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1. INTRODUCTION 

Diabetes mellitus is a long-term 

metabolic condition caused by elevated 

blood sugar levels due to inadequate insulin 

synthesis or the body's improper use of 

insulin. Global health reports state that 

during the past few decades, the prevalence 

of diabetes has significantly increased, 

placing a notable strain on healthcare 

systems across the globe. To reduce serious 

complications and increase patient survival 

rates, diabetes must be detected early. Early 

detection may be delayed by traditional 

diagnostic methods, which frequently call 

for laboratory testing and ongoing 

observation. 

Machine learning and deep learning 

approaches have become viable options for 

automated diabetes prediction with the 

development of artificial intelligence (AI). 

These methods can find hidden patterns 
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Abstract 

One of the most common chronic illnesses in the world, diabetes mellitus has grown in 
frequency and complications, making it a serious public health issue. Early detection and 

treatment of diabetes can enhance healthcare management and drastically lower death rates. 

Recently, methods for machine learning (ML) and deep learning (DL) have demonstrated 

encouraging results in disease prediction systems. Using the PIMA Indians Diabetes Dataset, 

this work compares a few of machine learning and deep learning methods for diabetes 

prediction.  The suggested comparative framework assesses machine learning techniques like 

Logistic Regression (LR), Support Vector Machine (SVM), and Extreme Gradient Boosting 

(XGBoost) and deep learning techniques like Convolutional Neural Network (CNN), Long 
Short-Term Memory (LSTM), and Bidirectional Long Short-Term Memory (BiLSTM). 

Results from experiments show that deep learning models perform better in prediction than 

traditional ML approaches.  Our analysis found that the BiLSTM model performed about 

98.7% better than the other algorithms. 

 

 

http://www.thebioscan.com/
http://www.thebioscan.com/
https://doi.org/10.63001/tbs.2026.v21.i02.S.I(2).pp1076-1091


                            
 

1077 
 

21(2): S.I (2), 1076-1091, 2026                                 www.thebioscan.com      

linked to diabetic problems by analyzing 

patient health indicators, physiological 

signals, and medical records. The ease of 

use, interpretability, and effectiveness of 

machine learning algorithms in managing 

structured datasets make them popular. 

Conversely, deep learning techniques may 

automatically extract intricate features from 

medical data without the need for human 

feature engineering. However, the 

performance of these techniques varies 

depending on data size, complexity, feature 

distribution, and preprocessing methods. 

Therefore, a comparative study is necessary 

to evaluate the strengths and limitations of 

different algorithms.  Several researchers 

have explored ML and DL approaches for 

diabetes prediction using datasets such as 

the Pima Indian Diabetes Dataset (PIDD), 

Electronic Health Records (EHR), and 

physiological signal datasets.  Using the 

Pima dataset, this study compares the 

performance of Machine Learning 

techniques including Logistic Regression, 

Support Vector Machine, and XGBoost 

with Deep Learning models like CNN, 

LSTM, and BiLSTM.  

This paper is organized as follows: 

Section 2 presents the related work on 

diabetes prediction using machine learning 

and deep learning approaches. Section 3 

describes the machine learning methods 

including Logistic Regression, Support 

Vector Machine and XGBoost also the deep 

learning methods such as CNN, LSTM and 

BILSTM used in the study. Section 4 

discusses the experimental results and 

comparative analysis of the applied models. 

Finally, Section 5 concludes the study and 

highlights future research directions. 

 

2.  RELATED WORK 

Conventional diabetes detection 

methods such as Fasting Blood Glucose 

(FBG), Oral Glucose Tolerance Test 

(OGTT), HbA1c, and Random Glucose 

Testing provide structured clinical 

information for diagnosis. However, 

machine learning and deep learning 

techniques improve early diabetes 

prediction by identifying hidden patterns in 

patient data and supporting clinical 

decision-making. 

Ahmed T. [1] applied machine 

learning models for identifying high-risk 

diabetic patients and it was reported that 

Support Vector Machine (SVM) achieved 

77% - 79% of performance after 

preprocessing and evaluated using accuracy, 

precision, recall, and F1-score. Similarly, 

Wankhede, V.A et al. [2] compared various 

machine learning algorithms including 
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SVM, KNN, ANN, Naive Bayes, Logistic 

Regression, and Decision Trees on the Pima 

Indian Diabetes Dataset, concluding that 

SVM produced the accuracy of 81.3%. 

Clara Ribeiro Neves et al. [3] utilized 

physiological signals such as HR, RR, and 

SpO₂ with wavelet decomposition and 

Linear SVM, and achieved 94% of accuracy 

and improved recall for early diabetes 

detection. Narasimharao M. et al. [4] 

emphasized hybrid machine learning 

approaches using algorithms such as SVM 

and Naive Bayes, and reported the accuracy 

levels ranging from 65% to 97%. Tared, S 

et al. [5] developed a hybrid Artificial Bee 

Colony optimized SVM model, by 

combining optimization and classification 

techniques to enhance the accuracy of 

92.47%.  Jena, S.K et al. [6] developed a 

diabetes prediction framework using 

preprocessing methods such as KNN 

Imputer, SMOTE, and Recursive Feature 

Elimination, where an ensemble voting 

classifier achieved the best accuracy of 

84.2%. Jain U. et al. [7] highlighted the 

effectiveness of SVM for accurate diabetes 

classification and healthcare decision 

support. Alzboon M.S et al. [8] evaluated 

several algorithms including Logistic 

Regression, Random Forest, SVM, Gradient 

Boosting, and Neural Networks on the Pima 

dataset, where Neural Networks achieved 

the highest accuracy of 78.57%. Logistic 

Regression models [9][10] were widely 

used as interpretable baseline classifiers, 

identifying glucose, BMI, and hereditary 

factors as significant predictors with an 

accuracy of 78.3%. 

Zaki, M.G et al. [11] used the CDC 

BRFSS 2015 dataset with SMOTE and 

feature selection techniques, where Logistic 

Regression achieved a recall of 75.06% and 

ROC-AUC of 83.62% compared to Random 

Forest and XGBoost. Abu-Shareha et al. 

[12] developed a hybrid clustering and 

feature selection framework, where Random 

Forest and XGBoost achieved 88.5% 

accuracy. Martinović G. et al. [13] 

demonstrated the importance of 

preprocessing techniques such as median 

imputation, and outlier handling for 

improving diabetes prediction performance. 

XGBoost-based approaches with 

explainable AI methods such as SHAP and 

LIME were introduced by Rafie, Z et al. 

[14] for type-2 diabetes prediction. 

Khurshid, M.R et al. [15] enhanced 

XGBoost performance using Bayesian 

optimization, achieving 94.26% accuracy. 

Mazgouti, L et al. [16] combined XGBoost 

and LSTM for blood glucose prediction 

using Continuous Glucose Monitoring 
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(CGM) data. Jawza D.N. et al. [17] applied 

feature selection methods such as Genetic 

Algorithm and Particle Swarm Optimization 

to improve the performance of Random 

Forest and XGBoost performance. Swapna 

Donepudi et al. [18] compared LightGBM, 

XGBoost, and hybrid models, where 

LightGBM achieved the best accuracy of 

95.43%. 

Recent studies have increasingly 

focused on deep learning techniques for 

diabetes prediction. Sing, K.R et al. [19] 

designed a CNN-LSTM framework with 

Bayesian optimization and Conditional 

GAN-based augmentation, achieving 94% 

accuracy and 98% AUC. Yahyaoui, A, et al. 

[20] Predicted the diabetes using Machine 

Learning and Deep Learning algorithms 

based on patient medical data. The 

algorithms used are Support Vector 

Machine (SVM), Random Forest (RF), and 

Convolutional Neural Network (CNN), 

which help healthcare professionals 

improve early diagnosis and clinical 

decision making. Among the tested 

algorithms, Random Forest achieved the 

highest accuracy of 83.67%, followed by 

CNN with 76.81% and SVM with 65.38%, 

showing that Random Forest performed best 

for diabetes prediction. 

 Mulla, R.M et al. [21] implemented 

a hybrid CNN-LSTM architecture with 

Random Forest feature selection and 

SMOTE, outperforming conventional 

approaches with recall and F1-score of 

89%. Zhou, H. et al. [22] achieved 99.41% 

accuracy on the Pima dataset using deep 

learning classification techniques. Alex, S.A 

et al. [23] used Deep 1D CNN with SMOTE 

and outlier detection for improved diabetes 

classification on imbalanced datasets.  

Hybrid recurrent neural network models 

have also shown promising results. Raja, W 

et al. [24] developed LSTM-RNN with 

Grey Wolf Optimization based feature 

selection for diabetes prediction achieved 

with 95.21% accuracy. Imam A.A. et al. 

[25] designed a BiLSTM-BiGRU hybrid 

model that captured complex medical data 

patterns for type-2 diabetes prediction and 

achieved 98% of accuracy. Temporal 

Attention-Gated BiLSTM models [26] 

utilized longitudinal Electronic Health 

Records (EHR) for sequential diabetes 

prediction and attained ~70% of AUROC 

compared to standard LSTM models.   

Singh et al. [27] developed DiaXplain, a 

CNN–XGBoost hybrid framework for 

Type-2 diabetes diagnosis that achieved 

98.24% accuracy, 95.12% precision, and a 

97.50% F1-score on NHANES and PIMA 

http://www.thebioscan.com/
http://www.thebioscan.com/


                            
 

1080 
 

21(2): S.I (2), 1076-1091, 2026                                 www.thebioscan.com      

datasets. The study integrates SHAP-based 

explainability to provide transparent, 

patient-level and global interpretations of 

diagnostic predictions, improving the 

clinical reliability of AI-assisted diabetes 

detection.  Prabhu, P et al. [28] developed a 

deep belief neural network (DBNN) model 

for diabetes mellitus prediction that 

achieved 96.3% accuracy on the PIMA 

Indian Diabetes dataset. The multilayer 

deep learning architecture improved 

diabetes classification performance through 

hierarchical feature extraction and 

optimized prediction capability. 

Advanced hybrid architectures 

further improved the performance and 

interpretability. Suyanto et al. [29] 

introduced a Multi-Voter Multi-

Commission Nearest Neighbor deep 

learning framework for diabetes diagnosis, 

while Chun Ouyang et al. [30] employed 

the CNN models on peripheral pulse wave 

data for low-cost diabetes screening. Osama 

Rabie et al. [31] developed a BiLSTM-

based Decision Support System for diabetes 

diagnosis using patient information. 

Marmik Shrestha et al. [32] integrated 

SVM, Radial Basis Function, and LSTM for 

predicting Type-2 diabetes prediction. 

Rajan R. et al. [33] developed the 

BiTabNet_CFs framework incorporating 

BiLSTM, TabNet, CTGAN, and 

counterfactual explanations, achieving 

98.7% accuracy with enhanced 

interpretability.  Liu, L [28] developed an 

MHA-CNN-BiLSTM–based diabetes 

prediction model using digestive health 

factors that achieved 98.7% accuracy with 

improved feature representation and 

temporal learning capability. The study 

incorporated interpretability analysis to 

identify the contribution of digestive-related 

attributes in diabetes prediction and enhance 

model transparency. 

 

3. METHODOLOGY 

 

In this work, a comparative analysis of few 

machine Learning techniques and deep 

learning techniques were carried out. The 

flow diagram is presented in figure 3.1  

http://www.thebioscan.com/
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Figure 1 Flow diagram of Machine Learning and Deep Learning techniques for comparison  

3.1 Preprocessing 

 Pre-processing techniques play a 

crucial role in Diabetes Mellitus prediction 

by enhancing the quality and consistency of 

medical datasets before applying machine 

learning and deep learning algorithms.  The 

techniques include data cleaning to 

eliminate noise and inconsistencies, missing 

value imputation using mean or median 

replacement, and normalization to scale 

data into a uniform range.  

 

3.2 Machine Learning Models 

Machine Learning algorithms are 

capable of identifying patterns from 

historical medical data and generating 

predictions based on learned relationships. 

These methods require structured datasets 

with predefined features such as glucose 

level, blood pressure, insulin level, BMI, 

age, and skin thickness. 

3.2.1 Logistic Regression  

Logistic Regression is one of the 

most commonly used supervised machine 

learning algorithms for classification 

problems, especially binary classification 

tasks such as diabetes prediction. The 

algorithm estimates probability of diabetes 

occurrence using a sigmoid activation 

function. The model first computes a 

weighted sum of input features given in 

equation (1). Logistic Regression first 

calculates a weighted sum of the input 

features.  

𝑧 = 𝛽0 + 𝛽1𝑥1 +

𝛽2𝑥2 … + 𝛽𝑛𝑥𝑛                                            

(1) 

Where z  represents the weighted sum of 

input, β0  is the bias term, β1, β2 … , βn  are 

the coefficients and x1, x2, … . . xn  are the 

features. The calculated value is then passed 

through the sigmoid function to convert it 

into probability as expressed in equation 

(2). 

http://www.thebioscan.com/
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P =
1

1+𝑒−𝑧 

     

 (2) 

Here, P represents the probability that a 

patient has diabetes, while z represents the 

weighted combination of input features. If 

the predicted probability falls between 0 

and 1, with values nearer 1 denoting the 

patient is classified as diabetic.   

3.2.2 Support Vector Machine (SVM) 

Support Vector Machine is a 

supervised machine learning algorithm 

widely used for classification tasks. In 

diabetes prediction, SVM is primarily 

applied as a binary classification model to 

distinguish diabetic patients from non-

diabetic individuals based on clinical 

features. The main objective of SVM is to 

identify an optimal hyperplane that 

separates the data points of different classes 

with the maximum possible margin. A 

larger margin between classes improves the 

model’s generalization ability and reduces 

classification errors. The hyperplane used in 

SVM is represented in equation (3) 

 𝑤𝑇 . 𝑥 + 𝑏 = 0                                   

    (3) 

where w represents the weight vector, 𝑥 

represents the input feature vector, and 𝑏 

denotes the bias term.  The classification 

function is expressed in equation (4) 

  𝑓(𝑥) =

𝑠𝑖𝑔𝑛(𝑤𝑇. 𝑥 + 𝑏)   

  (4)           where 𝑓(𝑥) 

determines the class label of the input data.  

If the output is positive, the sample is 

classified as diabetic otherwise it is 

classified as non-diabetic. 

 

3.2.3 Extreme Gradient Boosting 

(XGBOOST) 

Extreme Gradient Boosting, 

commonly known as XGBoost, is an 

advanced ensemble machine learning 

algorithm based on gradient boosting 

decision trees. In diabetes prediction, 

XGBoost analyzes patient medical 

attributes from the Pima Indian Diabetes 

Dataset to classify patients as diabetic or 

non-diabetic. The algorithm combines 

multiple weak decision tree models 

sequentially to create a strong predictive 

model capable of minimizing classification 

errors.  The objective function of XGBoost 

is represented in equation (5) 

  𝑂𝑏𝑗 = ∑ 𝑙(𝑦𝑖, 𝑦𝑖̂𝑛
𝑖=1  ) 

+∑ 𝛺(𝑓𝑘
𝐾
𝑘=1 )    (5)     

where 𝑙(𝑦𝑖, 𝑦𝑖̂)  denotes the loss function 

that measures the difference between the 

http://www.thebioscan.com/
http://www.thebioscan.com/


                            
 

1083 
 

21(2): S.I (2), 1076-1091, 2026                                 www.thebioscan.com      

actual and predicted values.  Decision trees 

are constructed iteratively by XGBoost, 

with each new tree aiming to fix the 

mistakes made by earlier trees.  This 

mechanism improves classification 

accuracy and enhances robustness against 

overfitting.   

 

3.3 Deep Learning Models 

 Deep learning techniques have 

gained significant attention in diabetes 

prediction due to their ability to identify 

complex patterns and relationships within 

medical data. These methods are applied 

using the PIMA Indian Diabetes Dataset to 

develop predictive models that support 

accurate and early detection of diabetes. 

 

3.3.1 Convolutional Neural Network 

(CNN): 

 In diabetes prediction, the 

Convolutional Neural Network (CNN) 

architecture consists mainly of 

Convolutional layers, Activation layers, 

Pooling layers, Flatten layers, and Fully 

Connected layers. The Convolutional layer 

extracts important diabetic feature patterns 

from clinical attributes using learnable 

kernels. These kernels generate feature 

maps that capture hidden diabetic 

correlations from the input data. After 

convolution, the ReLU activation function 

is applied to remove negative activations 

and improve nonlinear learning capability, 

allowing the model to identify complex 

diabetic relationships more effectively.  The 

Pooling layer mainly uses Max Pooling 

with a 2×2 pooling window to reduce 

feature map dimensions while preserving 

the strongest diabetic feature responses. 

This process decreases computational 

complexity and minimizes overfitting 

during training. The Flatten layer converts 

pooled multidimensional feature maps into 

one-dimensional vectors, which are 

forwarded into the Fully Connected layer 

for classification. Finally, the Fully 

Connected layer uses Sigmoid activation to 

compute probability scores and classify 

patients as diabetic or non-diabetic based on 

the extracted clinical feature 

representations. 

 

3.3.2 Long Short-Term Memory (LSTM) 

Long Short-Term Memory (LSTM) 

is a specialized Recurrent Neural Network 

architecture used for learning long-term 

dependencies and sequential patterns from 

diabetes-related medical data. LSTM 

processes patient records sequentially and 

captures relationships among clinical 

parameters to identify diabetic conditions. 

Unlike traditional recurrent networks, 

http://www.thebioscan.com/
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LSTM effectively handles long-range 

dependencies without suffering from 

vanishing gradient problems. 

The LSTM architecture mainly 

consists of Memory Cells, Forget gates, 

Input gates, Output gates, and Fully 

Connected layers. The Forget gate removes 

unnecessary clinical information from 

memory, the Input gate updates important 

diabetic feature information into the cell 

state, and the Output gate generates hidden 

feature representations for prediction. The 

learned diabetic feature patterns are 

forwarded into Fully Connected layers for 

classification. Finally, the Sigmoid 

activation function is applied in the output 

layer to classify patients as diabetic or non-

diabetic based on the extracted sequential 

clinical patterns. 

 

3.3.3 Bidirectional Long Short-Term 

Memory (BILSTM) 

Bidirectional Recurrent Neural 

Networks, commonly known as BiLSTM, is 

an enhanced version of LSTM that 

processes sequential information in both 

forward and backward directions. Unlike 

standard LSTM, which learns information 

only from past sequences, BiLSTM 

captures dependencies from both previous 

and future time steps simultaneously. This 

bidirectional learning capability enables the 

model to achieve better contextual 

understanding and improved feature 

representation. 

The BiLSTM architecture mainly 

consists of Forward LSTM layers, 

Backward LSTM layers, Memory Cell 

states, Forget gates, Input gates, Output 

gates, and Fully Connected layers. The 

Forget gate removes irrelevant clinical 

information, the Input gate updates 

important diabetic feature information into 

memory cells, and the Output gate generates 

relevant hidden representations for 

prediction. After bidirectional sequence 

learning, the extracted feature 

representations are passed into Fully 

Connected layers for classification. Finally, 

the Sigmoid activation function is used in 

the output layer to classify patients as 

diabetic or non-diabetic based on learned 

sequential diabetic patterns. 

 

4. EXPERIMENTAL ANALYSIS 

 In this work, the experimental 

analysis evaluates the effectiveness of the 

machine learning and deep learning models 

using the PIMA datasets through standard 

performance and the comparative analysis. 

4.1 Dataset 

The Pima Indian Diabetes consists 

http://www.thebioscan.com/
http://www.thebioscan.com/


                            
 

1085 
 

21(2): S.I (2), 1076-1091, 2026                                 www.thebioscan.com      

of 768 patient records with medical 

attributes such as glucose level, BMI, 

insulin concentration, blood pressure, 

pregnancies, skin thickness, diabetes 

pedigree function, and age. Before training 

the models, preprocessing techniques 

including missing value handling, feature 

normalization, and dataset balancing were 

applied to improve prediction performance 

and reduce data inconsistencies. The 

dataset was divided into training and 

testing subsets using 80:20 ratio.  

4.2 Performance Metrics 

 The metrics like Accuracy, Recall, 

Precision, and F1-Score to evaluate the 

models performance. 

Accuracy: 

Accuracy is the proportion of 

correctly classified instances out of total 

number of instances, show-casing overall 

performance but potentially missing class 

balance in imbalanced datasets. The 

equation is as follows 

  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    

 (6) 

where TP: True Positives; TN: True 

Negatives; FP: False Positives; FN: 

False Negatives. 

Precision: 

Precision is defined as the 

percentage of accurately anticipated 

positive instance among all positive 

instances. It is illustrated in the given 

equation 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                       

(7) 

Recall: 

Recall, also known as sensitivity or 

true positive rate, measures the models 

capacity in detecting all positive instances. 

It is crucial for tasks where missing 

positive cases has severe consequences, 

such as medical diagnoses. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                     

(8) 

F1-Score: 

The F1-Score is the harmonic mean 

of Precision and Recall, providing a single 

metric to balance the trade-off between 

these two metrics. It is particularly useful 

when dealing with imbalanced datasets. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛.𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                         

(9) 

4.3 Performance Analysis 

The comparative performance of machine 

learning and deep learning models shown in 

table 1 was evaluated using standard 

http://www.thebioscan.com/
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evaluation metrics including Accuracy, Precision, Recall, F1-Score.  

Table 1 Comparative Performance Analysis 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Logistic Regression 78.4 67.0 64.0 65.5 

Support Vector Machine 83.1 78.4 72.2 75.2 

XGBoost 91.3 90.6 89.3 89.9 

CNN 84.5 82.6 80.2 81.4 

LSTM 93.4 92.8 92.5 92.6 

BiLSTM 98.7 97.0 98.8 97.9 

 

4.4 Discussion 

 

The comparative performance analysis of 

Logistic Regression, Support Vector 

Machine, Extreme Gradient Boosting, 

Convolutional Neural Network, Long Short-

Term Memory, and Bidirectional Long 

Short-Term Memory using the Pima Indian 

Diabetes Dataset revealed that Deep 

Learning approaches achieved better 

prediction performance compared to 

traditional Machine Learning models. 

Logistic Regression produced the lowest 

accuracy of 78.4% with moderate precision, 

recall, and F1-score values because of its 

limited capability to model nonlinear 

relationships among medical features. SVM 

improved the classification performance to 

83.1% by effectively handling nonlinear 

feature distributions using kernel functions. 

CNN achieved 84.5% accuracy through 

automatic feature extraction, while LSTM 

further improved performance to 93.4% by 

learning temporal dependencies and hidden 

feature patterns within healthcare data. 

Among all evaluated models, XGBoost and 

BiLSTM achieved the best performance 

with accuracies of 91.3% and 98.7%, 

respectively. XGBoost demonstrated strong 

classification capability because of its 

gradient boosting mechanism and effective 

feature interaction learning, whereas 

BiLSTM achieved the highest recall and 

AUC performance through bidirectional 

sequence learning and enhanced contextual 

understanding. The results indicate that 

http://www.thebioscan.com/
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advanced Deep Learning and boosting 

algorithms provide superior diabetes 

prediction accuracy, although they require 

higher computational resources and training 

complexity compared to traditional 

Machine Learning methods. 

 

5. CONCLUSION 

In this study, a comparative analysis 

of Machine Learning Models such as 

Logistic Regression, Support Vector 

Machine, Extreme Gradient Boosting and 

Deep Learning Models such as 

Convolutional Neural Network, Long Short-

Term Memory, and Bidirectional Recurrent 

Neural Networks was performed using the 

Pima Indian Diabetes Dataset for diabetes 

prediction. Among all evaluated classifiers, 

BiLSTM achieved the best overall 

performance with the highest accuracy, 

precision, recall, and F1-score, followed by 

XGBoost. The study concludes that Deep 

Learning approaches are more effective for 

intelligent diabetes prediction systems, 

although they require higher computational 

resources and longer training time. Overall, 

the findings highlight the importance of 

selecting appropriate predictive models 

based on dataset characteristics, 

computational requirements, and healthcare 

application needs for improving early 

diabetes diagnosis and clinical decision 

support systems.  In order to further 

enhance prediction accuracy and 

dependability in medical diagnosis systems, 

future research may concentrate on 

integrating deep learning architectures, 

larger real-world healthcare datasets, 

explainable artificial intelligence 

methodologies, and optimization 

algorithms. 
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