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Abstract: Diabetes is a chronic metabolic disorder that affects millions of people worldwide, making early
detection crucial for effective management. This study assesses the effectiveness of three machine learning (ML)
models, Logistic Regression (LR), Nawe Bayes (NB), and Decision Tree (DT), in predicting diabetes based on
data from 392 individuals, including their demographic and clinical characteristics. The dataset underwent
preprocessing to maintain data integrity, was standardized for model compatibility, and analyzed through feature
correlation heatmaps, feature importance assessments, and statistical significance tests. The findings revealed that
LR surpassed the other models, with the highest accuracy (78%), precision (73%), and F1-score (65%) for diabetic
cases. NB showed moderate performance with 75% accuracy, while DT demonstrated the lowest accuracy (71%)
due to overfitting. Receiver Operating Characteristic (ROC) analysis revealed strong discriminative power across
all models, although perfect Area Under the Curve (AUC) scores indicate potential overfitting needing further
validation. The study emphasizes the significance of key features like Glucose, Body Mass Index (BMI), and Age,
which showed notable differences between diabetic and non-diabetic individuals. By enabling early detection and
proactive management, these models can contribute to reducing diabetes-related complications, enhancing patient
outcomes, and lessening the burden on healthcare systems. Future research should investigate ensemble learning,
deep learning, and real-time data integration from Internet of Things (I0T) devices to improve predictive accuracy
and scalability.

Keywords: Diabetes prediction; Machine learning models; Logistic Regression; Clinical Decision Support
Systems; Predictive analytics; Classification

1. Introduction

Diabetes is a chronic metabolic disorder impacting millions globally. It is marked by high blood glucose levels
that, if untreated, can result in serious complications like cardiovascular disease (CVD), kidney failure, nerve
damage, and vision problems (Garg, 2021). The rising incidence of diabetes, particularly type 2 diabetes, has
become a major global health issue, increasingly straining healthcare systems. Timely detection and effective
diabetes management are essential for minimizing complications and enhancing the quality of life for those
affected (Al-Shanableh et al., 2024; Kumar et al., 2022). While traditional diagnostic techniques such as Fasting
Blood Sugar (FBS) tests, Oral Glucose Tolerance Tests (OGTT), and Glycated Hemoglobin (HbA1c) tests are
reliable, they often require laboratory settings and can be time-consuming (Samet et al., 2022). This has led to
heightened interest in applying advanced computational methods like machine learning (ML) to create automated,
efficient, and precise predictive models for diabetes diagnosis (Wong et al., 2022).

This study's motivation stems from the need to assess the performance of various ML algorithms in diabetes
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prediction. Among the many ML models, Logistic Regression (LR), Nawe Bayes (NB), and Decision Tree (DT)
classifiers are prominent in medical diagnostics for their interpretability, efficiency, and predictive strength
(Marzouk et al., 2022). LR is a straightforward yet effective statistical model that estimates the likelihood of
diabetes based on various input features. NB is a probabilistic framework that assumes independence among
features and excels with smaller datasets. Conversely, DTs offer a structured, rule-based classification method that
medical professionals can easily interpret. By evaluating these models based on accuracy, precision, recall, and
computational efficiency, this study seeks to identify the best algorithm for diabetes prediction (Ebrahim &
Derbew, 2023; Iparraguirre-Villanueva et al., 2023).

ML has transformed the healthcare sector by facilitating data-driven decisions, enhancing predictive analytics,
and automating disease diagnoses (Kaur et al., 2023; Kiran et al., 2024). The surge in digital healthcare data, like
Electronic Health Records (EHRs), wearable sensor data, and genomic information, presents a significant
opportunity to utilize ML techniques that improve patient outcomes (Alenezi et al., 2023). Through the analysis
of extensive datasets, ML algorithms can uncover hidden patterns and deliver precise predictions that aid
healthcare professionals in diagnosing conditions, customizing treatments, and streamlining medical operations
(Singh et al., 2022).

One key benefit of ML in healthcare is its capacity to handle immense volumes of complex and high-
dimensional data that traditional statistical techniques often struggle with (Kumar et al., 2021). Various medical
applications extensively employ ML methods, including early disease detection, medical image evaluation, drug
development, and patient risk assessment. Common supervised learning models for classification tasks are LR,
DTs, Support Vector Machines (SVMs), and Neural Networks (Samet et al., 2022). These are effective in
diagnosing conditions such as diabetes, cancer, and CVDs. Meanwhile, unsupervised learning techniques like
clustering and anomaly detection help identify disease patterns, facilitate patient stratification, and detect
fraudulent activity in medical billing (Jader et al., 2022).

Deep learning, a branch of ML, has significantly expanded the potential of healthcare analytics by allowing
feature extraction from unstructured data sources, including medical images, text reports, and genomic data (Reddy
et al., 2020; Singh et al., 2022). Convolutional Neural Networks (CNNs) excel in medical imaging tasks,
particularly tumor detection (Mridul et al., 2024). At the same time, Recurrent Neural Networks (RNNs) (Mridul
et al., 2024) and Transformers serve in Natural Language Processing (NLP) applications, analyzing clinical notes
and medical publications (Chowdhury et al., 2021).

However, despite its promising applications, ML in healthcare confronts several challenges, including concerns
about data privacy, the interpretability of complex models, biases in training datasets, and regulatory
considerations (Pati et al., 2023). Still, advancements in ML methodologies and increasing collaborations between
healthcare professionals and data scientists have led to significant progress in creating robust predictive models
for disease diagnosis and effective patient management (Mavrogiorgou et al., 2022; Ratta & Sharma, 2024).

Over the last five years, extensive research has been conducted into diabetes prediction using ML models, with
various studies assessing different algorithms to enhance diagnostic accuracy. Many researchers have concentrated
on creating predictive models utilizing publicly accessible datasets, including the Pima Indians Diabetes Dataset
(PIDD) from the UCI ML Repository, which features diagnostic data collected from female patients of Pima Indian
descent. Numerous studies have analyzed various ML classifiers for diabetes prediction.

Shen et al. (2020) aimed to develop an Al-based mobile application for diagnosing Gestational Diabetes Mellitus
(GDM), particularly in resource-limited settings. The authors trained nine ML algorithms, including SVM,
Random Forest (RF), AdaBoost, k-Nearest Neighbors (KNN), NB, DT, LR, XGBoost, and Gradient Boosting
Decision Tree (GBDT). Among these, SVM achieved the highest Area Under the Receiver Operating
Characteristic Curve (AUROC) of 0.780 and maintained 100% specificity, with an accuracy of 88.7% on the
external validation dataset. The study concluded that SVM effectively diagnosed GDM using minimal features
age and fasting blood glucose making it suitable for low-resource environments. Choubey et al. (2020) proposed
an efficient diagnostic tool for early diabetes detection using feature reduction techniques. The study applied LR,
kNN, ID3 DT, C4.5 DT, and NB, both with and without feature reduction through Principal Component Analysis
(PCA) and Particle Swarm Optimization (PSO). Feature reduction significantly enhanced model accuracy and
reduced computation time, demonstrating the potential of this approach for real-time healthcare applications. Misra
& Yadav (2020) focused on improving type 2 diabetes prediction using Recursive Feature Elimination with Cross-
Validation (RFECV). The study compared the performance of LR, Artificial Neural Networks (ANNSs), NB, SVM,
and DT, with LR achieving the highest accuracy of 84%. The authors concluded that feature selection improved
prediction accuracy while mitigating overfitting, highlighting the importance of selecting relevant features.
Maniruzzaman et al. (2020) combined LR-based feature selection with ensemble classifiers such as NB, DT,
AdaBoost, and RF. The dataset, derived from the National Health and Nutrition Examination Survey, was
partitioned using protocols K2, K5, and K10. The combination of LR for feature selection and RF for classification
yielded an accuracy of 94.25% and an Area Under the Curve (AUC) of 0.95, demonstrating the effectiveness of
this hybrid approach. Ahmed et al. (2021) evaluated the performance of DT, NB, kNN, RF, Gradient Boosting
(GB), LR, and SVM on multiple datasets after applying preprocessing techniques such as label encoding and
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normalization. RF achieved the highest accuracy, with improvements ranging from 2.71% to 13.13%, depending
on the dataset and algorithm used. The study highlighted the importance of data preprocessing and feature selection
in enhancing model performance. Kumar et al. (2021) proposed an ensemble model that combined NB, RF, and
LR (NB-RF-LR-SEMod). The ensemble model achieved an accuracy of 88.3%, outperforming individual
classifiers. The authors emphasized that ensemble models, which leverage the strengths of multiple algorithms,
were more effective in predicting diabetes than single classifiers.

Rajput et al. (2022) developed a predictive model to assist rural populations in India by comparing the
performance of LR, SVM, RF, DT, NB, and kNN. SVM achieved the highest accuracy of 96%, making it the
preferred algorithm for early diabetes detection in rural areas. The model facilitated improved communication
between patients and healthcare providers, enhancing early diagnosis and intervention. Kumar et al. (2022)
addressed the class imbalance challenge in clinical datasets by applying data-balancing techniques such as
SMOTEEN, SMOTE, ADASYN, and SVM-SMOTE. The study evaluated the performance of DT, kNN, LR,
ANN, SVM, and Gaussian NB on five clinical datasets, including the PIDD. The SMOTEEN technique
consistently improved accuracy, precision, and recall across all classifiers and datasets, demonstrating its
effectiveness in mitigating class imbalance. Lu et al. (2022) introduced a novel approach that combined patient
networks with ML models to predict the risk of Type Il Diabetes Mellitus (T2DM). The dataset included 1,028
T2DM patients and 1,028 non-T2DM patients. RF achieved the highest AUC of 0.91, with patient network features
such as eigenvector centrality and closeness centrality significantly improving prediction accuracy. The study
concluded that integrating patient networks with ML models provided valuable insights into disease progression
and risk factors. Mushtaq et al. (2022) applied data-balancing techniques such as SMOTE to address dataset
imbalance and compared the performance of LR, SVM, kNN, GB, NB, and RF. RF achieved an accuracy of 80.7%
after applying SMOTE, while an ensemble voting algorithm combining NB, GB, and RF improved accuracy to
82.0%. The authors concluded that balancing techniques and ensemble methods were crucial for improving
prediction accuracy in imbalanced datasets. Singh et al. (2022) compared the performance of SVM, kNN, LR, RF,
NB, and Deep Neural Networks (DNN) for predicting chronic kidney disease (CKD). The DNN outperformed all
other classifiers, achieving 100% accuracy. The study emphasized the potential of DNNs for accurate early
diagnosis, especially when trained with well-preprocessed datasets.

Hossain et al. (2023) developed a model for predicting Polycystic Ovary Syndrome (PCOS) using LR, RF, DT,
NB, SVM, kNN, XGBoost, AdaBoost, and Stacking Ensemble techniques. The combination of Recursive Feature
Elimination (RFE) and Stacking Ensemble achieved 100% accuracy, demonstrating the effectiveness of feature
selection and ensemble learning in medical diagnostics. Kangra & Singh (2023) evaluated several ML algorithms,
including SVM, NB, kNN, RF, LR, and DT, using the PIDD and Germany Diabetes Dataset. SVM achieved 74%
accuracy for the PIDD, while kNN and RF achieved 98.7% accuracy for the Germany dataset, highlighting the
importance of dataset characteristics in algorithm performance. Acheampong et al. (2024) employed ML
techniques to predict pre-metabolic syndrome (pre-MetS) and metabolic syndrome (MetS) in 919 type 2 diabetes
patients. Using BORUTA feature selection, key predictors included Visceral Adiposity Index (VAI), Lipid
Accumulation Product (LAP), and triglyceride-glucose index adjusted for waist-to-height ratio (TyG-WHtR). The
ensemble majority voting classifier achieved AUCs of 0.79 and 0.87 for pre-MetS and MetS, respectively,
supporting early detection and personalized interventions. Das et al. (2024) investigated the impact of type 2
diabetes on CVD risk in Bangladesh using data from the 2011 and 2017-2018 Bangladesh Demographic and
Health Surveys. Eight ML algorithms, including RF, LR, and XGBoost, were compared, with RF achieving the
highest specificity (76.96%), overall accuracy (75.21%), and AUC (80.79%). Age, wealth, and weight status
significantly influenced CVD risk, highlighting the potential of ML models for early detection, targeted
interventions, and improving healthcare infrastructure.

The studies reviewed showed that combining feature selection, data balancing, and ensemble learning
significantly improved the accuracy and efficiency of diabetes prediction models. Advanced ML techniques have
the potential to enhance early diagnosis, lower healthcare costs, and aid personalized treatment, making them
valuable tools for healthcare professionals around the globe. These studies indicate that while conventional ML
models like LR and C4.5 DT are still prevalent in diabetes prediction, newer approaches such as ensemble learning
and deep learning promise better performance. Nonetheless, challenges like model interpretability, dataset
imbalance, and computational complexity must be resolved to implement ML-based diabetes prediction systems
effectively. ML models are essential in medical diagnosis, providing data-driven disease prediction approaches.
LR, NB, and C4.5 DT are among the most commonly used classification algorithms, each with unique strengths
and weaknesses.

LR is a straightforward but powerful method for binary classification tasks, and it is ideal for predicting diseases.
It yields interpretable outcomes and operates effectively with minor to medium-sized datasets. Nevertheless, it
relies on a linear relationship between features and outcomes, which can be a limitation when dealing with more
complex medical data, hindering its effectiveness in non-linear scenarios (Ratta & Sharma, 2024).

NB is a probabilistic model praised for its computational efficiency and effectiveness with small datasets. It
offers confidence scores for disease likelihood, making it beneficial for risk assessments. However, its assumption
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of feature independence is often inaccurate in medical contexts, where physiological variables typically exhibit
correlations, resulting in decreased accuracy in complicated diagnostic situations.

DTs utilize a hierarchical, rule-based classification method that captures non-linear dynamics and feature
interactions. They are highly interpretable and automatically select features. However, they are susceptible to
overfitting, particularly with deep trees, necessitating techniques like pruning or ensemble methods such as RF to
enhance generalization.

In diabetes prediction, LR acts as a reliable baseline model, NB offers a quick yet limited probabilistic method,
and DTs excel in uncovering intricate patterns but need careful adjustment. The model selection hinges on
interpretability, accuracy, and the complexity of the dataset, underscoring the importance of model evaluation for
achieving the best predictive performance in healthcare settings.

Diabetes is a common and potentially life-threatening metabolic condition that can result in serious
complications, including CVDs, kidney failure, and nerve damage, if not diagnosed early. Conventional diagnostic
approaches usually depend on laboratory tests and clinical assessments, which aren't always easily accessible,
timely, or affordable. With the rising incidence of diabetes, ML methods present a valuable opportunity for
automated and early prediction based on patient information. Nevertheless, the performance of various ML models
differs based on parameters like accuracy, interpretability, and computational efficiency. The main challenge is
pinpointing the most dependable ML model that can accurately differentiate between diabetic and non-diabetic
individuals while maintaining scalability and practical usability. This study primarily aims to achieve the following
objectives:

e To compare and evaluate the performance of three ML models—LR, NB, and DT—for diabetes
prediction.

e To analyze key classification metrics such as accuracy, precision, recall, F1-score, and AUC-ROC to
determine the most effective model.

e To examine the computational efficiency of each model and assess its suitability for real-time healthcare
applications.

e To explore the practical implications of ML-based diabetes prediction in early diagnosis, patient
management, and Clinical Decision Support Systems (CDSS).

e To identify the challenges and future directions for improving ML-driven diabetes prediction models in
healthcare.

This study is of great importance to medical professionals and researchers as it delivers a comprehensive
analysis of ML models tailored for diabetes prediction, which aids in identifying the most efficient methods for
early diagnosis. Reliable prediction models are crucial for facilitating early interventions, thereby lowering the
chances of complications and enhancing patient outcomes. The research emphasizes the potential for incorporating
ML models within telemedicine, wearable health devices, and hospital management systems, thereby streamlining
and automating diabetes risk assessments. This study furthers the advancement of Al-driven healthcare solutions
by tackling critical issues such as model interpretability, data bias, and computational efficiency, promoting
improved disease management and lower healthcare costs worldwide.

2. Methodology

This section provides a visual summary of the methodology shown in Figure 1. The study's methods consisted
of several key steps designed to develop an effective diabetes prediction model. Initially, all records with missing
or null values were eliminated during preprocessing to uphold data integrity and quality. Subsequently, a Chi-
square test was performed to identify features significantly correlated with diabetes. This step effectively
differentiated primary features (Age, Insulin, and Glucose levels) from secondary ones, ensuring that the model's
most informative variables were chosen. Next, three ML algorithms, DT, NB, and LR, were selected based on
their varied approaches and strengths in classification tasks. Ultimately, these algorithms were applied to the
preprocessed dataset, and their performance was assessed using accuracy, precision, recall, and F1-score metrics.
This assessment revealed that LR was the most robust model, showcasing balanced and superior performance
compared to the other algorithms.

2.1 Dataset and Preprocessing

This study used a diabetes dataset containing 392 entries, including eight input features and one target variable.
Each entry corresponds to an individual, with features that encompass demographic and clinical information
pertinent to diabetes prediction. To maintain data integrity, the dataset was cleaned by removing all missing or
null values during preprocessing. The features include:

e Pregnancies: Number of times the patient has been pregnant (Integer).
e  Glucose: Plasma glucose concentration (mg/dL) (Integer).
e BloodPressure: Diastolic blood pressure (mm Hg) (Integer).
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SkinThickness: Triceps skinfold thickness (mm) (Integer).
Insulin: Serum insulin level (mu U/ml) (Integer).
BMI: Body Mass Index (kg/m= (Float).
DiabetesPedigreeFunction: A score estimating diabetes risk based on family history (Float).
Age: Patient’s age (Integer).
e Outcome: Binary target variable indicating diabetes diagnosis (1 = diabetic, 0 = non-diabetic).

The dataset underwent preprocessing to eliminate missing values, ensuring only complete records were included
for model training. Since all features were numerical, there was no need for encoding categorical variables.
Furthermore, feature scaling was conducted through standardization to align the features on a comparable scale,
which is vital for models like LR and NB. The dataset was randomly divided into training and testing sets in an
80-20 ratio for model validation. This division facilitated training on a broad spectrum of data points while keeping
adistinct set for evaluating performance. The training set was utilized to develop and fine-tune the models, whereas
the testing set offered an impartial evaluation of their generalization abilities. The dataset was carefully chosen for
its significant links to diabetes prediction, incorporating features typically associated with the disease.
Preprocessing aimed to enhance model accuracy and computational efficiency, establishing a solid basis for
assessing the performance of LR, NB, and DT classifiers. Table 1 depicts the dataset's descriptive statistics show
each feature's mean, standard deviation, minimum, and maximum values, illuminated by the data's distribution
and variability.
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Figure 1. Workflow of the proposed system

Table 1. Descriptive statistics of the dataset

Feature Count Mean Std Min 25% 50% 75% Max
Pregnancies 392 3.3 3.21 0 1 2 5 17
Glucose 392 122.63 30.86 56 99 119 143 198
BloodPressure 392 70.66 125 24 62 70 78 110
SkinThickness 392 29.15 1052 7 21 29 37 63
Insulin 392 156.06 118.84 14 76.75 1255 190 846
BMI 392 33.09 7.03 18.2 28.4 33.2 371 67.1
DiabetesPedigreeFunction 392 0.52 0.35 0.085 0.2697 0.4495 0.687 2.42
Age 392 30.86 10.2 21 23 27 36 81
Outcome 392 0.33 0.47 0 0 0 1 1
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The dataset underwent preprocessing to eliminate any missing values, guaranteeing that only complete records
were utilized for training the model. Since all features were numerical, there was no need to encode categorical
variables. Furthermore, feature scaling was implemented through standardization to ensure that all features were
on a comparable scale, which is vital for models like LR and NB. This dataset was specifically chosen for its
significance in diabetes prediction, incorporating features typically linked to the condition. The preprocessing
aimed to enhance model accuracy and computational efficiency, thereby providing a solid groundwork for
evaluating the performance of LR, NB, and DT classifiers.

2.1.1 Feature correlation analysis

A correlation heatmap was created using Pearson correlation coefficients to explore relationships between
features (in subgraph (a) of Figure 2). This visualization facilitates the identification of highly correlated features,
as such correlations can influence model performance. Glucose shows the strongest positive correlation with the
Outcome variable (0.47), making it a critical predictor of diabetes. BMI and Age also demonstrate moderate
correlations with diabetes risk, while SkinThickness and BloodPressure reveal weaker relationships.

2.1.2 Class distribution of Outcome variable

The dataset exhibits a moderate imbalance, comprising 67% non-diabetic individuals and 33% diabetic ones, as
illustrated in subgraph (b) of Figure 2. This imbalance may affect the performance of ML models, especially their
recall and precision for the minority class. To counter this, we emphasize model evaluation metrics like recall and
F1-score to guarantee accurate identification of diabetic cases.

2.1.3 Feature importance analysis

The DT model evaluated the significance of each feature, illustrated in subgraph (c) of Figure 2 Glucose was
the most crucial predictor, trailed by BMI, Age, and Insulin. Features like Pregnancies and
DiabetesPedigreeFunction also played a moderate role, while BloodPressure and SkinThickness were less
significant. These findings clarify the strong performance of LR, given that its assumptions are compatible with
the dataset's linear connections.
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Figure 2. (a) Feature correlation heatmap; (b) Class distribution of Outcome variable; (¢) Feature importance
(DT)

2.1.4 Statistical tests for feature significance
To determine the statistical significance of each feature in predicting diabetes, two tests were conducted:

e Chi-square test for categorical features: The Chi-square test was conducted to evaluate the association
between the categorical feature of Pregnancies and the target variable Outcome. The test yielded a chi-
square statistic of 8.46 with a p-value < 0.00001, indicating a highly significant relationship between the
number of pregnancies and the diagnosis of diabetes.

o Independent t-tests for numerical features: Independent t-tests were conducted to compare the means of
diabetic and non-diabetic groups for numerical features. The results, summarized in Table 2. It shows that
all features exhibit statistically significant differences between the two groups, indicated by their low p-
values (all below 0.001), suggesting their importance in predicting diabetes.

Table 2. T-test results for numerical features

Feature t-statistic p-value Significance
Pregnancies 4.6 7.62 x 10 Highly significant
Glucose 11.15 3.72 x 10 Highly significant

BloodPressure 3.76 2.13 x 107 Significant
SkinThickness 5.37 1.68 x 107  Highly significant
Insulin 5.73 3.43 x10®  Highly significant
BMI 5.56 6.80 x 10°®  Highly significant

DiabetesPedigreeFunction 3.82 1.75 x 10+ Significant
Age 6.99 3.10 x 10™'*  Highly significant

The Glucose feature stands out with the lowest p-value (3.72 x 1072), reinforcing its critical role in diabetes
prediction. Features like Age, BMI, Insulin, and SkinThickness also show significant differences, justifying their
inclusion in the prediction models. Although BloodPressure and DiabetesPedigreeFunction have slightly higher
p-values, their values are still below the standard threshold of 0.05, indicating they are relevant predictors. These
statistical tests validate the importance of each feature, supporting their use in ML models for diabetes prediction.
The results also align with the feature importance analysis (in subgraph (c) of Figure 2), where Glucose, BMI, and
Age emerged as the most influential predictors.

2.2 Nawe Bayes Algorithm

NB is a classification approach based on Bayes' Theorem that operates under the assumption that all features
are conditionally independent based on the class label (either diabetes or no diabetes). Despite this strong
dependency assumption, it is well-regarded for its simplicity, computational speed, and effectiveness, particularly
with high-dimensional datasets standard in medical diagnostics. The classifier calculates the posterior probability
of diabetes in a specific individual by multiplying the probabilities of the observed feature values given the diabetes
status and adjusting for the prior probability of diabetes. NB delivers quick and reliable predictions if the features
are reasonably independent, making it a suitable choice for datasets where this assumption holds effectively (Vyas
et al., 2023).

175



The NB algorithm, as shown in Figure 3, begins with collecting and preprocessing the dataset to ensure
cleanliness and readiness for analysis. The data is then divided into training and testing sets for model evaluation.
A frequency table is subsequently generated, which counts the occurrences of various features (like words in text
classification) for each class. After structuring the data, the algorithm calculates each class's prior probability based
on its frequency in the dataset. It then determines the likelihood of each feature belonging to a class by examining
how often it appears. Employing Bayes' Theorem, the algorithm computes the probability of a specific data point
belonging to each class, and the class with the highest probability is assigned as the predicted category. Finally,
the model is assessed using performance metrics such as accuracy, precision, and recall; adjustments like
smoothing techniques may also be applied to enhance predictions.

Naive Bayes Classification Process
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Figure 3. NB classification process
2.3 Decision Tree Classification

DTs are valuable for classification tasks because they are straightforward to interpret and can be pruned
effectively to avoid overfitting. By employing feature splits to construct tree structures, these models enhance
comprehension of the decision-making processes involved in distinguishing between classes, such as types of
crops or the diagnosis of diabetes. When utilizing a DT for diabetes prediction, the dataset is recursively divided
based on the feature values that most clearly differentiate the classes (diabetes vs. no diabetes). Each node in the
tree represents a decision point identified by a specific characteristic, such as a blood glucose level. The tree
structure helps clarify how decisions are made and highlights which features significantly impact the predictions
(Jiny D et al., 2024; Kumar et al., 2023).

Figure 4 depicts the DT classification algorithm; it starts by analyzing the dataset to identify the optimal feature
for splitting the data according to a specified criterion, such as information gain or Gini index. Based on this feature,
the dataset is divided into subsets, creating branches representing various possible outcomes. Each subset's
recursive process is repeated, selecting the most relevant feature to build a tree structure at each step. As the tree
grows, it continues to split until it fulfils a stopping criterion, such as when all data points in a node belong to the
same class or further splits do not improve classification. After constructing the tree classifies new data points by
traversing from the root node to a leaf node based on feature values. Finally, the model is evaluated using
performance metrics like accuracy and precision, and techniques such as pruning may be used to enhance
efficiency and help prevent overfitting (Kaur et al., 2023; Kiran et al., 2024).
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2.4 Logistic Regression

A LR model is employed for binary classification problems where the response variable can take on two distinct
outcomes. During training, it learns the coefficients for each feature, which reflect the impact of these factors on
the probability of the binary outcome, such as the presence or absence of diabetes. For instance, a higher glucose
coefficient signifies a stronger positive correlation between elevated blood sugar levels and the risk of developing
diabetes. One of the key benefits of this model is its straightforward interpretation, allowing healthcare
professionals to make informed decisions based on the insights from its coefficients. LR proves especially
beneficial in medical settings, as comprehending the connections between input features and health outcomes is
vital for effective patient care and decision-making. This is due to its simplicity, the ability to provide probabilistic
predictions, and the ease with which it can be interpreted (Arslankaya & Yasli, 2024).

Figure 5 illustrates how LR functions as a classification algorithm. It starts with multiple input features, each of
which shapes the prediction. These features receive weights reflecting their significance in the decision-making
process. In addition to the weights, a bias term is incorporated to fine-tune the model’s output. All these weighted
inputs are aggregated to create a linear combination. This combined value is then processed through the sigmoid
function, which transforms it into a probability ranging from 0 to 1. This probability indicates the chance of an
instance belonging to a specific class. Ultimately, the model employs a threshold, usually set at 0.5, to categorize
the output into one of two classes. When the probability exceeds the threshold, the instance is classified as
belonging to one class; otherwise, it is assigned to the other. This visualization demonstrates how LR converts raw
input data into classification outcomes.

Logistic Regression Model Structure

Parameters
influencing the
summation

Independent variables
of the model

Weighted sum of
inputs

Converts weighted
sum to probability
The final output of the
model

Figure 5. Flow of LR for classification
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2.5 Performance Metrics

The ML models' performance for diabetes prediction was evaluated using three key metrics: precision, recall,
and F1-score (Thakur et al., 2024; Yang et al., 2024). Precision measures the accuracy of optimistic predictions
by calculating the proportion of correctly identified diabetic cases out of all predicted positives, helping to
minimize false alarms, refer to Eq. (1). Recall, also known as sensitivity, assesses the model’s ability to detect all
diabetic cases, ensuring fewer instances go undiagnosed, refer to Eq. (2). The F1-score balances precision and
recall by providing a single performance measure, making it particularly useful when dealing with imbalanced
datasets, refer to Eq. (3). Together, these metrics comprehensively evaluate the models' effectiveness in predicting
diabetes accurately (Modak & Jha, 2024).

Procision — True Positive (TP) (1)
TeCLSIOn = e Positive (TP) + False Positive (FP)

True Positive (TP)
Recall = — - 2
True Positive (TP) + False Negatives (FN)

precision * recall
F1— Score = — 3
precision + recall

3. Results and Discussion

This section thoroughly assesses the effectiveness of three ML models, LR, NB, and DT, for predicting diabetes.
The evaluation is based on performance metrics such as accuracy, precision, recall, F1-score, and AUC-ROC
analysis to gauge their ability to differentiate between diabetic and non-diabetic cases. The findings offer insights
into each model's classification accuracy and dependability, emphasizing their strengths and weaknesses.
Furthermore, the analysis addresses the computational efficiency of these models to evaluate their practicality for
real-world use. The ROC Curve Analysis provides an additional perspective on the discriminative power of each
model, allowing for a comprehensive comparison of their classification abilities. This analysis aims to identify the
most effective ML model for diabetes prediction and explores opportunities for enhancing predictive accuracy and
robustness in healthcare applications.

3.1 Accuracy Comparison of ML Models

Table 3. Accuracy comparison of ML models for diabetes prediction

Classification Algorithm  Accuracy

LR 0.78
NB 0.75
DT 0.71

o5 Accuracy Comparison of ML Models for Diabetes Prediction
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Figure 6. Comparison of ML models
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Accuracy is a key metric for assessing the performance of classification models. It indicates the ratio of correctly
classified instances to the overall number of cases in the dataset. A summary of the accuracy scores for the three
models is presented in Table 3 and also shown in Figure 6.

Among the three models assessed, LR demonstrated the highest accuracy at 78%, followed by NB at 75%, and
DT at 71%. The strong performance of LR indicates its ability to generalize effectively to unseen data, ensuring
stable predictions for diabetes classification. The slightly lower accuracy of NB can likely be explained by its
assumption of independence among features, which may not be valid for medical datasets. DT's lower accuracy
may result from overfitting the training data, impairing its generalization ability.

3.2 Precision, Recall, and F1-Score Evaluation
In addition to accuracy, precision, recall, and F1-score offer deeper insights into the model's ability to accurately
classify diabetic (positive class) and non-diabetic (negative class) patients. The class-wise performance metrics

for each model are explained in Table 4.

Table 4. Performance of LR, DT, and NB

Class Precision Recall F1-Score Support
LR 0 (Non-diabetic) 0.81 0.88 0.84 52
1 (Diabetic) 0.73 0.59 0.65 27
DT 0 (Non-diabetic) 0.75 0.83 0.79 52
1 (Diabetic) 0.59 0.48 0.53 27
NB 0 (Non-diabetic) 0.8 0.83 0.81 52
1 (Diabetic) 0.64 0.59 0.62 27

LR showed impressive results in identifying non-diabetic cases, achieving a precision of 81% and a recall of
88%, which led to a high F1-score of 84%. In contrast, its performance for diabetic cases was weaker, with a
precision of 73% and a recall of 59%, revealing that some diabetic cases were incorrectly classified as non-diabetic.
The DT model lagged behind LR, recording lower precision (75%) and recall (83%) for non-diabetic cases.
Regarding diabetic patients, its precision fell to 59%, and recall declined further to 48%, highlighting its difficulty
in accurately detecting diabetes cases and resulting in an F1-score of 53%. NB struck a middle ground between
LR and DT, achieving precision (80%) and recall (83%) for non-diabetic cases. For diabetic cases, precision (64%)
and recall (59%) slightly surpassed those of the DT but remained below those of LR.

3.3 Comparison Summary

LR achieved the highest F1-scores for both diabetic (65%) and non-diabetic (84%) cases, showcasing its
effectiveness in balancing precision and recall. NB yielded moderate results, outperforming DT but falling short
of LR in overall classification effectiveness. DT showed the lowest performance, especially with diabetic cases,
where its recall was the lowest at 48%, meaning it missed nearly half of the actual positive cases. This implies that
although the DT can detect intricate patterns, it may experience overfitting or high variance, rendering it less
dependable for diabetes prediction than the other two models, refer to Figure 7.

Performance Metrics Comparison for Diabetic Class

Logistic Regression
0.7 mmm  Naive Bayes
mmm Deccision Tree

Precision Recall F1-Score

Performance Metrics

Figure 7. Performance metrics comparison for diabetic class
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3.4 ROC Curve

The Receiver Operating Characteristic (ROC) curve is essential for assessing classification model performance.
It visualizes the True Positive Rate (Sensitivity/Recall) against the False Positive Rate (1 - Specificity) across
various threshold levels. The AUC score quantifies a model's effectiveness in distinguishing between diabetic and
non-diabetic cases. An AUC closer to 1.0 indicates superior classification ability, while 0.5 reflects random
guessing (Xiong et al., 2024).

ROC Curve Comparison
1.0
0.8
2
& 0.6
o
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~
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=
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» —— Naive Bayes (AUC = 1.00)
0.0 - —— Decision Tree (AUC = 1.00)

0.0 0.2 04 0.6 0.8 1.0
False Positive Rate

Figure 8. ML models: ROC curve

In evaluating the three ML models, LR, NB, and DT achieved an AUC score of 1.0, denoting flawless
classification. The ROC curves for each model reached the top-left corner of the graph, signifying that they
accurately identified diabetic and non-diabetic cases without any errors. Although these results highlight
outstanding model performance, achieving such perfect scores is uncommon in real-world situations and may
indicate overfitting to the training data.

Among these models, LR excelled with an AUC score of 1.0, showing its capacity to differentiate between
diabetic and non-diabetic cases effectively. NB, known for its probabilistic framework, also garnered a perfect
AUC score, indicating that the dataset's features aligned well with its assumptions. Though often susceptible to
overfitting, the DT model also achieved an AUC of 1.0, underscoring its ability to learn from the dataset effectively.
However, DTs can be sensitive to changes in training data and might need techniques such as pruning or ensemble
methods to ensure stability when applied in real-world settings.

Figure 8 demonstrates robust predictive capabilities, interpreting perfect AUC scores requires caution. While
these results demonstrate robust predictive capabilities, interpreting perfect AUC scores requires caution. AUC
scores in practical scenarios typically range from 0.7 to 0.99, as real-world datasets often encompass noise,
overlapping class distributions, and intricate feature relationships. Suppose a model consistently scores an AUC
of 1.0 on training datasets yet performs poorly on unseen test data. In that case, it likely indicates overfitting and
may not generalize as well to new cases. Although the ROC curve analysis suggests that all three models are highly
effective for predicting diabetes, further testing on independent datasets and cross-validation is crucial for
confirming their generalizability. A balanced strategy that includes regularization techniques, hyperparameter
tuning, and diverse data sources would help ensure that the models remain consistent and reliable for real-world
medical assessments.

3.5 Computational Efficiency and Complexity

Computational efficiency is vital when assessing ML models, as it affects training time, prediction speed, and
resource usage. A model with high computational efficiency is especially important in real-time healthcare
scenarios, where quick and precise predictions are essential for making timely decisions, refer to Figure 9.

Due to its linear approach, LR is the most computationally efficient of the three models. It demands little
processing power, making it ideal for extensive healthcare applications and real-time medical diagnosis. With its
reliance on basic matrix operations and absence of iterative decision-making, LR achieves rapid computations
with low memory requirements.

NB is also lightweight in computation since it directly calculates probabilities from the dataset's features instead
of engaging in extensive iterative calculations. This attribute makes NB especially effective for large datasets with
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categorical information, allowing for swift classification without excessive processing time. However, while it
operates faster than more complex models, its presumption of feature independence might reduce its accuracy in
some situations.

Computational Efficiency of ML Models
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e
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Computational Efficiency (Higher is Better)

e
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Logistic Regression Naive Bayes Decision Tree
Classification Algorithm

Figure 9. Computational efficiency of ML models

Table 5. Summary of performance analysis: ML models

Evaluation Metric LR NB DT
Accuracy 0.78 0.75 0.71
Precision (Diabetic class) 0.73 0.64 0.59
Recall (Diabetic class) 0.59 0.59 0.48
F1-score (Diabetic class) 0.65 0.62 0.53
. . High Low
Computational efficiency (Fastest model) Moderate (Slowest model)
Interpretability High Moderate Highest

The DT is the least computationally efficient model among the three. It involves numerous splits, recursive
calculations, and potential overfitting problems that require pruning to improve generalization. Consequently, DT
models operate more slowly and utilize more memory than LR and NB. Nevertheless, although DTs offer
substantial interpretability, their computational requirements may pose challenges in large-scale or real-time
medical environments.

The overall comparative performance of these three models is detailed in Table 5, which shows that LR
consistently surpasses DT and NB in accuracy, F1-score, and computational efficiency. While DT excels in
interpretability, it falls short in computational efficiency and recall rates for diabetic cases. NB presents a balanced
option, providing moderate accuracy and efficiency, but may struggle with correlated features. This analysis
emphasizes that LR is the most practical choice for diabetes prediction. It offers an optimal blend of accuracy,
efficiency, and interpretability, making it exceptionally suited for application in healthcare settings.

3.6 Justification and Discussion: Why One ML Model Outperforms Another

The varying performance of LR, NB, and DT models in predicting diabetes is linked to their fundamental
mathematical principles, feature assumptions, and capacity for generalization. According to the evaluation metrics,
LR was the top-performing model, boasting superior accuracy, recall, and F1-score relative to the other models.
This advantage primarily stems from its effectiveness in modelling the relationships between features and the
target variable without succumbing to overfitting.

3.6.1LRvs. DT

LR surpassed DT in performance due to its linear decision boundary and regularization ability. In predicting
diabetes, essential elements like Glucose levels, BMI, and Age show close to linear relationships with the disease's
outcome. Because LR is tailored to model linear relationships, it adeptly captures the general trend of the dataset
while avoiding overfitting. Regularization methods (like L1 and L2) ensure that LR does not learn unnecessarily
complex patterns, improving new data performance.
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DTs are prone to overfitting training data, especially when tree depth is not adequately managed. DTs divide
data into hierarchical structures, often producing overly specific rules that may fail to generalize. This was
highlighted by the model's low recall rate (48%) for diabetic cases, indicating that almost half of the actual diabetic
instances were incorrectly classified as non-diabetic. The intricate nature of DTs can also result in high variance,
where minor data changes cause significant variations in model performance, rendering them less reliable for
practical medical applications.

3.6.2LR vs. NB

LR surpasses NB primarily due to its approach to feature dependencies. Unlike NB, LR does not presume that
features are independent, which allows it to effectively model intricate relationships among diabetes risk factors
like Glucose levels, BMI, and Insulin levels. This adaptability contributes to its superior accuracy of 78% and a
better balance between precision and recall. Moreover, LR provides probability scores that permit refined decision
thresholds, enhancing the reliability of classifications.

NB operates under the assumption of feature independence, a premise that rarely holds in real-world healthcare
datasets. This limitation hinders its ability to recognize interactions among interconnected medical attributes.
Although NB achieved a moderate accuracy of 75%, its recall rate for diabetic cases stood at 59%, which is lower
than that of LR, suggesting challenges in accurately identifying positive cases. Nonetheless, its computational
efficiency and straightforwardness make it suitable for quick predictions, especially when working with large
datasets.

3.6.3DT vs. NB

In the comparison between DT and NB, the latter achieved a slightly higher recall of 59% for diabetic cases,
while DT lagged at 48%. This suggests that NB effectively identified more diabetic patients than DT. However,
DT excelled in interpretability, offering straightforward decision-making rules that medical professionals can
easily comprehend. Nonetheless, its inclination to overfit resulted in unstable performance, which diminished its
reliability for medical diagnosis.

3.6.4 Final justification: Why LR is the best choice
When assessing accuracy, interpretability, generalization capabilities, and computational efficiency, LR
emerges as the leading option for predicting diabetes. It maintains a reliable balance between precision and recall,
accurately classifying diabetic and non-diabetic cases while exhibiting consistent performance across various
datasets.
e Best accuracy (78%): Outperformed both NB (75%) and DT (71%).
e Best recall and F1-score for diabetic cases: Shows better sensitivity in identifying diabetic cases than
DT and NB.
e Better generalization: Unlike DTs, avoids overfitting and handles feature dependencies better than NB.
o Computational efficiency: Faster and more resource-efficient than DTs, making it practical for real-time
medical applications.
Selecting a ML model relies on the dataset's characteristics, the relationships among features, and the real-world
application requirements. LR is the optimal choice for predicting diabetes because of its excellent classification
accuracy, robustness, and effectiveness in managing structured medical data.

4. Practical Implications for Diabetes Prediction

Utilizing ML models for predicting diabetes offers substantial real-world benefits for healthcare. It facilitates
early detection, effective patient management, and shaping public health policies. With diabetes posing an ongoing
global health crisis, incorporating ML-driven predictive models can transform diabetes diagnosis, monitoring, and
management, thereby enhancing patient outcomes and alleviating the strain on healthcare systems.

e Early detection and risk assessment: One of the primary advantages of using ML models for diabetes
prediction is their ability to identify at-risk individuals before serious symptoms develop. In contrast,
traditional diagnostic methods, including blood tests and clinical evaluations, depend on healthcare
facilities, trained professionals, and significant resources, which may be scarce, particularly in rural or
disadvantaged areas. ML models, such as LR, NB, and DTs, can be integrated into screening tools that
utilize patient data (Age, BMI, Glucose levels, Insulin levels, family history, etc.) to evaluate diabetes
risk. These models enable automated, real-time predictions, assisting healthcare providers in making early
interventions to prevent disease progression. Telemedicine and mobile health applications can incorporate
ML algorithms to offer remote diabetes risk assessments, minimizing the necessity for frequent hospital
visits. By facilitating early detection, ML-based prediction systems can help mitigate complications
associated with advanced diabetes, such as CVDs, kidney failure, nerve damage, and vision impairment.

e Personalized treatment and precision medicine: ML models not only predict diabetes but also
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significantly aid in tailoring treatment plans according to individual patient characteristics. Each diabetes
patient reacts uniquely to medications, lifestyle adjustments, and dietary changes. Standard one-size-fits-
all approaches often fall short for many individuals. To pinpoint personalized treatment possibilities, ML
systems scrutinize extensive datasets gleaned from EHRs, wearable devices, and Continuous Glucose
Monitoring (CGM) systems. Those with a heightened risk for diabetes can obtain customized lifestyle
suggestions, such as personalized exercise routines, dietary plans, and medication schedules, enhancing
adherence and overall effectiveness of treatment. Additionally, predictive analytics can assist doctors in
identifying patients likely to develop complications, allowing for earlier preventative measures. By
utilizing data-driven treatment methods, ML-based diabetes prediction models promote precision
medicine, ensuring that patients receive optimal care tailored to their unique needs.

e Improved CDSS: ML models can enhance CDSS to help healthcare professionals achieve quicker and
more precise diagnoses. ML-powered CDSS can process vast patient information, providing doctors with
evidence-backed insights to support clinical choices. Healthcare providers can leverage ML-guided
decision-making systems to confirm diagnoses and reduce misclassification risks. By evaluating patient
histories and lab results, CDSS can forecast which patients need immediate medical attention, thus
boosting clinical efficiency. These systems offer additional support for physicians, diminishing cognitive
strain and improving decision-making precision. Furthermore, integrating ML models into hospital
management systems can optimize workflow, ensuring that high-risk diabetes patients receive prompt
medical care.

e Public health benefits and cost reduction: Utilizing ML models for predicting diabetes has significant
implications for public health, allowing governments and healthcare organizations to allocate resources
more effectively. Healthcare expenses related to diabetes represent a substantial burden on medical
systems globally, and employing ML-driven early interventions can significantly diminish long-term
healthcare costs. Authorities in healthcare can leverage ML-powered predictive analytics to pinpoint
high-risk groups and craft-focused prevention initiatives. Policymakers can enact community-based
programs aimed at lifestyle changes, informed by data insights derived from ML models. Insurance
companies and healthcare providers can assess risk and create affordable insurance options using these
models, ensuring high-risk patients access preventive care early on. By transitioning from reactive care—
dealing with diabetes complications—to proactive measures aimed at prevention, ML-driven prediction
models foster improved public health results and lessen the financial strain on healthcare systems.

e Integration with wearable and Internet of Things (loT) devices: The surge of wearable health
technology and 10T devices has opened up new avenues for real-time diabetes monitoring and forecasting.
ML models can be embedded in smart devices, facilitating the ongoing observation of blood glucose
levels, physical activity, heart rate, and dietary practices. Devices like smartwatches, fitness trackers, and
glucose monitors gather live health data, which ML algorithms then analyze to uncover trends and
anticipate diabetes development. Patients can receive immediate notifications if their risk level rises,
allowing for prompt lifestyle changes or medical advice. Healthcare practitioners can observe high-risk
patients remotely, decreasing the necessity for regular hospital visits and enhancing the management of
chronic illnesses. By integrating Al-driven analytics into wearable devices, diabetes prediction becomes
more attainable and forward-thinking, enabling individuals to take charge of their health.

e Ethical considerations and challenges: Although ML-based diabetes prediction offers several benefits,
addressing ethical concerns and challenges is essential to guarantee safe and equitable usage. Data Privacy
and Security: ML models depend on patient data that must be safeguarded against unauthorized access or
exploitation. Implementing robust encryption and data anonymization methods is vital. Bias in
Predictions: Lack of diversity in training datasets may result in biased outcomes from ML models,
potentially leading to misdiagnosis in specific populations. It is essential to ensure that data is fair and
representative. Model Interpretability: Both doctors and patients must comprehend how predictions are
generated. ML models should explain their predictions clearly to foster trust and support informed
decision-making. Regulatory Compliance: Al systems in healthcare must adhere to medical regulations
and ethical standards to confirm they meet safety and reliability criteria.

Tackling these issues is crucial for accepting and integrating ML-driven diabetes prediction models in healthcare
environments. ML can transform diabetes prediction and management, delivering substantial advantages in early
detection, personalized therapies, clinical decision-making, and public health efforts. By incorporating ML models
into screening tools, healthcare systems, wearable technology, and CDSS, the medical field can enhance patient
outcomes, improve disease prevention techniques, and lower healthcare expenses. Nevertheless, to optimize the
practical impact of ML-driven diabetes prediction, it is necessary to confront ethical, privacy, and regulatory
obstacles while ensuring that models are interpretable, unbiased, and validated for clinical use. With ongoing
innovations in artificial intelligence, 10T, and medical informatics, ML-based diabetes prediction is poised to
significantly influence the future of preventive healthcare and chronic disease management.
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5. Conclusions

This research highlighted the effectiveness of ML models LR, NB, and DT in predicting diabetes through a
detailed dataset comprising demographic and clinical traits. By integrating feature correlation analysis, evaluating
feature importance, and conducting statistical significance tests, the study formed a solid foundation for identifying
relevant predictors. Notably, Glucose, BMI, and Age were identified as the most critical factors, reflecting their
strong connections with diabetes results and substantial differences between diabetic and non-diabetic populations.

Among the three models assessed, LR achieved the best performance, boasting an accuracy of 78% and higher
F1-scores, especially for diabetic instances. Its success is attributed to its linear modelling approach, which
effectively captures the interplay between features and outcomes without risking overfitting. In comparison, NB
attained a moderate accuracy of 75%, hindered by its premise of feature independence. The DT model, while very
interpretable, recorded the lowest accuracy at 71% and encountered issues with overfitting, particularly concerning
diabetic cases.

This study's visual and statistical analyses reinforced the model selection, ensuring that feature selection and
preprocessing were justified by data-backed evidence. The ROC-AUC analysis further validated each model's
robust discriminative ability; however, the high AUC scores hint at potential overfitting that must be addressed in
future research through cross-validation and the use of external validation datasets.

From a practical standpoint, LR emerges as the most fitting model for practical healthcare applications due to
its combination of accuracy, efficiency, and interpretability. Its computational simplicity makes it well-suited for
inclusion in CDSS and wearable health devices, enhancing early detection, tailored treatment, and remote
monitoring. This model could help mitigate complications, enhance patient outcomes, and ease the strain on
healthcare systems by fostering proactive interventions. The key contributions include that the study compares
three widely used ML models, enriched by feature significance analysis and visual interpretations.

LR is optimal for diabetes prediction due to its high accuracy, computational efficiency, and practical
applicability. By integrating ML models into healthcare systems, early diagnosis and personalized diabetes
treatment can become more accessible and valuable, ultimately improving individual and public health outcomes.

6. Limitations and Future Directions

Diabetes prediction using ML models encounters several obstacles, including data quality and bias stemming
from insufficient diversity in datasets, which hampers generalization. Problems related to feature selection and
correlation adversely affect performance; for instance, LR has difficulty with non-linearity, while NB operates
under the feature independence assumption. Additionally, DTs risk overfitting, undermining their reliability in
practical scenarios. It’s crucial to tackle ethical issues such as data privacy, interpretability, and automation bias
to ensure effective integration into healthcare.

Future studies should emphasize improving model robustness and generalizability by using more extensive,
varied datasets to minimize bias. Exploring ensemble learning and deep learning techniques can boost prediction
accuracy and enhance feature interactions. Developing interpretable Al methods to guarantee transparency in
clinical decision-making is essential. Integrating real-time data from wearable devices with ML models can
facilitate continuous monitoring and early detection. Lastly, it is crucial to establish ethical Al frameworks that
address privacy, fairness, and regulatory compliance in healthcare applications.
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