, primary, local,

period, free, anterior, posterior, distal, lateral, soft, acute, chronic, swelling, loss, bleeding, infection, fever,

fluid, dose, oral, intravenous, postoperative, addition, although, previously, new, every, several, last, end,

room, unit, discharge, score, response, abnormal, moderate, proximal, peripheral, back, areas, diameter, six,

figures, syndrome, onset, flow, mg, ml, kg, g, mcg, cm, mm, dl, l, bpm, hr, x, meq, nshe, nhe, alt, fdg, igm,

µmol, gram, use, next, good, like, according, despite, initiated, gradually, appeared, still, except, upon, may,

single, returned, thus, common, show, point, would, able, taking, known, data, final, recent, related, third,

around, considered, initially, control, status, minute, suggestive, report, result, change, defined, short, stan-

dard, whole, work, early, middle, light, decided, required, described, suggested, showing, rest, open, cause,
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noticed, began, study, times, testing, less, throughout, closed, carried, main, material, order, life, team,

state, process, number, earlier, completed, likely, successfully, obvious, round, term, effect, otherwise, near,

limited, development, even, mean, cases, improve, came, almost, failed, different, added, decision, extension,

direct, adjacent, minimal, phase, field, parameters, intervention, baseline, prominent, smooth, placement,

panel, profile, guided, repair, invasive, criteria, mechanical, protocol, formation, underlying, component,

advanced, combined, major, device, rehabilitation, investigation, induced, iii, drugs, boy, caused, section,

complaint, health, significantly, monitoring, decrease, controlled, slight, recommended, clinically, human,

height, differential, compared, portion, evaluated, extended, reveal, suffered, pre, thickness, quadrant, chain,

base, amount, review, finally, doses, suggesting, perform, density, margin, compression, mid, involved, girl,

university, elevation, image, resulted, worsened, rapid, sample, block, fixed, shaped, increasing, margins, sud-

den, eight, excised, sounds, delivery, technique, combination, visited, close, managed, finding, topical, origin,

diseases, follows, raised, felt, seven, power, advised, basal, maximum, spontaneous, requiring, absent, sen-

sory, saline, persisted, consciousness, midline, layer, differentiated, accompanied, affected, possibility, color,

sensation, strength, opening, structures, mildly, disappeared, inguinal, normalized, suspicion, consisted, re-

sulting, exhibited, gross, exposure, evident, superficial, scheduled, transverse, lead, entire, conducted, fine,

changed, rapidly, available, additionally, illness, position, home, transferred, five, additional, denied, system,

features, patients, possible, limits, twice, another, completely, reference, full, uneventful, shown, repeat,

part, activity, secondary, ago, became, long, via, subsequent, indicated, clear, studies, internal, experienced,

sided, risk, routine, measured, similar, usa, pattern, increase, investigations, immediately, operative, man-

agement, complaints, outpatient, recovery, administration, complained, specific, regular, minutes, resolved,

exam, healthy, slightly, located, vital, resolution, intensive, occurred, hospitalization, active, marked, visit,

prescribed, appearance, planned, poor, discontinued, parents, center, consent, absence, maintained, sent,

values, value, view, achieved, support, assessment, duration, units, scale, length, generalized, recovered,

informed, difficulty, intact, sign, surrounding, aspect, applied, died, effects, provided, led, indicating, consul-

tation, institution, complex, containing, see, interval, mixed, access, adequate, starting, current, potential,
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compatible, corrected, remaining, typical, excluded, tested, established, causing, visible, determined, collec-

tion, unable, regions, hard, thereafter, prevent, highly, composed, initiation, march, lack, class, activities,

walking, stay, neither, degree, moreover, difficult, remarkable, functional, problems, immediate, node, air,

systemic, complications, episodes, child, injury, growth, defect, pulse, tenderness, index, specimen, antigen,

reduction, injection, space, deep, medication, medications, persistent, virus, infusion, motor, involving, ex-

tremities, mother, line, removal, irregular, hour, fraction, gait, frequency, flexion, screening, variant, ward,

born
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Appendix B

Clinical Keyword Dictionary

The complete clinical keyword dictionary used for specialty identification included 18 major

medical specialties with 10–15 keywords each:

• Radiology: X-ray, CT scan, MRI, ultrasound, PET scan, fluoroscopy, contrast media,

interventional, mammography, nuclear medicine, radiopaque, artifact, gantry, densito-

metry

• Surgery: excision, incision, repair, anesthesia, suture, scalpel, laparoscopy, biopsy,

graft, intubation, debridement, resection, cautery, sterile field, preoperative

• Cardiology: cardiac, heart, myocardial, echocardiogram, ECG, angina, hypertension,

arrhythmia, coronary, cardiomyopathy, stent, defibrillator, troponin, BNP, ejection

fraction

• Dermatology: macule, papule, pustule, eczema, psoriasis, dermatitis, melanoma,

lesion, epidermis, dermis, biopsy, erythema, pruritus, alopecia, keratin
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• Emergency Medicine: triage, trauma, ACLS, CPR, intubation, shock, hemorrhage,

laceration, syncope, overdose, anaphylaxis, sepsis, stabilization, GCS, STAT

• Oncology: cancer, tumor, malignant, chemotherapy, radiation, biopsy, metastasis,

carcinoma, lymphoma, leukemia, oncology, adjuvant, palliative, remission, recurrence

• Orthopedics: fracture, bone, joint, spinal, arthritis, orthopedic, trauma, osteoporosis,

skeletal, dislocation, cartilage, ligament, tendon, scoliosis, prosthesis

• Gastroenterology: abdominal, colon, endoscopy, hepatic, pancreatic, IBD, cirrhosis,

hepatitis, colitis, gallbladder, GI, bowel, ulcer, reflux, diverticulitis

• Pulmonology: pulmonary, lung, respiratory, COPD, asthma, bronchitis, oxygen,

pneumonia, tuberculosis, emphysema, ventilator, spirometry, hypoxia, pleural, bron-

choscopy

• Infectious Disease: pathogen, antibiotic, antiviral, sepsis, zoonotic, resistance, incu-

bation, asymptomatic, epidemic, vector, culture, titers, MRSA, fungal, transmission

• Neurology: neurological, brain, stroke, seizure, MRI brain, cognitive, dementia, mi-

graine, neuropathy, Parkinson, Alzheimer, epilepsy, multiple sclerosis, tremors, aphasia

• Endocrinology: diabetes, thyroid, hormone, metabolic, insulin, glucose, endocrine,

hypothyroid, hyperglycemia, diabetic, HbA1c, cortisol, pituitary, adrenal, gonad

• Urology: bladder, kidney, prostate, urinary, hematuria, cystoscopy, incontinence,

nephrolithiasis, urethra, erectile dysfunction, catheter, ureter, lithotripsy, voiding, dy-

suria

• Nephrology: renal, dialysis, creatinine, GFR, electrolyte, urea, proteinuria, fistula,

transplant, nephron, hypertension, uremia, hemodialysis, CKD, albumin
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• Ophthalmology: eye, ocular, retinal, vision, cataract, glaucoma, ophthalmic, con-

junctivitis, retinopathy, macular, cornea, iris, lens, vitreous, strabismus

• OB/GYN: pregnancy, fetus, labor, cesarean, ultrasound, menstruation, menopause,

ovaries, uterus, cervix, prenatal, postpartum, ectopic, endometriosis, hysteroscopy

• Pediatrics: neonate, infant, adolescent, growth chart, immunization, congenital, de-

velopmental, pediatric, colic, croup, febrile, otitis media, ADHD, autism, bronchiolitis

• Psychiatry: mental health, anxiety, depression, bipolar, schizophrenia, therapy, psy-

chosis, antidepressant, mood, cognitive, trauma, personality disorder, phobia, halluci-

nation, mania
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Record-level Classification by LLMs
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Specialty Patient ID GPT-4o GPT-5

Cardiovascular

62654 Onc-Path Onc-Path
60023 Correct Correct
139032 Correct Correct
84669 Correct Renal-Meta
42090 Correct Correct
68503 Onc-Path Correct
10088 Correct Correct
151873 Correct Correct
103638 Correct Onc-Path
69175 Correct Correct

Derm-Immune

82803 Correct Correct
121260 Correct Correct
159318 Correct Correct
25030 Correct Neuro-Pain
165699 Correct Correct
159257 Onc-Path Correct
90306 Genet-Endoc Correct
1124 Correct Rheu-Immune
155724 Onc-Path Correct
148084 Genet-Endoc Correct

Gastro

149095 Genet-Endoc Genet-Endoc
52145 Onc-Path Infectious-Disease
161890 Neurological Neurological
56214 Genet-Endoc Onc-Path
4541 Onc-Path Neurological
37640 Correct Correct
118160 Onc-Path Musculoskeletal
88882 Correct Correct
37705 Correct Correct
115278 Correct Correct

Table C.1: Record-level Classification (Part 1)
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Specialty Patient ID GPT-4o GPT-5

Genet-Endoc

24467 Correct Correct
17841 Correct Correct
42006 Correct Correct
105877 Renal-Metabolic Renal-Metabolic
111090 Correct Correct
62432 Correct Correct
24945 Correct Correct
86865 Musculoskeletal Correct
60451 Correct Correct
79862 Correct Correct

Inf-Disease

127353 Dermat-Immune Derm-Onc
23732 Correct Correct
141684 Correct Correct
127990 Gastro Gastro
103185 Gastro Gastro
149712 Correct Correct
121631 Correct Correct
55636 Correct Correct
110133 Correct Correct
90993 Correct Correct

Genet-Endoc

24467 Correct Correct
17841 Correct Correct
42006 Correct Correct
105877 Renal-Metabolic Renal-Metabolic
111090 Correct Correct
62432 Correct Correct
24945 Correct Correct
86865 Musculoskeletal Correct
60451 Correct Correct
79862 Correct Correct

Table C.2: Record-level Classification (Part 2)
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Specialty Patient ID GPT-4o GPT-5

Inf-Disease

127353 Dermat-Immune Derm-Onc
23732 Correct Correct
141684 Correct Correct
127990 Gastro Gastro
103185 Gastro Gastro
149712 Correct Correct
121631 Correct Correct
55636 Correct Correct
110133 Correct Correct
90993 Correct Correct

Musculoskeletal

110805 Neurological Genet-Endoc
23887 Correct Correct
89655 Correct Correct
114951 Correct Genet-Endoc
133451 Correct Correct
165085 Derm-Immune Derm-Immune
112768 Derm-Immune Derm-Immune
35165 Neurological Neurological
133463 Correct Correct
137889 Correct Correct

Neurological

72972 Correct Correct
42531 Correct Correct
8345 Correct Genet-Endoc
61730 Onc-Path Onc-Path
15629 Correct Correct
63297 Onc-Path Correct
142082 Onc-Path Correct
104683 Correct Correct
60846 Derm-Immune Derm-Immune
75131 Correct Renal-Metabolic

Table C.3: Record-level Classification (Part 3)
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Specialty Patient ID GPT-4o GPT-5

Onc-Path

64555 Correct Correct
37206 Correct Correct
126668 Correct Correct
31073 Correct Correct
48515 Correct Correct
12604 Correct Genet-Endoc
54266 Correct Correct
131630 Correct Gastro
62745 Correct Correct
80030 Correct Correct

Ophthalmology

165652 Correct Correct
159051 Correct Correct
98449 Correct Correct
102484 Correct Correct
133783 Correct Correct
121016 Correct Correct
136204 Correct Correct
71150 Correct Correct
26521 Correct Correct
121010 Correct Correct

Renal-Metabolic

6185 Correct Correct
44961 Correct Gastro
26803 Correct Correct
164240 Genet-Endoc Derm-Immune
109984 Correct Correct
66975 Correct Correct
17684 Musculoskeletal Musculoskeletal
118814 Correct Correct
83888 Correct Correct
145177 Correct Correct

Table C.4: Record-level Classification (Part 4)
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Specialty Patient ID GPT-4o GPT-5

Respiratory

89842 Correct Correct
51025 Correct Correct
132442 Correct Correct
54648 Cardiovascular Cardiovascular
78737 Neurological Neurological
3333 Correct Correct
51265 Correct Renal-Metabolic
155045 Genet-Endoc Genet-Endoc
116306 Correct Correct
48499 Correct Correct

Table C.5: Record-level Classification (Part 5)
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Appendix D

Computational Specifications and

Optimizations

Hardware Specifications Experiments were conducted on a high-performance comput-

ing cluster with the following hardware configuration:

Component Specification

CPU Intel Xeon Gold 6248R (2.1 GHz base frequency)
RAM 128 GB DDR4 ECC (3200 MHz)
GPU 1 NVIDIA A100 80GB PCIe MIG 1g.10gb
CPU counts 128
GPU memory 10 GB
Storage 10 TB NVMe SSD RAID array
Network 100 GbE InfiniBand interconnect

Table D.1: Hardware Specifications for Experimental Evaluation
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Software Environment The experimental software stack was carefully curated to ensure

compatibility and reproducibility:

Component Version/Specification

Operating System Ubuntu 22.04 LTS
Python Distribution Anaconda 2022.10 (Python 3.9.16)
Core Libraries

torch 2.6.0 cu124
scikit-learn 1.2.0
sentence-transformers 2.2.2
transformers 4.27.4
pandas 1.5.3
numpy 1.24.2
scipy 1.10.0

Visualization
matplotlib 3.7.0
seaborn 0.12.2
plotly 5.13.0

Development Tools
JupyterLab 3.5.3
Git 2.34.1
Docker 20.10.21

Table D.2: Software Environment and Dependencies

Computational Optimizations Optimizations were implemented to improve computa-

tional efficiency:

Batch Processing Strategy BERT inference was optimized through batch processing

with size 32, balancing GPU memory utilization (approximately 12 GB per batch) with

computational throughput. This configuration achieved 95% GPU utilization while main-

taining stable memory allocation across the 3, 000 document corpus.

Parallelization Implementation Feature extraction and similarity computations were

parallelized using joblib with 32 worker processes, matching the available CPU core count.

149



This parallelization reduced computation time for pairwise similarity matrices from approx-

imately 45 minutes to under 5 minutes.

Caching Architecture A hierarchical caching system stored intermediate results at three

levels: (1) raw BERT embeddings in HDF5 format, (2) processed structured features in

compressed NumPy arrays, and (3) similarity matrices in sparse matrix format. This caching

eliminated approximately 70% of redundant computations across experimental runs.

Convergence Optimization Iterative algorithms employed adaptive convergence criteria

with early stopping when improvement fell below 10−4 for three consecutive iterations. Max-

imum iteration limits of 300 ensured termination while maintaining solution quality, with

actual convergence typically occurring within 50− 100 iterations.

Performance Benchmarks The following performance metrics were recorded during ex-

perimental execution:

Pipeline Stage Time (minutes) Memory (GB)

BERT Embedding Generation 18.5 14.2
Structured Feature Extraction 3.2 2.8
Feature Fusion 1.5 1.2
Clustering (K-means) 4.8 3.6
Evaluation Metrics 2.0 1.5

Total 30.0 23.3

Table D.3: Performance Benchmarks for Pipeline Components

These benchmarks represent average values across 10 experimental runs, with standard de-

viations below 5% of mean values, indicating consistent performance across executions.
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Appendix E

Hyperparameter Settings

151



Complete hyperparameter settings for all experiments:

Parameter Value

BERT Model
Model name BiomedNLP-PubMedBERT-base-uncased
Embedding dimension 768
Batch size 32
Pooling method Mean pooling

Llama Model
Model name meta/Llama2
Embedding dimension 4096
Batch size 8
Pooling method Max pooling

Structured Features
TF-IDF max features 500
TF-IDF min document frequency 5
TF-IDF max document frequency 0.7
Specialty vector dimension 8

Feature Fusion
Fusion weight (α) 0.3
PCA components 768
Normalization method StandardScaler (z-score)

Clustering
Algorithm K-means
Cluster range evaluated 5-20
Optimal clusters 8
Initialization method k-means
Number of initializations 10
Maximum iterations 300
Tolerance 1× 10−4

Evaluation
Primary metric Silhouette score
Secondary metrics Davies-Bouldin index, Calinski-Harabasz index
Stability metric Jaccard similarity
Statistical significance threshold p < 0.05

Table E.1: Hyperparameter Settings for the Hybrid Clustering Pipeline
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Appendix F

Evaluation Metrics Definitions

This appendix provides formal definitions for all evaluation metrics used throughout the

thesis.

Segmentation Metrics For the evaluation of classification tasks, the following metrics

were used:

• Precision: Measures the fraction of true positive cases out of all predicted as positive.

Precision =
TP

TP + FP
(F.1)

where TP is the number of true positive and FP is the number of false positive.

• Recall: Measures the ability of a model to identify all relevant instances.

Recall =
TP

TP + FN
(F.2)

where FN is the number of false negative records.
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• Accuracy: Measures the fraction of correctly classified records out of all records.

Accuracy =
TP + TN

TP + TN + FP + FN
(F.3)

where TN is the number of true negative records.

• Specificity: Measures the proportion of actual negative instances that are correctly

classified. This metric reflects the model’s ability to avoid false alarms and is particu-

larly relevant when distinguishing between closely related clinical conditions.

Specificity =
TN

TN + FP
(F.4)

• F1 Score: Harmonic mean of precision and recall, balancing both metrics.

F1 Score = 2× Precision× Recall
Precision + Recall

(F.5)

Clustering Metrics For clustering tasks, the following metrics were used:

• Silhouette Score: Measures how similar an object is to its own cluster compared to

other clusters (ranges −1 to +1).

• Davies-Bouldin Index: Measures the average similarity between each cluster and

its most similar cluster (lower is better).

• Calinski-Harabasz Index: Ratio of between-cluster dispersion to within-cluster dis-

persion (higher is better).

• Jaccard Similarity: Measures stability of clustering across different initializations or

data subsets.
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• Normalized Mutual Information (NMI) Measures the agreement between the

predicted clusters and reference labels.

• Adjusted Rand Index (ARI) Evaluates the similarity between two assignments in

the same or different clusters in the predicted and reference labels.

155


	Acknowledgements
	Abstract
	List of Figures
	List of Tables
	Introduction
	Artificial Intelligence and Machine Learning in Medical Diagnosis
	Data Scarcity, Imbalance, and Privacy Challenges
	Motivation for Data Augmentation and Generative AI
	Language Models and Tabular-to-Text Transformation
	Case Study: Cervical Cancer Dataset Classification
	Limitations of Current Screening and Diagnostic Approaches
	Research Objectives and Contributions
	Organization of the Dissertation

	Related Work
	Machine Learning for Medical Diagnosis: An Evolving Landscape
	Traditional Classifiers and Data Imbalance Challenges
	Deep Learning and Image-Based Diagnostics
	Towards Robust and Integrated Frameworks

	The Critical Role of Language in Healthcare Communication
	Language as a Social Determinant of Health
	The Gap Between Prediction and Communication

	Overcoming Data Scarcity: Augmentation in Medical ML
	Data Augmentation: Enhancing Real Data
	Synthetic Data Generation: Creating Novel Data Instances
	Integrated and Hybrid Approaches

	Artificial Intelligence and Language Models for Medical Diagnostics
	Transformer Models and Their Biomedical Adaptations
	Data Augmentation and Few-Shot Learning in Medical NLP
	Gap in Application to Medical Classification

	Synthesis and Identified Research Gap
	Analysis of Clinical Narratives
	Clinical Natural Language Processing
	Clinical Text Mining Landscape
	Text Clustering Methods
	Patient Stratification in Precision Medicine
	Hybrid Approaches in Clinical Analytics

	Chapter Summary

	Research Challenges and Problem Formulation
	Challenge 1: The Data Scarcity-Imbalance in Medical Machine Learning
	Nature of the Challenge
	Specific Limitations of Existing Solutions
	Formal Research Questions

	Challenge 2: The Modality Gap: Bridging Structured Data and Contextual Understanding
	Nature of the Challenge
	Limitation of Tabular-Feature-Only Approaches
	Formal Research Questions

	Challenge 3: The Deployment Dilemma: Accuracy vs. Accessibility in Real-World Settings
	Nature of the Challenge
	The Inefficiency of State-of-the-Art Models
	Formal Research Questions

	Challenge 4: The Interpretability-Actionability Disconnect
	Nature of the Challenge
	The Unfulfilled Promise of Explainable AI (XAI)
	Formal Research Question

	Synthesis: The Integrated Research Problem
	Research Objectives
	Chapter Summary and Link to Methodology

	Machine Learning Classification with Synthetic and Augmented Data
	Dataset
	Preprocessing
	GAN
	CTGANs
	Forest Diffusion
	Language Models are Realistic Tabular Data Generators

	Machine Learning Methods and Parameters
	Results
	Discussion
	Conclusions and Future Work
	Contributions of the Chapter

	Tabular-to-Text Transformation and LLM-Based Classification
	Proposed Method and Dataset Description
	Preprocessing and Data Transformation
	Model Training and Fine-Tuning
	Fine-Tuning Strategy
	Handling Class Imbalance with Weighted Loss

	Addressing Key Challenges
	Prompt Design
	Zero-Shot Prompt
	Few-Shot Prompt
	Chain-of-Thought (CoT) Prompt

	Experimental Setup
	Zero-Shot, Few-Shot, and Chain-of-Thought
	Fine-Tuned SLMs

	Experiments and Results
	Ablation Studies
	Discussion
	Contributions of the Chapter

	From Narrative to Knowledge: A Two-Phase Latent Semantic Framework for Clinical Record Categorization
	Introduction and Motivation
	Data Collection and Description
	Data Source
	Initial Corpus Characteristics
	Term Frequency–Inverse Document Frequency (TF-IDF)

	Preprocessing Pipeline
	Iterative Corpus-Driven Vocabulary Refinement
	Rationale for Top-N Frequency Inspection
	Transition to Statistical Filtering

	Phase 1
	Semantic Feature Extraction with Language Models
	Structured Clinical Feature Extraction
	Clustering Methodology

	Phase 2
	Latent Semantic Projection (LSP)
	Specialty Mapping and silver standard Projection

	Experimental Setup
	Results
	Validation Against Weak Labels
	Large Language Model as a Judge

	Discussion and Chapter Summary
	Contributions of the Chapter

	Conclusions and Future Work
	Summary of Research Contributions
	Research Questions and Findings
	Challenge 1: The Data Scarcity-Imbalance Paradox
	Challenge 2: The Modality Gap
	Challenge 3: The Deployment Dilemma
	Challenge 4: The Interpretability-Actionability Disconnect

	Research Contributions
	Challenge 1: Contributions to Addressing Data Scarcity and Class Imbalance
	Challenge 2: Contributions to Bridging the Modality Gap
	Challenge 3: Contributions to Practical Deployment
	Challenge 4: Contributions to Interpretability and Clinical Actionability

	Discussion of Findings
	Limitations
	Future Work
	Concluding Remarks

	Bibliography
	Appendices
	Preprocessing Resources and Vocabulary Specification
	Clinical Keyword Dictionary
	Record-level Classification by LLMs
	Computational Specifications and Optimizations
	Hyperparameter Settings
	Evaluation Metrics Definitions

