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ABSTRACT

Diabetes is a growing global health concern, contributing to significant morbidity, mor-

tality, and long-term economic burden. Machine Learning (ML) methods are increasingly

applied to diabetes prediction, however, selecting appropriate classifiers and understanding

the key features driving model decisions remain essential for reliable and clinically accept-

able performance. This is particularly important in healthcare settings where clinicians may

have limited familiarity with ML techniques and where transparency and trust in predictive

outputs are critical. This study evaluates eight ML classifiers, Logistic Regression (LR),

Random Forest (RF), Gradient Boosting (GB), Support Vector Machine (SVM), K-Nearest

Neighbors (KNN), AdaBoost (AB), Decision Tree (DT) and Neural Network (NN) using a

dataset of 100,000 patient records for diabetes prediction. Models are evaluated using vari-

ous configurations which includes baseline training and hyperparameter optimization using

RandomizedSearchCV. The global and local interpretability is examined using SHapley

Additive exPlanations (SHAP), Local Interpretable Model-Agnostic Explanations (LIME)

and Explain Like I’m 5 (ELI5) to identify the most influential features contributing to pre-

dictions. These findings show that ensemble based models achieve strongest predictive

performance with RF and GB outperforming other evaluated classifiers. Interpretability

analyses consistently highlight that Hemoglobin A1c (HbA1c), blood glucose, Body Mass

Index (BMI), and age are the dominant predictive features. A final evaluation using a re-

duced feature set derived with the help of Explainable AI (XAI) demonstrates that strong

predictive accuracy can be maintained while improving model simplicity and interpretabil-

ity. This work underscores the importance of combining ML performance with transparent

feature explanations in order to support trustworthy and clinically meaningful decision sup-

port systems for diabetes prediction.
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Chapter 1

Introduction

Diabetes mellitus is a chronic metabolic disorder characterized by persistent hyperglycemia

resulting from impaired insulin secretion, insulin action or both. It is among the most

widespread non-communicable or contagious diseases globally. As of 2024, an estimated

589 million adults aged 20-79 worldwide are living with diabetes, representing roughly one

in nine adults (1). According to the World Health Organization (WHO), diabetes remains

a leading underlying cause of serious complications such as cardiovascular disease, kidney

failure, blindness, and lower-limb amputation (2). Given its high prevalence, severe com-

plications and rising incidences, early prediction and prevention of diabetes including the

identification of high risk individuals have become critical public health priority around the

globe.

Diabetes develops gradually, transitioning through the early metabolic abnormalities like

impaired fasting glucose or prediabetes before progressing to the clinical diagnosis (3).

These intermediate stages provide a crucial path towards early detection. Accurately pre-

dicting models allow healthcare systems to actively identify individuals at risk and deliver

timely lifestyle interventions, thereby preventing progress and reduce long term compli-

cations (4). Early prediction also reduces healthcare expenditures as diabetes places sub-

stantial economic burden on the health systems worldwide, which is estimated at over US

$1,015 billion in 2024 with costs expected to rise further according to 2025 International

Diabetes Federation (IDF) Diabetes Atlas (1).

Traditional statistical models such as Logistic Regression (LR) have long been used for

diabetes risk assessment due to their simplicity and interpretability (5). However, as the

complexity and volume of the clinical data have increased LR has shown limitations in
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capturing the non-linear patterns and high dimensional interactions among risk factors (6).

This has driven growing interest in Machine Learning (ML) approaches which can model

intricate relationships amongmultiple clinical and lifestyle variables. Key predictors identi-

fied across recent studies include fasting plasma glucose, Hemoglobin A1c (HbA1c), Body

Mass Index (BMI), age, triglycerides, blood pressure, lipid profiles, family history, smok-

ing and drinking status, and physical activity (7; 8). MLmethods including Random Forests

(RFs), Gradient Boosting Machines (GBMs), Support Vector Machines (SVMs) and Neu-

ral Networks (NNs) have demonstrated superior performance compared to the traditional

statistical models in diabetes prediction tasks (9; 10).

Despite their high predictive accuracy many ML and Deep Learning (DL) models operate

as black box systems, making it hard to interpret how individual predictions are made. This

lack of transparency limits trust and clinical deployment where interpretability and justifi-

cation are essential for safe adoption (11). Explainable AI (XAI) addresses this challenge

by providing methods to interpret model behavior. Techniques such as SHapley Additive

exPlanations (SHAP) (12) and Local Interpretable Model-agnostic Explanations (LIME)

(13) offer insights into both global and local feature contributions enabling clinicians to

understand why a model classifies a patient as high or low risk.

1.1 Related Work

Despite significant advancements in computational methods, diabetes prediction remain a

critical global health challenge because of its rising prevalence, complex multifactorial eti-

ology and substantial economic burden. Type 2 diabetes, which accounts for more than

90% of cases, develop gradually through interactions between metabolic, behavioral, en-

vironmental and genetic risk factors. Early detection is necessary for preventing the com-

plications, improving clinical outcomes and reducing healthcare costs (14). In most recent

years, ML approaches have emerged as powerful tools for identifying at risk individuals

through patterns in clinical, biochemical, and demographic data (15). This chapter synthe-

sizes current literature on diabetes prediction using ML, discusses the role of explainability

techniques in clinical deployment, highlights limitations of existing studies and establishes

the foundation for the contributions of this thesis.

Traditional statistical models such as LR, Cox proportional hazards models and generalized

linear models have been widely used for diabetes risk estimation (16). These models are
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valued for their interpretability but they often struggle to capture non-linear interactions

and higher order relationships within the clinical datasets. For instance, fasting glucose,

BMI, age, blood pressure and lipid measures exhibit complex interdependencies that sim-

pler statistical models may fail to model effectively (6). MLmethods like RF, GB and SVM

have demonstrated improved predictive performance by learning non-linear mappings and

interaction effects from data (17). As a result, ML based diabetes predictions have received

increasing attention in both research and applied clinical decision support setting.

Feature engineering plays a significant role in improving ML based diabetes prediction.

Commonly used features include fasting blood glucose, HbA1c, BMI, age, cholesterol

profiles, physical activity levels, family history, and lifestyle factors (7). Many studies

have demonstrated that glycemic markers such as HbA1c and fasting glucose are often the

strongest individual predictors, followed by BMI, age, lipids, and other metabolic measures

(18). However, interactions among features are also important, and ML models may out-

perform traditional clinical scoring systems due to their ability to learn such interactions

automatically (19). Nevertheless, inconsistencies in feature selection, lack of systematic

evaluation across different algorithms and limited attention to reduced feature modelling

remain persistent challenges.

Explainability has become a central theme in ML for healthcare due to the need for trans-

parency, clinician trust, and regulatory compliance. Modern XAI tools like SHAP, LIME,

ELI5, and permutation importance offer global and local interpretability which enables clin-

icians to understand which features most influence predictions (20). SHAP technique which

is based on the cooperative game theory provides consistent and individualized explana-

tions, making it appropriate for the clinical decision-making (12). In addition, LIME ap-

proximates the decision boundary locally by fitting the simple surrogate models while the

ELI5 offers intuitive feature attribution visualizations. Despite their contributions, these

XAI methods have not been widely integrated into the diabetes prediction pipelines and that

many published studies only report accuracy or AUC without addressing the transparency

of the model (21). This limits real world adoption as clinicians are hesitating in order to

rely on the black box models for critical clinical decisions like diagnosing prediabetes or

initiating further interventions.

Several studies highlight the importance of combining ML predictions with explainability

to support personalized risk predictions. For example, SHAP based interpretation of the

tree ensembles has revealed how a combination of glycemic markers (e.g. glucose) and

lifestyle/metabolic indicators (e.g. BMI) drives individual risk profiles (22). Such insights
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can guide targeted interventions, making the XAI a key enabler of actionable clinical de-

cision support. However, integration of XAI remains inconsistent across current research,

and a very few studies provide a comprehensive global and local explanations alongside

rigorous model benchmarking.

In addition to methodological challenges, practical and clinical barriers impede the deploy-

ment of ML systems for diabetes prediction. Healthcare data often contains missing values,

outliers, noise and heterogeneous formats which requires robust preprocessing pipelines

and careful data cleaning before modeling (23). Many studies either ignore missing data

or apply simplistic imputation methods without thoroughly evaluating the impact on model

performance. In addition, models trained on old or controlled data may not work as well

in real hospitals because patients, medical practices, and data patterns change over time.

Prospective validation remains rare therefore, even strong retrospective performance may

not guarantee real-time effectiveness in clinical workflows (24).

Due to the current limitations, there is a need for more reliable and interpretable ML frame-

works for diabetes prediction, in particular using large, diverse datasets that reflect real

world populations. This thesis aims to address these challenges through systematic model

comparison, rigorous feature selection and integrated explainability as detailed in the sec-

tion below.

1.2 Existing Gaps In The Literature and Thesis Contribu-

tions

Although ML has shown strong potential for diabetes prediction, current literature lacks

several critical gaps that limit its robustness, scalability, interpretability and clinical appli-

cability. These limitations span data quality, study design, methodology, explainability and

deployment feasibility. This section provides major gaps and presents contributions of this

thesis toward addressing these issues.

A prominent limitation in existing research is the heavy reliance on small or homogeneous

datasets. For example, many studies continue to use the Pima Indian Diabetes Dataset

(PIMA) which consists of only 768 records, all from a single ethnic population, which

limits demographic and clinical diversity (25). These limited and small datasets often fail

to capture the heterogeneity of modern populations, thereby hindering the development of
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models that generalize beyond narrow settings. Even with larger public datasets such as

NHANES (National Health and Nutrition Examination Survey), a few ML based diabetes

prediction studies remain limited in scope or lack robust external validation, whichmay lead

to optimistic performance estimates which may not be generalizable across more diverse

clinical population (26). To overcome this gap, this work uses a large and contemporary

dataset (100,000 individuals) from a publicly available source, offering a broader represen-

tation of demographic, metabolic and lifestyle variations. This enhances the potential for

building the more generalizable and clinically relevant diabetes risk prediction models.

The second major gap involves lack of systematic multiple model comparisons under stan-

dardized conditions. Many studies evaluate only a few ML algorithms, making it difficult

to conclude whether a model performs well intrinsically or only outperforms a weak base-

line. Comparative studies often vary widely in data splits, evaluation metrics, handling of

missing values and feature engineering strategies (27). These inconsistencies hinder re-

producibility and prevent meaningful benchmarking across literature. The methodological

diversity also makes it challenging for clinicians or policymakers to identify reliable mod-

eling approaches. Therefore, this work performs a comprehensive evaluation of eight ML

algorithms under uniform preprocessing and evaluation pipelines.

Interpretability represents another gap, particularly in studies involving complex models.

Most of the published works emphasize predictive performance metrics such as accuracy or

AUC, however, they offer little to no explanation for how models arrive at their decision.

Clinicians require transparent models that justify their outputs to ensure trust, safety and

accountability (21). While some studies employ SHAP or LIME, they typically apply them

superficially or restrict analyses to a single model. Few studies integrate explainability

across multiple algorithms or compare global and local explanations comprehensively. In

addition, limited attention is given to the selected or reduced feature modeling, despite their

potential to enhance interpretability and reduce data collection burden. This work addresses

this gap through an integrated XAI framework applying SHAP, LIME and ELI5 to all the

eight ML models. It further identifies the most influential features and evaluates reduced

feature models, demonstrating that high predictive accuracy can be achieved with as few as

two or four features.

Feature selection remains a relatively under explored aspect in ML based diabetes predic-

tion. Although traditional predictors such as HbA1c, BMI, age, blood pressure and lipid

profiles consistently emerge among top predictors in many studies, systematic evaluation

of individual feature contributions or interactions is often lacking. In some works that do
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conduct feature selection, glucose (or fasting plasma glucose), HbA1c, BMI and age still

rank among the most influential variables, indicating their central importance for predic-

tive models (28; 29). Nevertheless, many studies continue to adopt predefined feature sets

or include large numbers of variables without rigorous feature importance analysis which

may lead to overfitting or reduced interpretability. This thesis conducts systematic feature

importance analysis using SHAP, permutation importance, and model specific measures,

enabling deeper insights into how individual predictors influence outcomes.

This work addresses the limitations of the existing literature by integrating large scale data,

multiple model evaluation, systematic feature analysis, reduced feature modeling and a

unified explainability framework. Together, these contributions foster the development

of transparent, generalizable and clinically meaningful ML models for diabetes prediction.

In this study, eight ML models; LR, RF, GB, Adaboost (AB), Decision Tree (DT), SVM,

K-Nearest Neighbour (KNN) and NN are trained and evaluated using a real world diabetes

dataset containing 100,000 patient records. Model performance is first assessed using base-

line hyperparameters. Subsequently, hyperparameter tuning is performed using Random-

izedSearchCV to optimize model performance. To interpret model decisions and identify

key predictors, three XAI techniques SHAP, LIME and ELI5 are applied. These methods

are used to determine themost contributing features with models retrained using the top four

and top two features identified by XAI. Finally, the models are retrained using the selected

subsets of features and their predictive performance is evaluated to assess how reducing the

feature set impacts the performance.

The remainder of this thesis is organized as follows. Chapter 2 reviews relevant literature

on diabetes prediction and XAI. Chapter 3 describes the details of dataset, preprocessing,

methodology and experimental design. Chapter 4 presents classification, hyperparameter

tuned optimization, explainability and selected features result.. Chapter 5 concludes the

study and provides directions for future research.
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Chapter 2

Methodology

In this chapter, dataset overview, data preprocessing techniques, implementation details,

ML modes used for classification, post-hoc XAI techniques, hyperparameter tuning ap-

proach and the comprehensive methodology used for diabetes prediction is described. The

detailed workflow diagram of the methodology is shown in Figure 2.1.

Dataset Preprocessing XAIClassification

Top 2 features

Hyperparamter 
Tuning

1. LR
2. RF
3. GB
4. AB
5. DT

6. SVM
7. KNN
8. NN

Top 4 features

Kaggle 
Dataset of 

100K 
instances

Male
Female

Combined

RandomizedSe
archCV

1. SHAP
2. LIME
3. ELi5 

Scaling
One-hot Encoding

1. Hba1c
2. Blood 

Glucose
3.  Age
4. BMI

1. Hba1c
2. Blood 

Glucose

Evaluation

1. Accuracy
2. Precision
3. Recall
4. F1 score
5. AUC

Figure 2.1: Workflow diagram of methodology for diabetes prediction.
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2.1 Dataset

In this work, a Kaggle dataset consisting of 100,000 instances is used. The data was col-

lected between 2015 and 2022. This dataset includes year, gender, age, race (African Amer-

ican, Asian, Caucasian, Hispanic and other), hypertension, heart disease, smoking history,

BMI, HbA1c level, blood glucose level, and diabetes as features. The 15 features used in

the dataset are shown in Table 2.1. The dataset is divided into two classes; negative and

positive, which are represented as 0 and 1 respectively. This dataset is highly imbalanced;

91,500 are negative cases while 8,500 are only positive cases. The two genders; male and

female are represented in the data, where females represent 59%while males represent 41%

of the population.

2.2 Data Preprocessing

The diabetes dataset consists numerical (year, age, BMI, HbA1c, and blood glucose level)

and categorical (gender, race, hypertension, heart disease, smoking history, and diabetes)

features. Since ML models cannot directly interpret categorical data, these features need

to be converted into a numerical form while preserving their discrete meaning. In order

to address the issue, a preprocessing pipeline is constructed using the column transformer,

which applies standard scaler to the numerical columns and one hot encoder to the categor-

ical columns. This preprocessing step ensures that both numerical and categorical features

are properly scaled and transformed into a representation that is comprehensible to ML

algorithms thereby facilitating effective model training.

2.3 Implementation Details

All experiments in this study were executed on CPU only fir-compute nodes of the Fir su-
percomputer by the Digital Research Alliance of Canada (https://ccdb.alliancecan.
ca). Each node provides 192 AMD EPYC CPU cores, 768 GB DDR5 system memory,

and a high-speed InfiniBand interconnect. During development and evaluation, jobs were

typically launched through the simple Linux utility for resource management (SLURM)

workload manager using interactive allocations requesting 2 CPU cores and 4 GB of RAM

per task. All models and experiments were implemented in Python. To evaluate compu-

https://ccdb.alliancecan.ca
https://ccdb.alliancecan.ca
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tational efficiency, testing execution time was measured for each model on the entire test

dataset. This measurement records the time taken to generate predictions for all test samples

and was performed on the same fir-compute nodes to ensure consistency across models.

Feature Description Distribution / Statistics

year Year of data record collection 2019: 79.7%, 2016: 8.8%, 2015:

8.8%, 2018: 2.7%

gender Patient gender Female: 58.6%, Male: 41.4%,

Other: 0.0%

age Age of patient (years) Mean = 41.89 ± 22.52

race: African

American

Race indicator for African Ameri-

can ethnicity (1 = Yes, 0 = No)

0: 79.8%, 1: 20.2%

race: Asian Race indicator for Asian ethnicity (1

= Yes, 0 = No)

0: 80.0%, 1: 20.0%

race: Caucasian Race indicator for Caucasian eth-

nicity (1 = Yes, 0 = No)

0: 80.1%, 1: 19.9%

race: Hispanic Race indicator for Hispanic ethnic-

ity (1 = Yes, 0 = No)

0: 80.1%, 1: 19.9%

race: Other Race indicator for Other ethnicity (1

= Yes, 0 = No)

0: 80.0%, 1: 20.0%

hypertension Presence of hypertension (1 = Yes,

0 = No)

0: 92.5%, 1: 7.5%

heart_disease Presence of heart disease (1 = Yes,

0 = No)

0: 96.1%, 1: 3.9%

smoking_history Smoking status of the patient No Info: 35.8%, Never: 35.1%,

Former: 9.4%, Current: 19.7%

bmi Body Mass Index (weight-to-height

ratio)

Mean = 27.32 ± 6.64

hbA1c_level Average blood glucose over past 3

months (%)

Mean = 5.53 ± 1.07

blood_glu-

cose_level

Current blood glucosemeasurement

(mg/dL)

Mean = 138.06 ± 40.71

diabetes Target variable indicating diabetes

diagnosis (1 = Yes, 0 = No)

0: 91.5%, 1: 8.5%

Table 2.1: Summary of the diabetes dataset including feature descriptions and value distri-

butions.
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2.4 Models

In this work, eight ML classifiers; LR, RF, GB, AB, DT, SVM, KNN and NN are used for

the diabetes classification. These models represent a diverse set of learning paradigms rang-

ing from linear classifiers to tree-based ensembles and instance based learning, allowing a

comprehensive comparison of different algorithmic behaviors.

2.4.1 Logistic Regression

LR is a linear classification model that estimates class probabilities using the logistic (sig-

moid) function. It models the relationship between input features and the target variable

through weighted coefficients and a bias term. In this work, it is configured with max_iter
= 1000 to ensure convergence. LR is widely used for binary and multiclass classification

tasks (30). LR works by finding a decision boundary that best separates classes in a linear

feature space. It optimizes the log-likelihood function using gradient-based methods. De-

spite its simplicity, LR performs well when the relationship between features and output

is approximately linear. It is also highly interpretable, as the learned coefficients directly

indicate the influence of each feature on the probability of diabetes. LR is computationally

efficient and performs well in high-dimensional settings, making it a strong baseline for

medical classification tasks.

2.4.2 Random Forest

RF is a tree-based ensemble learning classifier. It is based on bootstrap aggregation (bag-

ging), where randomly selected samples of the training data are used to train individual

decision trees using replacement. This provides each tree with unique training subsets, and

the inherent randomness makes RF robust to overfitting. RF is used for both classifica-

tion and regression tasks (31). Each tree contributes a vote toward the final prediction,

and RF aggregates these votes through majority voting. It handles non-linear relationships,

complex feature interactions, and noisy datasets effectively. RF also provides measures

of feature importance, which is particularly useful for understanding the key predictors in

diabetes risk. Its robustness to outliers and ability to handle correlated features make it a

reliable choice for biomedical applications.
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2.4.3 Gradient Boosting

GB is an ensemble method that builds sequential decision trees, where each tree is trained

to correct the errors of the previous ones. It minimizes a differentiable loss function using

gradient descent, resulting in strong predictive performance. In this work, GB is config-

ured with random_state=42 to ensure reproducibility (32). GB focuses on the residuals

(errors) at each stage, gradually improving model accuracy. Because each tree is shallow,

the method builds a strong learner through many weak learners. GB can model complex

patterns, subtle interactions, and non-linear relationships, making it powerful for tabular

medical data. However, it may require careful hyperparameter tuning to avoid overfitting.

Its strong predictive capability often yields superior performance in classification tasks in-

volving metabolic health indicators.

2.4.4 AdaBoost

AdaBoost (AB), or Adaptive Boosting, combines multiple weak learners into a strong clas-

sifier by iteratively assigning higher weights to misclassified samples. Each new learner

focuses on correcting the mistakes of the previous ensemble. AB is implemented with

random_state=42 in this work (33). AdaBoost typically uses shallow decision stumps as

base learners. Because it adaptively redistributes weights, the model becomes highly sen-

sitive to minority patterns or hard-to-classify instances. This makes AB particularly useful

when dealing with subtle indicators of diabetes risk. It works well with clean and moder-

ately sized datasets but is sensitive to noise and outliers, as misclassified noisy samples may

receive disproportionately high weights.

2.4.5 Decision Tree

DT is a non-parametric tree-structured classifier that recursively splits the dataset based on

feature values to maximize class purity. It provides interpretable decision rules and can

overfit small datasets if not regularized. DT is initialized with random_state=42 (34).

DTs use measures such as Gini impurity or entropy to select the best split at each node.

They are easy to visualize and explain, which is advantageous for healthcare applications

where interpretability is essential. DTs can model non-linear relationships and interactions

effectively but tend to overfit without pruning. As a standalone model, DT provides a
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transparent baseline to compare more complex ensemble methods.

2.4.6 Support Vector Machine

SVM is a margin-based classifier that identifies the optimal hyperplane separating classes

with maximum margin. Kernel functions allow it to model non-linear decision boundaries.

In this work, SVM is configured with probability=True and random_state=42 to en-

able probability estimates and reproducibility (35). SVM seeks the boundary that maxi-

mizes class separation, making it highly effective for high-dimensional data. Using kernels

such as RBF, SVM can capture complex patterns relevant for diabetes prediction. It is ro-

bust to outliers and works well when the dataset is not extremely large. However, SVM

can be computationally expensive, especially with non-linear kernels, and its performance

depends on careful selection of hyperparameters such as C and gamma.

2.4.7 K-Nearest Neighbors

KNN is a distance-based, instance-learning classifier that assigns a class to a sample based

on the majority vote of its k nearest neighbors in the feature space. It is non-parametric

and sensitive to feature scaling. In this work, KNN is used with default settings (36). KNN

makes predictions based on similarity, making it straightforward and intuitive. Because it

does not build an explicit model, its performance heavily depends on the choice of k and the

distance metric. KNN performs well when similar samples cluster together in the feature

space. However, it can be slow during inference and is sensitive to irrelevant or unscaled

features. Despite these limitations, it provides a simple comparison point for more complex

algorithms.

2.4.8 Neural Network

NN is a feed-forward model consisting of layers of interconnected neurons. It learns non-

linear mappings from inputs to outputs using backpropagation. In this work, the network

is implemented as an MLPClassifier with max_iter=50, early_stopping=True, and
random_state=42 to prevent overfitting and ensure reproducibility (37). MLPs can model

complex relationships that are difficult for linear or tree-based models to capture. By stack-

ing multiple hidden layers, NNs can learn hierarchical abstractions of the input data. Early
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stopping prevents overfitting, which can occur easily in small or medium-sized medical

datasets. NNs are powerful but require careful tuning of architecture, activation functions,

and regularization techniques. They offer high flexibility and are suitable for capturing

non-linear dependencies in diabetes-related features.

2.5 Explainability

In this section, three explainability techniques used in this work, SHAP, LIME and ELI5,

are described.

2.5.1 SHAP

SHAP is a model agnostic explainability method rooted in the Shapley values from coop-

erative game theory. It provides a theoretically sound framework to assign an importance

score to each feature by calculating the marginal contribution of that feature to the predic-

tion outcome across all possible feature subsets. The fundamental idea treats the prediction

as a “payout” of a cooperative game and each feature as a “player” ensuring fair and consis-

tent attribution. Mathematically for a model f and feature i in a feature set N , the Shapley

value is defined as

φi(f) =
∑

S⊆N\{i}

|S|!(|N | − |S| − 1)!

|N |!
[f(S ∪ {i})− f(S)] , (1)

where φi(f) denotes the SHAP value representing the contribution of feature i to the pre-

diction of model f . N is the set of all input features, and S denotes a subset of features

excluding i. The notation |S| represents the number of features in subset S, and |N | repre-
sents the total number of features. The factorial operator ! is used to compute combinatorial

weights. The term f(S ∪{i}) represents the model prediction when feature i is included in
the subset S, while f(S) represents the prediction when the feature is absent. In practice,

f(S) is estimated by marginalizing the absent features over a background dataset, ensuring

that missing information is represented realistically. This ensures local accuracy, meaning

the sum of feature attributions equals the model prediction, and consistency, meaning that

if a model changes such that a feature contributes more, its SHAP value cannot decrease.

The SHAPworkflow involves generating subsets of features, computing marginal contribu-
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tions, weighting them combinatorially, and aggregating contributions to determine feature

importance. For practical scalability, TreeSHAP enables exact polynomial-time computa-

tion for tree-based models, while KernelSHAP provides a model-agnostic approximation

using weighted linear regression. SHAP is capable of producing both local explanations for

individual predictions and global explanations by aggregating feature contributions across

the dataset. Its theoretical guarantees and interpretability make it highly suitable for high-

stakes applications in healthcare, finance, and any domain requiring trustworthy AI expla-

nations. SHAP also supports interaction effects between features allowing more nuanced

insight into complex models. Despite its advantages, computational cost can be high for

large datasets or models with many features unless approximation methods are employed

(12).

2.5.2 LIME

LIME explains individual predictions by approximating a black-box model f locally with

a simpler, interpretable surrogate model g. Given an instance x

argmin
g∈G

L(f, g, πx) + Ω(g), (2)

whereL(f, g, πx) =
∑

z∈Z πx(z)(f(z)−g(z))2 is the weighted loss over perturbed samples

Z, with Z denoting the set of synthetic neighborhood samples generated by perturbing

the original instance x, πx(z) is the proximity-based weight of perturbed instance z to the

original instance x, and Ω(g) penalizes complexity to maintain interpretability.

The LIME algorithm consists of the following steps.

1. Select an instance to explain.

2. Perturb features to generate synthetic neighborhood data.

3. Predict outcomes for perturbed instances using the black-box model.

4. Weight perturbed instances based on proximity.

5. Fit the interpretable surrogate model on weighted data.

6. Use the surrogate model to assign feature importance values locally.
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LIME provides local interpretability which is useful for explaining individual predictions

of complex models like gradient boosting, deep neural networks, or ensemble methods. It is

model agnostic, supports multiple data modalities (tabular, text, images), and allows prac-

titioners to inspect which features most influence a prediction. However, its explanations

may vary depending on sampling randomness and the choice of neighborhood, which can

lead to instability if not properly controlled (13).

2.5.3 ELI5

ELI5 (38) is a Python library designed to make ML models intuitively understandable by

providing human readable explanations. It supports a wide range of models including lin-

ear classifiers, decision trees, ensemble methods and text based models. ELI5 offers both

global explanations, which describe overall feature importance across the model and local

explanations which describe contributions of features to individual predictions. For linear

models, ELI5 extracts feature coefficients wi from the model function

f(x) =
∑
i

wixi + b, (3)

where wi are the feature weights and b is the bias term, and presents them as feature impor-

tances. For the tree based models, it traverses decision paths and computes the contribu-

tion of each node along the path, highlighting which features and splits led to a particular

prediction. For text models, it identifies influential words affecting the model output. Its

workflow involves detecting the model type, extracting contributions using built-in meth-

ods, aggregating these contributions for local or global explanations and rendering them in

a human friendly format. ELI5 is model agnostic for many types of models, it can explain

both individual and global predictions, visualizes decision logic effectively and emphasizes

interpretability. It is particularly suited for practitioners who need clear actionable expla-

nations without deep mathematical knowledge although it relies on the underlying model

for correctness (38).

2.6 Evaluation Metrics

In this section, the metrics used for models evaluations are described. The metrics used are

accuracy, precision, recall, F1-score, AUC and confusion matrix.
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2.6.1 Accuracy

Accuracy is the most widely used evaluation metric for classification tasks. It measures the

proportion of correctly classified instances out of the total number of instances. Accuracy

provides an overall sense of model performance as given by

Accuracy =
TP + TN

TP + TN + FP + FN
, (4)

where TP is the number of true positives, TN is true negatives, FP is false positives, and

FN is false negatives. Accuracy is intuitive and simple to compute and it works best when

the dataset has balanced classes. However, for highly imbalanced datasets, metrics like

Precision, Recall, or F1-score are preferred.

2.6.2 Precision

Precision quantifies the proportion of correctly predicted positive instances out of all in-

stances predicted as positive. It is a measure of exactness and indicates how many of the

predicted positives are actually true positives. Precision is particularly important in situa-

tion where the cost of false positives is high and is given by

Precision =
TP

TP + FP
. (5)

High precision implies that the model makes very few false positive errors. However, pre-

cision alone does not account for false negatives, so it is often analyzed together with recall.

2.6.3 Recall (Sensitivity)

Recall also known as sensitivity or true positive rate, measures the proportion of correctly

predicted positive instances out of all actual positive instances. It represents the model’s

ability to identify positive cases and is given by

Recall =
TP

TP + FN
. (6)

High recall indicates that the model successfully captures most positive instances making

it crucial in medical diagnosis, fraud detection, and other high risk domains where missing
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positive cases is costly. However, recall does not consider false positives which is why

balancing with precision is necessary.

2.6.4 F1-Score

F1-Score is the harmonic mean of precision and recall, providing a single metric that bal-

ances both aspects of model performance. It is particularly useful when classes are imbal-

anced and is given by

F1 = 2 · Precision · Recall
Precision+ Recall

. (7)

The harmonic mean ensures that both precision and recall contribute equally and a low

value in either reduces the F1-score. F1-score is widely used in healthcare, fraud detection,

and other domains where both false positives and false negatives are critical.

2.6.5 Receiver Operating Characteristic (ROC) and Area Under the

Curve (AUC)

The ROC curve is a graphical representation of a classifier’s performance across different

threshold values. It plots the true positive rate (Recall) against the false positive rate and is

given by

FPR =
FP

FP + TN
. (8)

ROC-AUC measures the area under the ROC curve, providing a single value to summarize

performance. AnAUCof 1 indicates perfect classification, while 0.5 corresponds to random

guessing. ROC-AUC is particularly useful for evaluating models under class imbalance and

for comparing multiple classifiers as it accounts for all possible classification thresholds.

2.6.6 Confusion Matrix

The Confusion Matrix is a tabular representation of classification performance, providing

a comprehensive view of true positives, true negatives, false positives and false negatives.

For a binary classification problem the confusion matrix is given as
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[
TP FP

FN TN

]
. (9)

The confusion matrix serves as the foundation for computing accuracy, precision, recall and

F1-score. It is particularly useful for diagnosing the type of errors a classifier makes and

for understanding model behavior in multiclass classification tasks by extending the matrix

to multiple rows and columns.

2.7 Hyperparameter Tuning

Hyperparameter tuning is the process of searching for the most effective parameter values

to achieve optimal model performance. In this work, the RandomizedSearchCV method is

used for hyperparameter tuning. The technique is described in the following section.

2.7.1 Randomized Search Cross-Validation

Randomized SearchCross-Validation (RandomizedSearchCV) is an optimization technique

used for hyperparameter tuning in ML models. It is designed to efficiently search through

a predefined hyperparameter space by sampling a fixed number of parameter combina-

tions from specified distributions. Unlike Grid Search which exhaustively evaluates all

possible parameter combinations, Randomized Search explores only a subset, offering a

favorable balance between computational efficiency and model performance (39). Let

Θ = {θ1, θ2, . . . , θn} represent the hyperparameter space, where each θi corresponds to

a particular configuration of model parameters. Instead of evaluating all combinations |Θ|,
Randomized Search selects k random samples θ(1), θ(2), . . . , θ(k) from the parameter distri-

butions

θ(i) ∼ P (Θ), (10)

where P (Θ) denotes the joint probability distribution over all hyperparameters. For each

sampled configuration θ(i), the model is trained and evaluated using cross-validation (CV),

ensuring robustness to overfitting and variance due to random sampling. The cross-validation

process partitions the training data intoK folds and performance is averaged across all folds
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as

Score(θ(i)) =
1

K

K∑
k=1

M(fθ(i) , Dk), (11)

where M represents the chosen evaluation metric (e.g., accuracy, F1-score, ROC-AUC),

fθ(i) is the trained model with parameters θ
(i), andDk denotes the validation fold. After all

iterations the best performing parameter set is selected as

θ∗ = argmax
θ(i)

Score(θ(i)). (12)

2.7.2 Algorithmic Workflow

The RandomizedSearchCV algorithm operates through the following steps.

1. Define the model and specify the hyperparameter distributions.

2. Randomly sample k combinations of hyperparameters from the specified distribu-

tions.

3. For each sampled combination, perform K-fold cross-validation.

4. Compute the average validation performance for each configuration.

5. Select the hyperparameter combination that yields the best cross-validation score.

2.7.3 Advantages and Properties

• Efficiency: Evaluates only a limited number of parameter combinations, making it

more computationally efficient than exhaustive Grid Search.

• Scalability: Well suited for high-dimensional hyperparameter spaces where exhaus-

tive search is infeasible.

• Flexibility: Allows sampling from continuous, discrete or categorical parameter dis-

tributions.

• Global exploration: Avoids bias toward fixed grid points and increases the likelihood

of discovering near-optimal regions of the parameter space.
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• Parallelization: Evaluations of different hyperparameter configurations can be paral-

lelized across multiple cores or GPUs.

2.7.4 Practical Considerations

The performance of Randomized Search depends on the number of iterations (niter) and the

range or distribution of parameters defined by the user. Typically, uniform or log-uniform

distributions are used for continuous parameters, while discrete distributions are used for

categorical parameters. Increasing niter improves the probability of finding a near optimal

solution but increases computation time. When combined with cross validation, Random-

izedSearch provides a robust estimate of model generalization performance. For example,

in scikit-learn, the RandomizedSearchCV() function automates this process, requiring spec-

ification of the model, parameter distributions, number of iterations and cross-validation

folds.

2.7.5 Mathematical Insight

The expected improvement of Randomized Search over Grid Search arises from its proba-

bilistic exploration of the hyperparameter space. As shown by (39), when only a subset of

hyperparameters significantly influences performance random sampling yields an exponen-

tially higher probability of selecting an optimal region compared to uniform grid coverage.

This property makes Randomized Search particularly powerful in complex models such as

neural networks and ensemble methods. RandomizedSearchCV provides a computation-

ally efficient, flexible, and statistically grounded approach for hyperparameter tuning. By

leveraging random sampling and cross-validation, it identifies near optimal parameter con-

figurations without requiring exhaustive search making it a preferred choice for large-scale

or resource constrained ML applications.
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Chapter 3

Results

In this section, test results are presented in the order in which they were obtained using

Juypter notebook and Python. The evaluation includes baseline performance, optimized

performance after hyperparameter tuning using RandomizedSearchCV, the important fea-

ture extraction using XAI analyses and the performance based on the subset of chosen 4

features and 2 features respectively. All classifiers were executed with consistent prepro-

cessing steps to ensure comparability across the male, female and combined datasets.

In the first step, eight classifiers were evaluated using the full dataset of 100,000 instances.

These classifiers were selected to provide a wide variety of model behaviors, ranging from

linear methods to ensemble approaches. For this stage, the dataset was split into training

and testing subsets for the classification. The baseline test results for the male, female, and

combined group are presented in the following tables. In the second step, hyperparameter

tuning was performed using RandomizedSearchCV to identify optimized parameter con-

figurations for each classifier. The hyperparameter tuned results for all three cohorts are

reported sequentially, allowing direct comparison with their corresponding baseline perfor-

mances.

In the third step, SHAP, LIME, and ELI5 explainable AI techniques were applied to inter-

pret the predictions and identify the key features influencing behavior of the model. SHAP

global bar plots, summary plots, and decision plots along with LIME bar plots and ELI5

weight based explanations, provide a comprehensive understanding of feature importance

across the dataset. Finally, based on the most influential features identified through the

explainability analysis, the baseline models were re-evaluated using the top four and top

two features. These results are presented in separate tables to assess the effect of feature
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reduction on classifier performance.

3.1 Baseline Performance

In the first step, eight classifiers were evaluated using the male, female and combined

datasets. These classifiers were chosen to represent a broad range of model types, includ-

ing linear models, tree based learners, ensemble methods, kernel based methods, and neural

networks. For each experiment the dataset was divided into training and testing subsets to

assess the baseline classification performance. The results for the male, female and com-

bined groups are presented in Tables 3.1, 3.2, and 3.3 respectively.

3.1.1 Male Group

For the male group (Table 3.1), GB, RF and AB classifiers achieved the highest accuracy

of 0.964. Among these models GB and RF produced strong precision scores of 0.981 and

0.972 respectively with relatively low false positives (FP = 10 for GB and FP = 15 for RF).

AB reached perfect precision 1.0 but showed lower recall 0.631, indicating that while it

avoided false positives entirely (FP = 0), it misclassified more true cases (FN = 298). The

NN also performed strongly with an accuracy of 0.960 and an AUC of 0.965. LR achieved

an accuracy of 0.951with high precision 0.847 but a lower recall of 0.610 showing thatmany

positive samples remained undetected. The DT classifier had the lowest AUC 0.842 due to

higher variability in false positives (FP = 245). Overall, most classifiers achieved accuracy

between 94% and 96%, with GB performing slightly better across multiple metrics. In

terms of execution time, which is measured in seconds, DT appeared to be the most efficient

model, requiring only 0.07 seconds, whereas SVM appeared to be the most computationally

costly model, taking 24.54 seconds to execute.

3.1.2 Female Group

For the female group (Table 3.2), GB again achieved the highest accuracy at 0.976 followed

by RF and AB 0.975. GB obtained the best AUC score of 0.979 and high precision of 0.986,

with relatively low false positives (FP = 9). AB reached perfect precision 1.0 with no false

positives (FP = 0) but similar to the male group its recall remained moderate at 0.677 (FN =



23

288). The NN performed competitively with an accuracy of 0.973 and a balanced profile of

precision 0.945 and recall 0.691. LR achieved an accuracy of 0.965, performing better than

in the male group, though recall remained moderate 0.624. The SVM and KNN models

showed weaker recall values 0.576 and 0.556, resulting in F1 scores below 0.73. The DT

classifier, despite achieving reasonable recall 0.739, produced the lowest AUC 0.857 due to

higher false positive counts (FP = 270). Overall, most classifiers performed between 96%

and 98% accuracy, with GB showing the strongest balance across metrics. For this group,

LR appeared to be the most efficient model, requiring only 0.03 seconds, whereas SVM

was the most computationally expensive, taking 43.19 seconds.

3.1.3 Combined Group

For the combined dataset (Table 3.3), GB classifier again achieved the highest accuracy

0.973, representing consistent strength across all groups. GB also achieved the highest

precision among the top performers 0.985 and a strong AUC of 0.978, with only 18 false

positives. The RF and AB classifiers both achieved an accuracy of 0.972. RF produced

high precision 0.968 but moderate recall 0.687, while AB again achieved perfect precision

1.0 at the cost of higher false negatives (FN = 554). The NN also performed competitively

with an accuracy of 0.972 and an AUC of 0.976. LR achieved a strong accuracy of 0.961

and high precision 0.870 but showed limited recall 0.633. The DT classifier had the lowest

performance among the group, with an accuracy of 0.951 and the highest number of false

positives (FP = 544). SVM and KNN achieved moderate accuracy 0.964 and 0.958 but

exhibited lower recall 0.588 and 0.581 leading to lower F1 scores. For the combined group,

LR was again the most efficient model, requiring only 0.06 seconds, while SVM was the

most computationally expensive, taking 197.42 seconds.

Across all datasets, GB consistently demonstrated the strongest and most balanced per-

formance, achieving top results in accuracy, precision and AUC. AB repeatedly delivered

perfect precision but lower recall due to a higher number of false negatives. LR remained

stable but performed poorly on recall, while DTs exhibited the lowest AUC and highest vari-

ability in misclassification. These baseline results establish a comprehensive performance

benchmark prior to hyperparameter tuning and explainability analysis.
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3.2 Hyperparameter Tuning

3.2.1 Hyperparameter Tuning Results (RandomizedSearchCV)

In the second step of the analysis, all eight classifiers were fine-tuned using Randomized-

SearchCV with default settings to optimize their hyperparameters for better classification

performance. This step aimed to improve the baseline performance of each model by iden-

tifying parameter configurations that enhance classification accuracy, F1 score, precisioin,

recall and AUCwhile reducing misclassification errors. As in the baseline stage, the results

are reported separately for the Male, Female and Combined groups to capture gender spe-

cific differences in model behavior. (Tables 3.4, 3.5, and 3.6) summarize the performance

metrics obtained after hyperparameter tuning.

3.2.1.1 Male Group

For the male dataset, hyperparameter tuning led to substantial improvements in F1-scores,

precision and recall across almost all classifiers. The RF, GB, AB and DT classifiers

emerged as the top performing models achieving an accuracy of 0.964 and an F1-score

between 0.960 and 0.961. These models also demonstrated strong minority class recogni-

tion, with recalls of 0.964 and high precision ranging from 0.964 and 0.965. Interestingly,

RF achieved the fewest false positives (FP = 2) and a relatively low number of false neg-

atives (FN = 296) indicating a balanced and robust performance. The LR classifier also

improved significantly compared to the baseline, reaching an F1-score of 0.947 and recall

of 0.951, though still behind the ensemble based models. The KNN classifier showed the

weakest performance in the tuned setting, with an accuracy of 0.947 and a drop in perfor-

mance for the minority class (TP = 389) consistent with its limitations when facing high

dimensional tabular data. The SVM and NN classifiers produced competitive results with

NN performing better than SVM in both accuracy 0.963 vs. 0.953 and F1-score 0.959 vs.

0.948. Overall, hyperparamter tuning significantly reduced the performance gap among

classifiers in the Male group. In hyperparameter tuning setting, LR and DT appeared to be

the most efficient models, requiring only 0.01 seconds, whereas KNN appeared to be the

most computationally costly model, taking 2.15 seconds to execute.
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3.2.1.2 Female Group

For the female dataset, hyperparameter tuning produced even more notable improvements.

The RF, GB, AB, DT and NN classifiers all achieved accuracy values between 0.975 and

0.976, with corresponding F1-scores of 0.973 and 0.974, demonstrating consistent and high

performance. The GB classifier achieved one of the best overall performance achieving an

accuracy of 0.976, precision of 0.976, recall of 0.976 and AUC of 0.979. The AB and DT

classifiers performed nearly identically with both achieving near perfect balance between

precision and recall. RF resulted in zero false positives (FP = 0), indicating exceptional sep-

aration between classes in the Female dataset. Compared to the Male group, all classifiers

showed strongerminority class predictive power, partly due to the richer feature separability

observed in Female samples. As in the baseline setting SVM and KNNwere comparatively

weaker, though both still improved significantly after tuning. For female group, again LR

and DT appeared to be the most efficient models, requiring only 0.01 seconds, whereas

KNN again was the most computationally expensive, taking 2.94 seconds.

3.2.1.3 Combined Group

For the combined dataset, hyperparameter tuning improved all classifiers, reducing the gap

in performance and leading to more consistent results. The ensemble based methods again

emerged as the most effective. The RF, GB, AB, DT, and NN models each achieved an ac-

curacy between 0.972 and 0.973 with F1-scores around 0.970. Among these classifiers, AB

achieved the highest accuracy of 0.973, with a precision and recall of 0.973 and a low false-

positive count (FP = 15). Similarly, GB achieved an AUC of 0.979, the highest among all

models. The LR, SVM and KNN classifiers, although improved compared to their baseline

performance, remained behind the ensemble based classifiers. SVM achieved an accuracy

of 0.962 but exhibited a higher number of false negatives (FN = 687), which impacted its

recall. KNN performed the weakest, consistent with earlier observations with an accuracy

of 0.958 and the largest number of false negatives (FN = 802). Overall, hyperparameter

tuning notably strengthened the performance of all classifiers on the combined dataset with

ensemble models showing superior generalization and robustness. For the combined group,

LR and DT was again the most efficient models, requiring only 0.01 seconds, while KNN

was the most computationally expensive, taking 6.11 seconds.
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3.3 Explainable AI Results

In this section, explainability analysis is presented for all eight ML models trained on the

combined dataset using SHAP, LIME and ELI5. These techniques were applied to un-

derstand both the global behavior of the models and the local reasoning behind individual

predictions. To maintain clarity, results are presented in a general form followed by repre-

sentative examples for detailed understanding.

3.3.1 SHAP Global Feature Importance (Bar Plots)

SHAP bar plots were generated for all eight models to identify the average contribution of

each feature. These plots rank features based on the mean absolute SHAP values. While

individual models exhibit some variation, several features consistently appear among the

most influential across all classifiers. The complete SHAP bar plots for each model are

presented in Figures 3.1, 3.2, 3.3, 3.4, 3.5, 3.6, 3.7, and 3.8. In these bar plots, the y-axis

lists the input features ranked according to their importance, while the x-axis represents

the mean absolute SHAP value for each feature. The SHAP value measures how much a

feature contributes to the model’s prediction relative to the baseline prediction. By taking

the absolute value and averaging it across all observations, the plot reflects the overall mag-

nitude of each feature’s influence on the model predictions. Therefore, longer bars indicate

features that have a stronger overall impact on the model’s decision-making process across

the dataset. For example, in the GB model, hbA1c_level, age, blood_glucose_level,
and bmi exhibit the highest contributions, demonstrating strong global influence over the

prediction outcomes. It is important to note that SHAP bar plots represent the magnitude

of feature importance only and do not show whether a feature increases or decreases the

predicted probability. The direction of influence is instead illustrated in SHAP summary

(beeswarm) plots.

3.3.2 SHAP Summary (Beeswarm) Plots

SHAP summary plots are used to interpret ML models by quantifying the contribution of

each input feature to the model’s predictions. These plots provide both global interpretabil-

ity, by showing the overall importance of features, and local interpretability, by illustrating

how individual feature values influence predictions for specific observations. In the sum-
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mary plot, the y-axis lists the model input features, ordered by their overall importance

based on the mean absolute SHAP values across the dataset. Features appearing at the top

have a larger overall impact on the model’s predictions, while features closer to the bottom

have comparatively smaller contributions.

The x-axis represents the SHAP value, which measures the contribution of a feature to the

predicted outcome relative to the model’s baseline prediction. A positive SHAP value in-

dicates that the feature increases the predicted probability of the positive class (diabetes),

whereas a negative SHAP value indicates that the feature decreases the predicted proba-

bility and pushes the prediction toward the negative class (non-diabetes). The magnitude

of the SHAP value reflects the strength of the feature’s influence on the prediction. Each

point in the plot represents an individual observation (patient) in the dataset. The horizontal

position of the point shows how strongly that feature affects the prediction for that specific

observation. The color of each point represents the raw feature value, which corresponds

to the original value of the feature in the dataset before any transformation or scaling used

for model training. A color gradient is used to visualize these values, where blue indicates

lower feature values and red indicates higher feature values. This allows the reader to ob-

serve how different ranges of feature values influence the model’s predictions.

Figures 3.9, 3.10, 3.11, 3.12, 3.13, 3.14, 3.15, and 3.16 present the SHAP summary plots

for the eight evaluated models. The results indicate that features such as hbA1c_level and
blood_gulocose_level consistently have the largest SHAP values, demonstrating their

strong influence on diabetes prediction. Higher values of these features tend to shift the

prediction toward the positive class, reflecting their well-established clinical relevance in

diabetes diagnosis. In contrast, features such as race categories or certain smoking history

indicators generally produce SHAP values close to zero, suggesting a relatively smaller or

more variable influence on the predictions. Overall, these plots confirm that the models rely

primarily on clinically meaningful predictors while also highlighting variability in feature

contributions across different observations.

3.3.3 SHAP Decision Plots and Corresponding Tables

SHAP decision plots illustrate how feature contributions accumulate to produce a specific

prediction. For each model, representative samples were selected and both the decision

plot and a corresponding table listing individual feature contributions are provided Fig-

ures 3.17, 3.18, 3.19, 3.20, 3.21, 3.22, 3.23, and 3.24, and Tables 3.7, 3.8, 3.9, 3.10, 3.11,
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3.12, 3.13, and 3.14. Each table shows raw SHAP values for individual features, represent-

ing their positive or negative contribution to the predicted outcome relative to the model’s

base value. For instance, in the GB model one sample’s prediction is primarily driven by

hbA1c_level (+8.950), followed by age (+0.213), while blood_glucose_level (-0.573)
slightly reduces the prediction score. These tables and plots allow precise interpretation of

local decision making, showing how the model transitions from the base value to the final

output through cumulative feature contributions.

3.3.4 LIME Local Explanations

LIME was applied to approximate the behavior of each trained model around selected in-

stances. LIME explains individual predictions by constructing a local surrogate model that

approximates the complex model in the neighborhood of a specific observation. This al-

lows the identification of which features contribute most to the prediction for that particular

instance. The resulting LIME explanation plots are presented as bar charts. In these plots,

the y-axis lists the input features that most strongly influence the prediction for the selected

instance, while the x-axis represents the contribution weight assigned by LIME to each

feature. These contribution values indicate how strongly each feature affects the model’s

prediction for that specific observation. In addition, the feature conditions displayed on

the y-axis (e.g., hbA1c_level ≤ −0.68 or −0.93 < blood_glucose_level ≤ 0.05)

correspond to discretized intervals of the feature values used by LIME to locally approx-

imate the model. Because the dataset features were standardized prior to model training,

these threshold values are expressed as standardized values (z-scores), which indicate how

many standard deviations a feature value is above or below the dataset mean rather than

representing the raw measurement units. Consequently, negative threshold values simply

indicate that the feature value is below the dataset mean, while positive values indicate that

it is above the mean.

Since the presented plots explain class 1 (diabetes), positive contribution values indicate

features that support the prediction of diabetes, while negative contribution values repre-

sent features that oppose the prediction and push the model toward the non-diabetes class.

Therefore, the positive and negative values on the x-axis correspond to the weights learned

by the local surrogate model, indicating the direction and strength of each feature’s con-

tribution to the predicted probability. It is important to note that the sign of the feature

threshold (i.e., whether the z-score is positive or negative) is independent of the direction



29

of the contribution shown in the bar chart. A feature may have a negative standardized value

(below the dataset mean) but still contribute positively to the prediction if the local surro-

gate model determines that such a value increases the probability of the predicted class. The

length of each bar reflects the magnitude of the contribution, where longer bars indicate a

stronger influence on the prediction. Figures 3.25, 3.26, 3.27, 3.28, 3.29, 3.30, 3.31, and

3.32 present the LIME explanations for the eight models. For example, in LR prediction

instance, LIME indicates that features such as hbA1c_level and blood_glucose_level
strongly oppose the prediction of diabetes, while features such as smoking_history_No
current slightly support the prediction. These explanations illustrate how different feature

values influence the model’s decision at the individual prediction level.

3.3.5 ELI5 Feature Weights and Explanations

In this study, ELI5 was applied using permutation importance, which estimates the contri-

bution of each feature by measuring the decrease in model performance when the feature

values are randomly shuffled. The resulting ELI5 outputs present feature importance rank-

ings in a tabular format, where each row corresponds to an input feature and its associated

importance weight. These weights indicate how much the model’s predictive performance

decreases when a given feature is permuted, thereby reflecting its relative contribution to

the model’s predictions.

Higher importance values indicate that the feature plays a greater role in themodel’s decision-

making process, while values close to zero suggest that the feature has little influence on

the predictions. Small negative values may occasionally appear due to random variation

during the permutation process and generally indicate negligible importance. Figures 3.33,

3.34, 3.35, 3.36, 3.37, 3.38, 3.39, and 3.40 present the feature importance rankings for all

evaluated models. These results complement the SHAP and LIME analyses by highlight-

ing which features consistently influence predictions across different models. In particular,

clinically relevant variables such as hbA1c_level, blood_glucose_level, BMI and age
are consistently identified as strong predictors of diabetes risk.
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3.3.6 Consolidated Feature ImportanceAcrossAll ExplainabilityMeth-

ods

By integrating SHAP bar plots, SHAP summary plots, SHAP decision tables, LIME expla-

nations and ELI5 weights, a consolidated list of the most influential features was created.

Features consistently appearing among the top contributors across multiple models and ex-

plainability techniques were selected. Based on this analysis, two reduced feature sets were

extracted.

1. Top four most important features

2. Top two most important features

Baseline classifiers were retrained using these reduced feature subsets. The performance

results for the four feature subset and two feature subset are given in Table 3.15 and Ta-

ble 3.16 respectively. This consolidated approach ensures that feature selection is both data

driven and interpretable across models.

3.4 Results for Selected Feature Subsets

Based on the consolidated feature importance analysis from SHAP, LIME, and ELI5, two

reduced feature sets were selected for retraining and evaluation of the baseline classifiers.

• Four features: HbA1c, Blood Glucose, Age, BMI

• Two features: HbA1c, Blood Glucose

3.4.1 Results Using Four Selected Features

Table 3.15 summarizes the performance metrics of all eight MLmodels trained on the com-

bined dataset using the four feature subset. Metrics include Accuracy, F1-score, Precision,

Recall, AUC and CM. The results indicate that models maintain high predictive perfor-

mance even with a reduced feature set. The GB and AB models achieve the highest ac-

curacy of 0.972 and AUC of 0.976 and 0.970, respectively, demonstrating that these four

features capture most of the relevant predictive information. With reduced set of features,
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four features in this case, LR appeared to be most cost effective model with 0.03 seconds

execution time, while SVM appeared to be the most expensive model with 109.15 execution

time.

3.4.2 Results Using Two Selected Features

Table 3.16 shows the performance of the same models when trained with only the top two

features: HbA1c and Blood Glucose.

Even with only two features most models retain strong predictive performance, particularly

ensemble methods (RF, GB, AB), indicating that HbA1c and Blood Glucose are highly

informative and can be sufficient for efficient predictions with minimal feature inputs. A

comprehensive performance comparison, which compares AUC across baseline, hyperpa-

rameter tuning, four features and two features is shown in Table 3.17. The highest AUC

of 0.979 across all techniques was achieved by the GB model with hyperparameter tuning,

whereas the DT model showed the lowest performance, with an AUC of 0.856 in both the

baseline and the 4-feature subsets. With a limited number of features (2 features in this

case), the GB model achieved the highest AUC of 0.943, while KNN obtained the low-

est AUC of 0.869. This highlights that even with fewer features, competitive performance

can be maintained. With the subset of two-features, DT appeared to be most cost effective

model with 0.03 seconds execution time, while SVM once again appeared to be the most

expensive model with 151.87 execution time.

Reducing the feature set to themost influential features identified via XAI techniques allows

for more interpretable models and potentially faster computation without significant loss of

predictive power. The results confirm that a small subset of features can adequately capture

the risk patterns in the combined dataset with GB, AB and RF consistently performing the

best across both feature sets.
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Model Accuracy F1 Precision Recall ET (s) AUC CM

LR 0.951 0.709 0.847 0.61 0.12 0.958
(7389, 89)

(315, 493)

RF 0.964 0.777 0.972 0.647 1.45 0.962
(7463, 15)

(285, 523)

GB 0.964 0.775 0.981 0.64 1.98 0.976
(7468, 10)

(291, 517)

AB 0.964 0.774 1.000 0.631 0.47 0.970
(7478, 0)

(298, 510)

DT 0.943 0.710 0.703 0.717 0.07 0.842
(7233, 245)

(229, 579)

SVM 0.954 0.697 0.959 0.547 24.54 0.876
(7459, 19)

(366, 442)

KNN 0.944 0.647 0.843 0.525 2.08 0.875
(7399, 79)

(384, 424)

NN 0.960 0.754 0.941 0.629 1.75 0.965
(7446, 32)

(300, 508)

Table 3.1: Baseline classification performance for male group using ML models across

different metrics; Accuracy, Precision, Recall, F1 score, AUC and CM. Execution time for

each model (in seconds) is provided in the ET (s) column.
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Model Accuracy F1 Precision Recall ET (s) AUC CM

LR 0.965 0.730 0.880 0.624 0.03 0.963
(10743, 76)

(335, 557)

RF 0.975 0.809 0.978 0.689 1.94 0.960
(10805, 14)

(277, 615)

GB 0.976 0.814 0.986 0.693 2.60 0.979
(10810, 9)

(274, 618)

AB 0.975 0.807 1.000 0.677 0.65 0.973
(10819, 0)

(288, 604)

DT 0.957 0.724 0.709 0.739 0.10 0.857
(10549, 270)

(233, 659)

SVM 0.967 0.724 0.973 0.576 43.19 0.876
(10805, 14)

(378, 514)

KNN 0.961 0.687 0.897 0.556 2.64 0.887
(10762, 57)

(396, 496)

NN 0.973 0.798 0.945 0.691 2.47 0.976
(10783, 36)

(276, 616)

Table 3.2: Baseline classification performance for female group using ML models across

different metrics; Accuracy, Precision, Recall, F1 score, AUC and CM. Execution time for

each model (in seconds) is provided in the ET (s) column.
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Model Accuracy F1 Precision Recall ET (s) AUC CM

LR 0.961 0.733 0.870 0.633 0.06 0.961
(18139, 161)

(624, 1076)

RF 0.972 0.804 0.968 0.687 3.46 0.960
(18262, 38)

(532, 1168)

GB 0.973 0.810 0.985 0.688 4.43 0.978
(18282, 18)

(531, 1169)

AB 0.972 0.805 1.000 0.674 1.18 0.971
(18300, 0)

(554, 1146)

DT 0.951 0.719 0.698 0.741 0.17 0.856
(17756, 544)

(440, 1260)

SVM 0.964 0.733 0.971 0.588 197.42 0.892
(18270, 30)

(700, 1000)

KNN 0.958 0.702 0.888 0.581 4.90 0.896
(18175, 125)

(712, 988)

NN 0.972 0.805 0.984 0.681 4.40 0.976
(18281, 19)

(543, 1157)

Table 3.3: Baseline classification performance for combined group usingMLmodels across

different metrics; Accuracy, Precision, Recall, F1 score, AUC and CM. Execution time for

each model (in seconds) is provided in the ET(s) column.
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Figure 3.1: Mean absolute SHAP value bar plot showing the global feature importance

using the LR model.
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Figure 3.2: Mean absolute SHAP value bar plot showing the global feature importance

using the RF model.
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Figure 3.3: Mean absolute SHAP value bar plot showing the global feature importance

using the GB model.
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Figure 3.4: Mean absolute SHAP value bar plot showing the global feature importance

using the AB model.
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Figure 3.5: Mean absolute SHAP value bar plot showing the global feature importance

using the DT model.
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Figure 3.6: Mean absolute SHAP value bar plot showing the global feature importance

using the SVM model.
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Figure 3.7: Mean absolute SHAP value bar plot showing the global feature importance

using the KNN model.
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Figure 3.8: Mean absolute SHAP value bar plot showing the global feature importance

using the NN model.
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Figure 3.9: SHAP summary plot showing the feature impact on the LR model predictions.
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Figure 3.10: SHAP summary plot showing the feature impact on the RF model predictions.
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Figure 3.11: SHAP summary plot showing the feature impact on the GBmodel predictions.
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Figure 3.12: SHAP summary plot showing the feature impact on the ABmodel predictions.
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Figure 3.13: SHAP summary plot showing the feature impact on the DT model predictions.
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Figure 3.14: SHAP summary plot showing the feature impact on the SVM model predic-

tions.
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Figure 3.15: SHAP summary plot showing the feature impact on the KNN model predic-

tions.
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Figure 3.16: SHAP summary plot showing the feature impact on the NNmodel predictions.
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Figure 3.17: SHAP decision plot illustrating the cumulative contribution of individual fea-

tures to the model output for selected samples using the LR model.
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Figure 3.18: SHAP decision plot illustrating the cumulative contribution of individual fea-

tures to the model output for selected samples using the RF model.
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Figure 3.19: SHAP decision plot illustrating the cumulative contribution of individual fea-

tures to the model output for selected samples using the GB model.
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Figure 3.20: SHAP decision plot illustrating the cumulative contribution of individual fea-

tures to the model output for selected samples using the AB model.
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Figure 3.21: SHAP decision plot illustrating the cumulative contribution of individual fea-

tures to the model output for selected samples using the DT model.
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Figure 3.22: SHAP decision plot illustrating the cumulative contribution of individual fea-

tures to the model output for selected samples using the SVM model.
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Figure 3.23: SHAP decision plot illustrating the cumulative contribution of individual fea-

tures to the model output for selected samples using the KNN model.
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Figure 3.24: SHAP decision plot illustrating the cumulative contribution of individual fea-

tures to the model output for selected samples using the NN model.
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Figure 3.25: LIME plot for LR classifier: Local explanation illustrates how individual fea-

tures contributed to the model’s predicted probability.

Figure 3.26: LIME plot for RF classifier: Local explanation illustrates how individual fea-

tures contributed to the model’s predicted probability.
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Figure 3.27: LIME plot for GB classifier: Local explanation illustrates how individual

features contributed to the model’s predicted probability.

Figure 3.28: LIME plot for AB classifier: Local explanation illustrates how individual

features contributed to the model’s predicted probability.
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Figure 3.29: LIME plot for DT classifier: Local explanation illustrates how individual

features contributed to the model’s predicted probability.

Figure 3.30: LIME plot for SVM classifier: Local explanation illustrates how individual

features contributed to the model’s predicted probability.
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Figure 3.31: LIME plot for KNN classifier: Local explanation illustrates how individual

features contributed to the model’s predicted probability.

Figure 3.32: LIME plot for NN classifier: Local explanation illustrates how individual

features contributed to the model’s predicted probability.
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Figure 3.33: Permutation importance of

features for the LR model as computed by

ELI5.

Figure 3.34: Permutation importance of

features for the RF model as computed by

ELI5.
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Model Accuracy F1 Precision Recall ET (s) AUC CM

LR 0.951 0.947 0.948 0.951 0.01 0.958
(7404, 74)

(330, 478)

RF 0.964 0.960 0.965 0.964 0.20 0.968
(7476, 2)

(296, 512)

GB 0.964 0.960 0.964 0.964 0.02 0.976
(7466, 12)

(288, 520)

AB 0.964 0.961 0.965 0.964 0.12 0.975
(7471, 7)

(289, 519)

DT 0.964 0.961 0.964 0.964 0.01 0.970
(7461, 17)

(282, 526)

SVM 0.953 0.948 0.951 0.953 0.78 0.956
(7427, 51)

(342, 466)

KNN 0.947 0.939 0.948 0.947 2.15 0.937
(7461, 17)

(419, 389)

NN 0.963 0.959 0.963 0.963 0.04 0.973
(7466, 12)

(295, 513)

Table 3.4: Optimized performance after hyperparameter tuning using Randomized-

SearchCV for male group using ML models across different evaluation metrics; Accuracy,

Precision, Recall, F1 score, AUC and CM. Execution time for each model (in seconds) is

provided in the ET (s) column.



65

Model Accuracy F1 Precision Recall ET (s) AUC CM

LR 0.965 0.962 0.964 0.965 0.01 0.963
(10760, 59)

(348, 544)

RF 0.975 0.973 0.976 0.975 0.09 0.971
(10819, 0)

(287, 605)

GB 0.976 0.974 0.976 0.976 0.04 0.979
(10805, 14)

(271, 621)

AB 0.976 0.974 0.976 0.976 0.16 0.978
(10812, 7)

(279, 613)

DT 0.975 0.973 0.976 0.975 0.01 0.973
(10811, 8)

(281, 611)

SVM 0.966 0.962 0.965 0.966 1.28 0.961
(10789, 30)

(374, 518)

KNN 0.961 0.955 0.962 0.961 2.94 0.939
(10806, 13)

(441, 451)

NN 0.975 0.973 0.975 0.975 0.04 0.976
(10801, 18)

(278, 614)

Table 3.5: Optimized performance after hyperparameter tuning using Randomized-

SearchCV for female group using ML models across different evaluation metrics; Accu-

racy, Precision, Recall, F1 score, AUC and CM. Execution time for eachmodel (in seconds)

is provided in the ET (s) column.
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Model Accuracy F1 Precision Recall ET (s) AUC CM

LR 0.961 0.958 0.959 0.961 0.01 0.962
(18152, 148)

(636, 1064)

RF 0.972 0.970 0.973 0.972 0.52 0.972
(18295, 5)

(547, 1153)

GB 0.972 0.970 0.973 0.972 0.19 0.979
(18279, 21)

(530, 1170)

AB 0.973 0.970 0.973 0.973 0.25 0.977
(18285, 15)

(535, 1165)

DT 0.972 0.970 0.972 0.972 0.01 0.972
(18277, 23)

(535, 1165)

SVM 0.962 0.958 0.960 0.962 4.25 0.960
(18217, 83)

(687, 1013)

KNN 0.958 0.953 0.959 0.958 6.11 0.938
(18270, 30)

(802, 898)

NN 0.972 0.969 0.972 0.972 0.03 0.976
(18278, 22)

(548, 1152)

Table 3.6: Optimized performance after hyperparameter tuning using Randomized-

SearchCV for combined group usingMLmodels across different evaluation metrics; Accu-

racy, Precision, Recall, F1 score, AUC and CM. Execution time for eachmodel (in seconds)

is provided in the ET (s) column.
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Feature Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

year -0.005 -0.005 -0.005 -0.005 0.019

age -1.604 -0.600 -1.298 1.496 0.186

race:AfricanAmerican -0.010 -0.010 0.047 0.047 -0.010

race:Asian 0.011 -0.003 -0.003 -0.003 -0.003

race:Caucasian 0.008 -0.023 0.008 0.008 0.008

race:Hispanic -0.003 -0.003 -0.003 -0.003 -0.003

race:Other 0.011 0.011 0.011 0.011 -0.047

hypertension -0.057 -0.057 -0.057 -0.057 -0.057

heart_disease -0.032 -0.032 -0.032 0.758 -0.032

bmi 0.009 -0.306 0.442 0.209 0.444

hbA1c_level 1.249 2.107 1.035 -3.465 2.107

blood_glucose_level 0.648 -1.101 -1.737 -1.737 0.171

smoking_history_No Info -0.249 0.212 -0.249 -0.249 -0.249

smoking_history_current -0.012 -0.012 -0.012 -0.012 -0.012

smoking_history_ever -0.008 -0.008 -0.008 -0.008 -0.008

smoking_history_former -0.006 -0.006 -0.006 -0.006 -0.006

smoking_history_never -0.003 -0.003 -0.003 -0.003 -0.003

smoking_history_not current -0.004 -0.004 -0.004 -0.004 -0.004

Table 3.7: SHAP feature contributions (importance scores) for five LR decision plot sam-

ples.
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Feature Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

year 0.000 -0.000 0.000 -0.000 0.000

age 0.032 0.019 -0.022 -0.027 -0.015

race:AfricanAmerican 0.001 -0.000 -0.001 -0.000 -0.001

race:Asian 0.001 -0.000 0.000 -0.000 0.001

race:Caucasian -0.000 0.002 -0.001 0.001 0.000

race:Hispanic -0.005 -0.000 -0.000 -0.000 -0.000

race:Other 0.001 0.000 -0.001 0.000 0.000

hypertension 0.036 -0.004 -0.004 -0.005 -0.004

heart_disease -0.002 -0.002 -0.002 -0.003 -0.003

bmi -0.002 -0.011 -0.010 -0.008 0.026

hbA1c_level 0.783 -0.069 -0.016 -0.017 -0.021

blood_glucose_level 0.011 -0.015 -0.012 -0.012 -0.063

smoking_history_No Info 0.004 0.003 -0.006 -0.009 0.002

smoking_history_current -0.000 -0.000 -0.000 -0.000 -0.000

smoking_history_ever -0.000 -0.000 -0.000 -0.001 -0.000

smoking_history_former 0.005 -0.001 -0.001 -0.001 0.002

smoking_history_never 0.000 0.000 0.000 0.000 0.000

smoking_history_not current 0.003 0.000 -0.000 0.000 -0.001

Table 3.8: SHAP feature contributions (importance scores) for five RF decision plot sam-

ples.
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Feature Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

year -0.006 -0.001 0.001 -0.001 -0.004

age 0.213 0.064 -0.196 0.143 -0.016

race:AfricanAmerican 0.000 -0.004 0.004 0.008 0.002

race:Asian -0.001 -0.003 0.001 -0.000 -0.000

race:Caucasian -0.005 -0.001 0.002 -0.001 0.000

race:Hispanic -0.003 -0.012 -0.000 -0.000 0.028

race:Other 0.003 -0.009 -0.004 0.005 -0.014

hypertension 0.306 -0.010 -0.025 -0.049 -0.005

heart_disease -0.010 -0.008 -0.017 -0.025 0.486

bmi 0.057 0.075 0.012 -0.090 -0.063

hbA1c_level 8.950 -3.176 0.236 0.860 -1.750

blood_glucose_level 0.573 0.244 -1.879 0.634 -1.122

smoking_history_No Info 0.019 -0.013 0.006 0.123 -0.048

smoking_history_current -0.006 -0.005 -0.001 -0.003 0.066

smoking_history_ever -0.008 -0.004 -0.004 -0.007 -0.004

smoking_history_former 0.032 -0.004 -0.002 -0.004 -0.002

smoking_history_never 0.001 0.000 0.001 0.001 -0.001

smoking_history_not current -0.008 0.000 0.000 0.002 0.002

Table 3.9: SHAP feature contributions (importance scores) for five GB decision plot sam-

ples.
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Feature Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

year 0.000 0.000 0.000 0.000 0.000

age -0.016 -0.009 -0.011 0.014 0.014

race:AfricanAmerican 0.000 0.000 0.000 0.000 0.000

race:Asian 0.000 0.000 -0.000 0.000 0.000

race:Caucasian 0.000 0.000 0.000 0.000 0.000

race:Hispanic 0.000 0.000 0.000 0.000 0.000

race:Other 0.000 0.000 0.000 0.000 0.000

hypertension -0.001 -0.001 -0.001 -0.001 -0.001

heart_disease -0.000 -0.000 -0.000 -0.000 -0.000

bmi -0.005 -0.004 -0.004 -0.005 0.013

hbA1c_level 0.032 -0.105 0.028 0.032 0.034

blood_glucose_level 0.028 -0.097 -0.110 0.003 0.031

smoking_history_No Info 0.003 0.003 -0.003 -0.003 0.003

smoking_history_current 0.000 0.000 0.000 0.000 0.000

smoking_history_ever 0.000 0.000 0.000 0.000 0.000

smoking_history_former 0.000 0.000 0.000 0.000 0.000

smoking_history_never 0.000 0.000 0.000 0.000 0.000

smoking_history_not current 0.000 0.000 -0.000 0.000 0.000

Table 3.10: SHAP feature contributions (importance scores) for five AB decision plot sam-

ples.
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Feature Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

year -0.000 0.000 -0.000 -0.000 -0.000

age 0.064 -0.010 -0.028 -0.002 -0.028

race:AfricanAmerican 0.000 0.000 0.000 0.000 0.000

race:Asian 0.000 0.000 0.000 0.000 0.000

race:Caucasian 0.000 0.000 0.000 0.000 0.000

race:Hispanic 0.000 0.000 0.000 0.000 0.000

race:Other 0.000 0.000 0.000 0.000 0.000

hypertension -0.003 -0.001 -0.002 -0.001 -0.002

heart_disease -0.004 -0.001 -0.001 -0.001 -0.001

bmi -0.028 -0.003 -0.008 -0.005 -0.006

hbA1c_level -0.003 -0.031 -0.029 -0.062 -0.027

blood_glucose_level 0.007 -0.040 -0.012 -0.014 -0.012

smoking_history_No Info 0.010 0.000 -0.003 0.001 0.001

smoking_history_current 0.000 0.000 0.000 0.000 0.000

smoking_history_ever 0.000 0.000 0.000 0.000 0.000

smoking_history_former 0.000 -0.000 -0.000 -0.000 -0.000

smoking_history_never 0.000 0.000 0.000 0.000 0.000

smoking_history_not current 0.000 0.000 -0.000 0.000 0.000

Table 3.11: SHAP feature contributions (importance scores) for five DT decision plot sam-

ples.
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Feature Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

year -0.003 -0.003 -0.003 0.017 -0.003

age 0.207 0.596 0.089 0.342 -0.148

race:AfricanAmerican -0.003 -0.003 0.015 -0.003 0.015

race:Asian -0.003 -0.003 -0.003 -0.003 -0.003

race:Caucasian 0.006 -0.018 0.006 0.006 0.006

race:Hispanic 0.005 -0.001 -0.001 0.005 -0.001

race:Other 0.003 0.003 0.003 0.003 0.003

hypertension 0.342 -0.030 -0.030 -0.030 -0.030

heart_disease -0.018 -0.018 -0.018 0.420 -0.018

bmi 0.963 0.125 0.004 -0.001 0.670

hbA1c_level 1.196 1.074 0.466 -2.575 0.709

blood_glucose_level 0.452 0.416 0.434 -0.617 -0.154

smoking_history_No Info -0.114 0.097 0.097 0.097 0.097

smoking_history_current -0.006 -0.006 -0.006 0.077 -0.006

smoking_history_ever -0.004 -0.004 -0.004 -0.004 -0.004

smoking_history_former -0.003 -0.003 -0.003 -0.003 -0.003

smoking_history_never -0.001 -0.001 -0.001 -0.001 -0.001

smoking_history_not current -0.002 -0.002 -0.002 -0.002 -0.002

Table 3.12: SHAP feature contributions (importance scores) for five SVM decision plot

samples.
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Feature Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

year -0.001 0.007 -0.001 -0.000 0.000

age -0.011 0.018 -0.022 -0.011 -0.019

race:AfricanAmerican -0.001 0.003 -0.002 -0.000 -0.000

race:Asian 0.000 0.001 -0.000 0.000 0.000

race:Caucasian -0.001 -0.001 -0.002 -0.001 -0.002

race:Hispanic -0.001 -0.001 -0.001 -0.001 -0.001

race:Other -0.000 0.001 0.001 0.000 0.001

hypertension -0.013 -0.012 -0.012 -0.007 -0.011

heart_disease -0.001 -0.001 -0.002 0.000 -0.001

bmi -0.018 -0.016 -0.012 -0.009 -0.017

hbA1c_level 0.003 0.003 0.003 -0.021 0.001

blood_glucose_level -0.002 -0.061 -0.000 -0.001 0.002

smoking_history_No Info -0.006 0.003 -0.005 -0.003 -0.005

smoking_history_current -0.001 -0.001 -0.000 -0.000 -0.000

smoking_history_ever -0.000 0.000 -0.000 -0.000 -0.001

smoking_history_former -0.001 -0.000 -0.001 -0.000 -0.000

smoking_history_never -0.000 -0.000 0.000 -0.000 0.000

smoking_history_not current 0.000 0.001 -0.000 0.000 -0.001

Table 3.13: SHAP feature contributions (importance scores) for five KNN decision plot

samples.
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Feature Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

year 0.002 0.000 -0.000 -0.006 -0.001

age -0.034 0.005 -0.006 -0.002 0.009

race:AfricanAmerican 0.002 -0.003 0.001 0.003 0.001

race:Asian 0.001 0.000 0.001 -0.005 0.001

race:Caucasian 0.001 0.001 0.001 -0.002 -0.004

race:Hispanic -0.001 0.000 0.000 0.000 -0.001

race:Other 0.003 0.002 -0.003 -0.012 0.001

hypertension -0.010 -0.006 -0.007 -0.019 -0.005

heart_disease 0.000 0.001 0.000 0.002 0.001

bmi -0.017 -0.004 -0.004 0.004 -0.007

hbA1c_level -0.019 -0.050 -0.012 0.050 -0.097

blood_glucose_level -0.014 -0.055 -0.063 0.004 -0.005

smoking_history_No Info -0.037 0.013 -0.027 -0.170 0.021

smoking_history_current 0.003 0.003 0.003 0.008 -0.038

smoking_history_ever 0.004 -0.020 0.004 0.011 0.003

smoking_history_former 0.003 0.003 0.003 0.007 0.002

smoking_history_never 0.003 0.003 0.003 0.008 0.003

smoking_history_not current 0.002 0.001 0.001 0.004 -0.001

Table 3.14: SHAP feature contributions (importance scores) for five NN decision plot sam-

ples.
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Figure 3.35: Permutation importance of

features for the GB model as computed by

ELI5.

Figure 3.36: Permutation importance of

features for the AB model as computed by

ELI5.
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Figure 3.37: Permutation importance of

features for the DT model as computed by

ELI5.

Figure 3.38: Permutation importance of

features for the SVMmodel as computed by

ELI5.
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Figure 3.39: Permutation importance of

features for the KNNmodel as computed by

ELI5.

Figure 3.40: Permutation importance of

features for the NN model as computed by

ELI5.
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Model Accuracy F1 Precision Recall ET(s) AUC CM

LR 0.960 0.726 0.875 0.62 0.03 0.958
(18150, 150)

(646, 1054)

RF 0.968 0.788 0.908 0.696 3.73 0.952
(18180, 120)

(517, 1183)

GB 0.972 0.807 0.998 0.677 3.24 0.976
(18298, 2)

(549, 1151)

AB 0.972 0.805 1.000 0.674 0.82 0.970
(18300, 0)

(554, 1146)

DT 0.955 0.731 0.735 0.727 0.10 0.856
(17855, 445)

(464, 1236)

SVM 0.967 0.764 0.993 0.621 109.15 0.926
(18293, 7)

(644, 1056)

KNN 0.967 0.776 0.910 0.676 0.48 0.906
(18186, 114)

(551, 1149)

NN 0.972 0.804 0.996 0.675 3.97 0.974
(18295, 5)

(553, 1147)

Table 3.15: Predicted classification performance (combined group), using the four selected

features; HbA1c, Blood Glucose, Age and BMI is reported across Accuracy, Precision,

Recall, F1-score, AUC and CM. Model execution time (in seconds) is listed in the ET(s)

column.
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Model Accuracy F1 Precision Recall ET(s) AUC CM

LR 0.956 0.682 0.886 0.554 0.06 0.925
(18179, 121)

(758, 942)

RF 0.972 0.805 1.000 0.674 1.35 0.941
(18300, 0)

(554, 1146)

GB 0.972 0.805 1.000 0.674 1.40 0.943
(18300, 0)

(554, 1146)

AB 0.972 0.805 1.000 0.674 0.56 0.934
(18300, 0)

(554, 1146)

DT 0.972 0.805 1.000 0.674 0.03 0.942
(18300, 0)

(554, 1146)

SVM 0.969 0.773 1.000 0.629 151.87 0.916
(18300, 0)

(630, 1070)

KNN 0.972 0.805 1.000 0.674 0.60 0.869
(18300, 0)

(554, 1146)

NN 0.972 0.805 1.000 0.674 1.85 0.936
(18300, 0)

(554, 1146)

Table 3.16: Predicted classification performance (combined group), using the two selected

features; HbA1c, Blood Glucose is reported across Accuracy, Precision, Recall, F1-score,

AUC and CM. Model execution time (in seconds) is listed in the ET(s) column.

Model Baseline Hyperparameter 4-Feature 2-Feature

LR 0.961 0.962 0.958 0.925

RF 0.960 0.972 0.952 0.941

GB 0.978 0.979 0.976 0.943

AB 0.971 0.977 0.970 0.934

DT 0.856 0.972 0.856 0.942

SVM 0.892 0.960 0.926 0.916

KNN 0.896 0.938 0.906 0.869

NN 0.976 0.976 0.974 0.936

Table 3.17: Comparison of AUC values across baseline, hyperparameter-tuned, four feature

and two feature models.
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Chapter 4

Conclusions

This work explored the prediction of diabetes using ML techniques on a large scale dataset

obtained from Kaggle consists of 100,000 patient records. The study aimed to develop

predictive models that not only achieve high performance but are also interpretable and

clinically relevant. A systematic methodology was employed, integrating multiple model

evaluation, hyperparameter tuning and XAI techniques to address the challenges associated

with black box ML models and chose most influential features.

Initially, eight ML classifiers were trained on the combined dataset using a standard train

test split. Performance metrics; accuracy, F1-score, precision, recall, AUC and CM were

computed to assess model effectiveness. Among these, ensemble based models (GB, RF

and AB) consistently demonstrated superior predictive performance. Neural networks also

achieved competitive results highlighting the potential of non-linear models in diabetes risk

prediction.

In addition, XAI techniques, including SHAP, LIME and ELI5 were employed to gain in-

sights into feature importance and model behavior. These methods enabled both global

interpretability, by identifying the most influential features across the dataset and local in-

terpretability by explaining individual instance level predictions. Across multiple models

and XAI techniques the consistently identified key features were HbA1c, blood glucose,

age and BMI. Using this information, reduced feature subsets were created, comprising the

top four and top two features. Classifiers retrained on these subsets maintained high pre-

dictive performance, demonstrating that simpler models with fewer features can achieve

comparable results while enhancing interpretability.

The findings of this study confirm that integrating XAI with ML models provides a ro-
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bust framework for both accurate and interpretable diabetes prediction. In particular, GB

emerged as the best performing model when evaluated on the full feature set, whereas RF

and NNs provided competitive results with reduced feature subsets. SHAP, LIME and ELI5

analyses demonstrated that HbA1c and blood glucose levels are the most critical predictors

which aligns with clinical knowledge and validates the practical relevance of the models.

Future research can build on this work in several meaningful directions. First, incorporat-

ing additional data modalities such as medical imaging, continuous glucose monitoring or

lifestyle information may enhance predictive accuracy and enable multimodal diabetes risk

assessment. DL architectures, including CNNs and transformer-based models could also

be explored to capture complex patterns and temporal dynamics, especially in longitudi-

nal data. Beyond SHAP, LIME and ELI5, more advanced interpretability methods such as

Integrated Gradients, Anchors or counterfactual explanations may provide complementary

insights and further strengthen model transparency. Prospective validation remains essen-

tial as real-world clinical testing would help assess the robustness and reliability of the

predictive models in practice. Future work may also include developing a clinical decision

support system that integrates model predictions and explainability tools into a user friendly

interface for healthcare providers. Additionally, building population specific models using

diverse demographic datasets could improve generalizability and uncover subgroup depen-

dent predictors. Finally, benchmarking this pipeline against alternative ML workflows,

including AutoML frameworks may reveal opportunities for improved performance, effi-

ciency and interpretability.
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