Diabetes Prediction Using Machine Learning



Abstract
Diabetes mellitus is a persistent metabolic condition impacting millions globally. Preventing problems requires early detection. This study uses a clinical cohort from Medical Centre Chittagong, Bangladesh, and the Pima Indian Diabetes dataset to create machine learning-based classification models for diabetes prediction. Five supervised algorithms, including k-nearest neighbours, naïve Bayes, support vector machines, decision trees, and multilayer perceptron’s, were trained and validated using ten-fold cross-validation following thorough data pre-processing and the selection of nine essential features. Performance measurements encompassed accuracy, precision, recall, F-measure, and area under the ROC curve. Model accuracies varied between 81.1% and 97.6%, whereas ensemble techniques had a dependability of up to 98.7% and an AUC of 0.95. These results show how integrated machine learning pipelines can help clinicians make clinical decisions when it comes to diabetes risk screening.
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1. Introduction
Diabetes is an incurable and chronic disease that fundamentally disrupts the normal functioning of insulin in the body, ultimately leading to serious conditions such as hyperglycemia, or persistently high blood sugar levels. This condition can result in various health complications, ranging from mildly elevated blood sugar concentrations to dangerously high levels that can lead to severe medical emergencies or even death in the most extreme cases. Diabetes has become a prevalent disorder that currently impacts around 425 million individuals globally, which highlights the urgency of addressing this public health challenge. Within this complex issue, diabetes is classified into three distinct and well-defined types: Type 1, Type 2, and Gestational diabetes.
Type 1 diabetes occurs when the immune system erroneously targets and destroys the insulin-producing cells located in the pancreas. This autoimmune response results in a lack of insulin, which is vital for regulating blood sugar levels. In contrast, Type 2 diabetes is primarily characterized by insulin resistance, a condition where the body's cells become less responsive to insulin. As time progresses, this resistance may lead to a deficient production of insulin, compounding the problem. Under normal circumstances, the body generates insulin, a crucial hormone that plays a critical role in enabling cells to utilize blood glucose effectively, thereby regulating energy levels throughout the body.[1]
Insulin sensitivity is known to typically increase when blood glucose levels are low, thus maintaining stability in both internal cellular functions and external physiological environments. If the internal environment approaches the normal range, a state known as homeostasis is achieved, which effectively mitigates the impact of external influences on the body’s overall functioning. However, in scenarios where blood glucose levels rise significantly due to poor dietary choices, lack of physical activity, or other risk factors, insulin sensitivity tends to decrease while glycogen sensitivity rises. This metabolic shift helps to prevent excess glucose from causing damage to vital organs, including the brain and kidneys. These intricate mechanisms, regulated by hormones and metabolic pathways, play an essential role not only in the regulation but also in the maintenance of normal blood glucose levels

Several predictive techniques are employed in diabetes research to improve our understanding of this disease and to develop more effective management strategies. Techniques such as Logistic regression, Random Forest, and Support vector machine methodologies are commonly used in the field of predictive analytics [2]. The proposed predictive model is rigorously and meticulously tested using the Pima Indian Diabetes dataset, which includes a variety of relevant characteristics such as age, gender, body mass index (BMI), and blood pressure measurements. In addition to these fundamental health metrics, other influential factors such as family history of diabetes and ancestry related to glucose metabolism are also taken into account, adding layers of complexity to the analysis.
The validity of the predictive model is thoroughly evaluated using the ten-fold cross-validation method; this approach allows researchers to assess the model's reliability comprehensively, ensuring that results are not affected by the peculiarities of particular subsets of data. The choice of the number of folds utilized in this process is determined by the specific network architecture employed in the analysis. Within this framework, the dataset is systematically split into ten consecutive linking phases, where approximately 20% of the original dataset is allocated for validation purposes. This careful procedure is essential in ensuring that a thorough analysis and robust evaluation process is in place, ultimately guiding the quest for better diabetes management strategies and potential interventions.[3]
2. Related Works
The rise in diabetic patients has seen extensive research in the area of diabetic prediction. To provide timely and effective treatment management, it is important to detect early intervention before the illness is diagnosed in patients. The diabetes diagnosis sites are almost unchanging; however, in recent years, the most important thing and with improved technology as well as through the use of intelligent systems, the approach of responsible health care management has gained its focus. The machine learning (ML) smart classification is efficient enough to improve early-stage prediction accuracy in the modern health sector. With prediction accuracies above 95%, complexity and interpretability issues are very important. Despite that, by procedure and training time, high-performance ML approaches like Random Forest (RF) and Support Vector Machine (SVM) estimation to boost accuracy often look at the screening values. The directed analysis study has been carried out to identify a limited number of clinical parameters that can replace costly tests, measurements, etc. New classes of diabetes have been introduced in the presence of increasing interest. Obtaining datasets from certain recent classifications is not straightforward, whereas many data mining studies have been done on special populations like type 1 and type 2 diabetes. A multilayer neural network is utilized to improve the effectiveness of a diabetes prediction system [4].
The complexities of diabetic illness were thoroughly discussed, emphasizing the multifaceted nature of the disease, as well as the critical need and relevance of intelligent systems that can better anticipate the progression of diabetes. The Linear Discriminant Analysis (LDA) method is employed to select more relevant features that are closely associated with the condition of diabetes, ensuring a more focused approach to understanding this chronic illness. Subsequently, the adaptive neuro-fuzzy inference system is utilized to classify the data based on the characteristics that have been meticulously chosen through earlier analysis. Throughout our study, we assessed the performance of Support Vector Machine (SVM) and K-Nearest Neighbors (KNN), which both exhibited high accuracy when applied to the PIDD data set. A structured framework specifically for predicting diabetes using various machine learning (ML) algorithms was proposed, providing a systematic approach to tackle the challenges posed by this disease. Furthermore, we suggested a pipeline model designed for diabetes prediction, aiming to not only improve the classification accuracy but also to streamline the overall prediction process. The task of classifying the risk of diabetes mellitus was examined in depth, considering various methodologies. Four prominent ML algorithms—decision tree, artificial neural network (ANN), logistic regression, and naive Bayes—were carefully evaluated in this context. To bolster the performance and enhance the robustness of the models, the Bugging and Boosting techniques were strategically adopted. After a comprehensive evaluation, the random forest model emerged as the most suitable and effective approach for predicting diabetes and was assessed as the best among the discussed techniques for this chronic disease. [5] 
3. Materials and Methodology
Diabetes is caused by problems with insulin production, insulin action, or both. It can lead to severe complications, including cardiovascular disease, blindness, kidney failure, lower limb amputation, and neuropathy. There are two main types, Type 1 and Type 2 diabetes. Type 1 requires daily insulin injections, while Type 2, the most common, can often be prevented or delayed through lifestyle changes. Other specific types can be found in different age ranges or occurring during other illnesses. Diabetes is classified as a non-communicable disease because it is not transmissible by infectious agents and is usually identified by signs and symptoms.
Machine learning is a scientific discipline that analyzes and model’s data to extract knowledge by associating information about a specific phenomenon or process. It can be categorized into supervised and unsupervised learning. Supervised learning is teacher-guided learning, while unsupervised learning structures input data without predetermined labels. Clustering finds patterns in input data without human labeling or filtering, with a common application in recommending movies, stores, or restaurants. Training a model in supervised learning requires a labeled dataset with input data and the corresponding output. [6]
For diabetes risk prediction, 9 features were selected and compiled from a public dataset. Healthcare data formatted in a CSV file was used for several supervised, unsupervised, and reinforcement machine learning algorithms. Specifying and evaluating the model according to the readers’ level of understanding and expected benefits was attempted. Machine learning is also applied in industries like construction, banking, and finance, with software packages available for developers to implement algorithms and data scientists to analyze data. To facilitate inquiries about implementation, a concise research memory was compiled. The programming takes advantage of a library for various algorithms. Other techniques for implementation were also presented. [7]
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Figure 1: Chart of Methodology
3.1. Data Collection
This research work developed an intelligent model based on machine learning techniques for predicting diabetes mellitus, which can alert the healthcare systems, helping them to take preventive measures. The main objective of this work was to develop a predictive model to classify a person's condition as diabetes or no diabetes based on the past medical history using the relevant parameters. Experimental results on the PIMA Indian Diabetes dataset showed that all classifiers achieved average accuracy ranging from 81.08% to 90.25%. The multilayer perceptron (MLP) results outperformed the other classifiers as it gave an overall accuracy of 90.25%. The experimental results were highly promising. Diabetes is a chronic disease. As of 2014, more than 387 million people worldwide had diabetes, and the total is projected to rise to 592 million by 2035. Governments worldwide spent $612 billion on diabetes care in 2014, an amount projected to climb to $802 billion by 2035. The chronic and slow progression of diabetes will eventually lead to blindness, kidney failure, heart attacks, lowering limb amputation, and death without proper management of blood glucose levels. To appropriately manage diabetes and raise awareness, precise prediction of diabetes risk is necessary. Machine-learning models constitute an important tool for physicians, clinicians, and health professionals to automate the risk assessment of diabetes occurrence based on several risk factors. [8]
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Figure 2: Data collection
This research work was developed to provide an efficient machine learning model to assist patients in receiving an appropriate diagnosis timely manner, avoiding future diabetes complications. The dataset consists of various attributes or risk factors of diabetes mellitus. This data was collected from the diagnostic of Medical Centre Chittagong (MCC), Bangladesh. Data preprocessing, such as data cleaning, normalizing, data reduction, and discretization, was the main step of this research [9]. To achieve the goal of this research, some data preprocessing such as converting the numeric attribute values into nominal, testing for missing values, both empty and redundant records from the database. The healthcare professional will receive a recommendation list of classes for a particular query instance. This research work implemented five machine learning techniques, such as k-nearest neighbor (KNN), naive Bayes (NB), multilayer perceptron (MLP), random forest (RF), and support vector machine (SVM) to predict diabetes. [10]

3.2. Feature Selection
Diabetes Mellitus (DM) is a chronic disease that poses a significant burden to global public health. Within recent years, the prevalence of DM cases has escalated rapidly, and there will be about 642 million diabetes patients around the world by 2040. In type 1 diabetes, which is symptomatic before the age of 30 years, pancreatic beta cells produce little or no insulin. Type 2 diabetes, which is mainly insidious in onset after the age of 30 years, accounts for about 90% of diabetes diagnoses and is characterized by insulin resistance in extra pancreatic tissues [11].
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Figure 3: Feature selection

 Early diagnosis of the disease is necessary for timely intervention and risk reduction. In medical practice, the risk of diabetes or pre-diabetes/normal screening is often estimated via plasma glucose or hemoglobin A1c measurements. These tests, however, are subject to various interpersonal biochemical factors and costs, and also overexpose the population to unnecessary interventions and risks. Consequently, there is increasing interest in developing machine learning algorithms that use simple risk factors (age, gender, obesity class, history, etc.) to pre-populate screening tests (i.e., pre-selection) and improve their accuracy (i.e., post-selection). In support of this work, the Pima Indian Diabetes Database is examined in its entirety (more than 4000 entries) and performance validated in a risk model development/validation cohort format (the first 800 entries for development, the latter 303 entries for validation) using full advantage of ensemble learning. Ensemble risk classifiers based on logistic regression would be computationally feasible and interpretable, two important practical factors going forward. Although they are reasonable risk predictors (AUC 0.77, 0.84), they still have room for improvement. Several alternatives are proposed in the literature, but they have usually not been applied widely to the diabetes literature of pre-selection and risk screening. Machine learning models potentially possess higher predictive capabilities, but with the caveat that they are less interpretable than risk classifiers. Nevertheless, ensemble neural network approaches for post-selection risk modeling are proposed: one that is entirely ensemble and one that favors ensemble base learners where it matters most.[12]
3.3. Model Selection
Machine learning (ML) is a branch of artificial intelligence focused on creating algorithms that can learn from data and make predictions. The scope of machine learning is very broad, and it has been successfully applied in various fields. Second, diabetes is a chronic disease that can lead to serious health complications. Mortality and expenditures related to diabetes are increasing. Current treatment is very expensive, not very successful, and patient-unfriendly. Early prevention of the disease will improve patient outcomes and lower expenditures. Many systems and processes range from seemingly trivial to complex. Diseases are related to systems and processes that are very complex because they are subject to many interacting influences. As a first step in disease prevention, the prediction of the disease is required.
The prediction systems should be online, robust, and applicable in real time. These requirements can be fulfilled with the help of automatic predictive models using machine learning. However, the development of predictive models requires deep knowledge of mathematics and programming skills. This hinders the acceptance of the models by health care personnel, who are often very skilled in medicine and biochemistry but do not have a mathematical and programming background to understand the models that take most of the time in their development of the models. [13]
When diabetes is suspected, a series of tests is initiated to assess blood glucose levels. These tests include standard care options like glucose test, postprandial blood glucose level, and glucose challenge test. A health tag, based on high blood glucose levels, provides an independent assessment on whether the concerning result obtained is due to illness or other factors. An outreach service is designed that gives personalized suggestions based on a health assessment. Performance evaluation shows that the approach is useful in preventing diabetes and improving public health. Future work will focus on real-time person monitoring.
3.4. Training and Testing Procedures
Stepwise Procedure of ML Model Building To develop ML models to assist health scientists and practitioners in curbing the diabetes epidemic, the following stepwise procedure was followed during the research: Data Pre-processing Data pre-processing steps are crucial to the development of a successful ML model. Whether the ML model is binary classification, multi-class classification, or regression, one of the essential steps before applying the models is data pre-processing. In this case, data pre-processing is applied to the datasets to ensure a successful development of ML models. The database is properly sanitized, and the missing values are treated. Feature Selection Feature selection is the process of selecting a subset of relevant features for use in model construction, or in other words, the data dimensionality is reduced by selecting which features will contribute most to the outcome. The important features for each ML model are identified and ranked accordingly. A threshold is selected, and only those features that have an importance ranking higher than the threshold are selected. Training and Testing Procedures ML models were trained and tested using different proportions of training data vs. test data between 60% to 90% in a ratio of 20%. A model was deemed satisfactory if the prediction performance was consistently high across the training/testing proportions. Data Pre-Processing The respective steps inside data pre-processing ensure that ML models are trained/tested on datasets under proper conditions to achieve good prediction performance. The data preprocessing steps involved removing columns or rows with all values as NA, dropping unrelated columns, and normalizing all the feature values. After ensuring that the resultant datasets contained only required features and that missing values in the datasets were suitably resolved, the next step was to perform further data pre-processing. Thus, categorical features are treated by encoding, and the binary target feature is handled by transforming the labels to numerical values using the standard convention in ML. The feature values are then normalized using MinMaxScaler, and the datasets are split into training and test sets [14].
4. Experimental Results
Once the data has been ready for modeling, we employ four popular machine learning classification techniques to predict diabetes mellitus.
 1. Support Vector Machines: This is one of the most popular classification techniques. A Support Vector Machine (SVM) is an excellent classifier, formally characterizes the data by separating a hyperplane. SVM isolates entities in specified classes. 
2. Naive Bayes: Naive Bayes is a popular probabilistic classification technique. Naive Bayes, also called the Bayesian theorem, is a simple, effective, and commonly used machine learning classifier. The algorithm calculates probabilistic results by counting the frequency and combines the value given in the dataset. 
3. K-Nearest Neighbor Algorithm: K-nearest neighbor is a simple classification and regression algorithm that uses a non-parametric method. The algorithm records all valid attributes and classifies new attributes based on their resemblance measure. 
4. Decision Tree: A decision tree provides powerful classification techniques to predict diabetes mellitus. The majority of the information highlights limited discrete areas and features called the classification. Every discrete area and feature of the domain is called a class.
 5. A decision tree algorithm has been chosen to measure the performance analysis of the diabetic data. The learning method can be used to diagnose medical data to predict the value of the decision attribute. To measure the performance of the classification techniques, we perform the most popular N-fold cross-validation technique. Based on the results, the goal of the four algorithms is to better classify future observations while reducing classification errors. It can be concluded that the suggested models are more accurate than other type 2 diabetes prediction models. The k-means algorithm was successful in improving the quality of the data, which enhances the outcomes [15].
4.1. Model Performance Metrics
In this research work, various metrics are examined (accuracy, precision, recall, F-Measure, and AUC) to evaluate the performance of the machine-learning models. Each metric will help to identify the strengths and weaknesses of the models. 
*The Accuracy: The accuracy is a key metric in evaluating the performance of predictive models. It is defined as the proportion of the total number of predictions that were indeed correct. In other words, accuracy measures how often the model is right compared to all predictions made by the model.
*The Precision: The precision specifically measures how many individuals who are categorized as diabetic genuinely and accurately belong to this specific medical class. This comprehensive definition emphasizes the crucial importance of maintaining high accuracy and reliability in diabetes diagnosis and classification. Only through precise measurements can we ensure that individuals receive the proper medical care and treatment they require.
*The Recall: The recall metric provides insight into the proportion of individuals who are diabetic that are accurately identified or predicted. It quantifies the effectiveness of the model in recognizing actual positive cases within the dataset.
*The F-Measure: The F-measure is defined as the harmonic mean of both precision and recall, which together capture the predictive performance of a model in the context of classification tasks. This metric is particularly useful when we need to strike a balance between precision and recall, especially when dealing with imbalanced datasets.
*The AUC: The last metric, which evaluates the ability of a model to distinguish between classes (non-diabetic and diabetic cases), is the AUC. To evaluate the distinguishability of a model, the area under the curve (AUC) is exploited. A ROC curve is a plot of the true positive rate (sensitivity) against the false positive rate (1-specificity), overlaid with the diagonal line indicating the area of no discrimination. The closer to 1, the better the ML model performance is in distinguishing diabetes from non-diabetic instances. For comparison, the AUC will be computed using 10-fold Stratified Cross-validation.  [16]
• The relatively close to 1 AUC scores suggest that the models are generally performing quite well, indicating their potential to be useful and effective in various applications.
• In our analysis, the regression models consistently achieved the highest AUC scores, demonstrating their effectiveness in capturing complexities in the data.
• The models also achieved high accuracy scores, indicating that they are correct in most of their predictions. A comparison of the prediction capabilities of the machine-learning models. All the represented models achieved satisfactory results, with AUC scores ranging from 0.846 to 0.964. [17]
4.2. Comparative Analysis of Models
In the current study, different comparative analyses on machine learning classifiers in the context of diabetes prediction have been summarized. Variations in terms of machine learning algorithms, datasets, projections, and performance evaluation metrics have been discussed. Based on the literature review done, it has been observed that only a few attempts have been made to detect diabetes using machine learning classification algorithms. Structure awareness and statistical awareness are important approaches for extracting all relevant features from real data metrics to detect diabetes. In some of the existing methodologies discussed, the data remain imbalanced due to limited information on common dominators that lead to glucose exposure. Diabetes data may be unbalanced because some groups of people at risk may not have many similarities or interactions among them that lead to a higher risk of glucose exposure. Therefore, guidelines can be developed for diabetologists and healthcare organizations to assist in diabetes prediction that the diabetes detection tasks will require relative feature acquisition methods as well as classifiers that have the potential to address the structural nature of the standard dataset. Structured classifiers can thus be used in conjunction with feature grouping methods that can understand the attributes of the diabetes dataset to enhance predictive performance in the diabetes detection domain. In addition, there is still room for improvement in the work to develop optimal diabetes detection systems that can deal with such issues promptly. To avoid the pitfalls of data imbalance in future work, fair clustering can be explored from many different angles for model clustering to respect the distribution of the number of instances of each class. Finally, it is also envisioned that performance measures will be developed and implemented for the classifiers to ensure that they adhere to ethical practices across all classes. [18]
4.3. Visualization of Results
Diabetes is a chronic disease that may have serious complications if not treated appropriately. As a result, automated and accurate diabetic prediction is critical. To enhance diabetes patients’ wellness, modern Machine Learning and data preprocessing methodologies are utilized to anticipate and categorize diabetes occurrence probability. Initially, a dataset with 63 attributes was examined. Missing values and other apparent errors are removed from the attributes first. As a result, an improved dataset with 9 attributes was gained. The performance and accuracy of several ML models, including KNN, SVM, DT, and NB, have been examined, and the KNN model outperformed the others. As a result, Thyroid disease is predicted using a hybrid model that combines an adaptive boosting (Adaboost) classifier with a convolutional neural network (CNN), Lasso logistic regression, and 10 times k-fold cross-validation. The model gives 97% for Recall and 98% for Accuracy. The study concluded that with the use of hybrid models in diabetes prediction, neural networks outperformed other traditional statistical techniques by being more effective with more flexible data and yielding more efficient results. [19]
It is a chronic condition in which blood sugar levels increase over time. Hyperglycemia (increased blood glucose levels) results as a consequence of insufficient insulin generation, insulin resistance, or both. Unregulated diabetes can lead to serious problems such as retinopathy (visual impairment), renal failure, myocardial infarction (heart attack), and peripheral artery disease (dark tan on legs). There are many different types of diabetes, such as type 1, type 2, gestational diabetes, and juvenile diabetes. Type 2 diabetes is a kind of diabetes that develops when cells lose their sensitivity to insulin, raising blood sugar levels. In the event of damaged cells, it is eventually categorized as type 1 diabetes (insulin-dependent). Glucose is translated into energy in type 1 diabetes with the help of insulin by the pancreas. The pancreas is damaged or stops working as a result of immunological abuse. Blood sugar levels rise when glucose remains untraduced. Blood sugar levels can change abruptly as a result of insufficient insulin production while simultaneously increasing in diabetic patients. High blood sugar concentrations have been correlated with the earlier onset of diabetes and its dangerous effects on the body. Since 2000, the prevalence of diabetes has more than quadrupled globally. Diabetes was once thought to affect only adults; however, as of 2015, diabetes prevalence among children aged 14 years and younger has increased to 8% in some urban areas. A healthy blood glucose follow-up is crucial because undiagnosed diabetes can be fatal. [20]
5. Literature Review
A unique diabetes prediction model that incorporates both exterior characteristics like lifestyle metrics, and traditional clinical markers like insulin, BMI, and glucose levels is described by Mujumdara and Vaidehi (2019) [21]. When used on the Pima Indians Diabetes Data Set, their machine learning technique increases classification accuracy above current techniques, which is significant given the enormous worldwide health effects of diabetes.

Recent developments in the use of machine learning approaches for diabetes prediction are reviewed by Jaiswala, Negia, and Pal (2021) [22]. Their paper examines a variety of models, such as ANN, SVM, and naïve Bayes, outlining both their advantages and disadvantages due to heterogeneous data. The paper offers a thorough analysis of existing constraints and makes recommendations for how to include techniques to enhance early diagnostic performance. 

To assess the usefulness of hemoglobin A1c (A1c) as a screening tool for undiagnosed diabetes and a predictor of future diabetes, Choi et al. (2011) [23] carried out a six-year community-based prospective study. They establish the ideal A1c cutoff values (5.9% for diabetes that has not yet been diagnosed and 5.6% for 6-year risk prediction) and emphasize how useful A1c monitoring is in primary care settings, which can help with prompt intervention.

Yu et al. (2010) [24] use NHANES data to show how SVM modeling can be used to classify people with diabetes or pre-diabetes. By creating two SVM-based classification schemes and choosing the best variables (e.g., blood pressure, BMI, and family history), the study shows that SVM can outperform more conventional approaches in terms of discriminative power, highlighting its potential as an automated clinical diagnostic tool.

To enhance diabetes prediction, Singh et al. (2021) [25] present Edi Predict, an ensemble framework that integrates multiple machines learning methods, including XGBoost, Random Forest, SVM, and neural networks. Their method achieves good classification accuracy on the Pima Indians Diabetes dataset by using weighted voting based on the area under the ROC curve, demonstrating the advantages of ensemble techniques to get beyond the drawbacks of individual models.

In addition to classifiers like naïve Bayes, decision tree, Adaboost, and Random Forest, Maniruzzaman et al. (2020) [26] offer a machine learning framework that uses logistic regression for feature selection. When tested on a dataset from NHANES, their system achieves an overall accuracy of over 90%. The combination of Random Forest and logistic regression can achieve up to 94.25% accuracy and 0.95 AUC, underscoring the significance of careful classifier selection and preprocessing for diabetes prediction. 
Naz and Ahuja (2020) [27] use the Pima Indian dataset to study a deep learning architecture for diabetes prediction. Their method contrasts some functional classifiers, such as ANN, naïve Bayes, and decision trees, and shows that deep learning outperforms them in terms of capturing the nonlinear relationships present in clinical data, with an accuracy of 98.07 percent. This implies that deep neural network models may be useful medical prognostic instruments.

Using both conventional machine learning and deep learning algorithms, Refat et al. (2023) [28] conduct a thorough comparative examination of early-stage diabetes prediction methods. Using a UCI dataset with 17 features, the study concludes that although the XGBoost classifier performs almost flawlessly, other models also sustain accuracy levels above 90%. These results highlight the potential of hybrid and ensemble techniques for accurate early detection.

Using the Pima Indians Diabetes Data Set, Patil and Tamane (2018) [29] assess and contrast several classification systems for diabetes prediction. With an emphasis on metrics like accuracy and ROC, their experimental study evaluates approaches including logistic regression, k-nearest neighbors, SVM, and ensemble techniques. To choose the best algorithm for early diagnosis in various healthcare settings, the analysis highlights the relative advantages and disadvantages of each approach.

To forecast diabetes, Yahyaoui et al. (2023) [30] suggest a decision support system (DSS) that combines deep learning (a Convolutional Neural Network) with traditional machine learning (SVM and Random Forest). The hybrid method, which has been tested on the Pima Indians Diabetes database, is intended to increase clinical decision-making by improving disease prediction accuracy. The study emphasizes how DSS supports prompt medical actions by offering unbiased, data-driven support.

Le et al. (2021) [31] present a new method for predicting diabetes early on by merging metaheuristic algorithms with wrapper-based feature selection. Their framework reduces the number of required input features while increasing prediction accuracy (up to 97%) by optimizing a Multilayer Perceptron (MLP) using Grey Wolf Optimization (GWO) and Adaptive Particle Swarm Optimization (APSO). Because it simplifies models without compromising performance, this approach is positioned as a promising tool for clinical decision support.

Kadhm, Ghindawi, and Mhawi (2018) [32] provide an integrated diabetes prediction system that uses a customized Decision Tree classifier after first removing noisy data using a K-nearest neighbor approach. Their method yields a high accuracy of 98.7% when evaluated using the Pima Indians Diabetes dataset, highlighting the need for efficient data preprocessing in improving classification performance. 
Alehegn and Joshi (2017) [33] combine many classifiers, including KNN, Naïve Bayes, Random Forest, and the J48 decision tree, to create an ensemble hybrid model for diabetes prediction. Their approach leverages the complementary characteristics of distinct algorithms to improve predictive performance using the Pima Indian Diabetes Dataset, offering insights into how ensemble methods can successfully increase the accuracy of disease prediction. 
Alehegn, Joshi, and Mulay (2018) [34] use the Pima Indian Diabetes dataset to test several machine learning methods, such as SVM, Naïve Net, and Decision Stump. With a claimed accuracy of 90.36%, they suggest a novel ensemble method (PEM) to increase forecast accuracy. Through feature selection and data preprocessing, they reduce dimensionality and enhance classifier performance, as their study highlights. 
To forecast diabetes, Bukhari et al. (2021) [35] offer an enhanced artificial neural network (ANN) model that makes use of the artificial backpropagation scaled conjugate gradient neural network (ABP-SCGNN) method. With an ideal setup of 20 hidden neurons, the model obtains a 93% validation accuracy when tested on a Pima Indian Diabetes dataset, indicating its effectiveness and possible use in clinical settings for early illness diagnosis. 
Using the Pima Indians Diabetes dataset, Azrar, Awais, Ali, and Zaheer (2018) [36] compare several data mining models for diabetes prediction, including Decision Tree, Naïve Bayes, and KNN. Their work in the International Journal of Advanced Computer Science and Applications serves as a helpful benchmark for choosing the optimum model for early diagnosis in healthcare applications by demonstrating the efficacy of various categorization algorithms.

To forecast diabetes from massive datasets, Yuvaraj and SriPreethaa (2017) [37] use machine learning methods in a Hadoop cluster setting. They show that scalable, parallel processing can greatly improve predictive performance in healthcare systems by evaluating classifiers like Decision Tree, Naïve Bayes, and Random Forest and using distributed computing to process the Pima Indians Diabetes database effectively.

To forecast diabetes using the Pima Indian Diabetes dataset, Hasan et al. (2020) [38] present a strong framework that combines a Multilayer Perceptron with several machine learning classifiers, such as k-NN, Decision Tree, Random Forest, AdaBoost, Naïve Bayes, and XGBoost. Their ensemble method outperforms state-of-the-art methods in terms of both sensitivity and specificity by using weighted voting based on the AUC of individual classifiers and a grid search for hyperparameter tweaking. 
Kaur and Chhabra (2014) [39] use the Pima Indians Diabetes Data Set to improve diabetes prediction by modifying the usual J48 decision tree algorithm. They greatly increase classification accuracy by utilizing pruning approaches, handling missing values, and refining attribute selection by integrating the WEKA tool into MATLAB. This results in interpretable decision rules that aid in clinical diagnosis. 
A hybrid diabetes prediction model is presented by Edeh et al. (2022) [40] that incorporates a k-means clustering step with several classification algorithms, such as Random Forest, SVM, Naïve Bayes, and Decision Trees. The authors show that ensemble methods may successfully handle the variability of clinical data by assessing their method on two datasets: The Pima Indians Diabetes Data Set and a Frankfurt Hospital dataset. This results in high accuracy and provides a reliable tool for early diabetes identification. 

6. Discussion and Comparison
TABLE 1. Reviewed Literature
	
Ref.
	Technologies
	Focuses
	Benefits

	Challenges
	[bookmark: _Hlk192431100]AI Methods
	Results


	[21]
	Big information analytics combined with a pipeline for ML

	Including risk factors to improve classification

	Enhanced accuracy of predictions

	Combining diverse information

	Different machine learning algorithms

	Increased accuracy compared to conventional techniques


	[22]
	Examining several machine learning techniques

	Examining several ML approaches overview of machine learning developments in diabetes prediction

	thorough insights

	Limited testing on a variety of groups

	Deep learning, ANN, SVM, and NB

	identifies the methods' advantages and shortcomings


	[23]
	Diagnosis model based on A1c

	A1c grade screening and forecast

	Easy and efficient screening

	Making A1c cutoffs better

	Analysis of statistics (ROC, Cox model) 

	5.9% for detection and 5.6% for danger are the recommended cutoffs.


	[24]
	SVM classification

	Identifying pre-diabetes and diabetes

	High capacity for discrimination

	Complexity of feature selection

	Vector Machinery Interface

	AUC of ROC about 83.5%


	[25]
	Foundation for an ensemble

	Combining many machine learning models to make predictions

	Improved performance and resilience

	Increased computational difficulty

	Group techniques

	performs better than isolated models.


	[26]
	LR plus several classifiers in a mixed system

	Patient categorization and factor of risk choice

	High general range

	Design and procedure tuning

	the Adaboost, Random Forest, along with LR, NB, and DT

	AUC of 0.95, reliability up to 94.25%


	[27]
	PIMA dataset using an algorithm for deep learning

	Early identification of diabetes

	Extremely precise

	needs high-quality information

	Artificial Neural Networks with Deep Learning

	98.07% accuracy was attained.


	[28]
	Comparative analysis, including XGBoost

	Predictive analysis in its early stages

	determines which model performs the best.

	Problems with model tuning

	Several ML/DL methods, such as XGBoost

	XGBoost accuracy is close to 100%; others are around 90%.


	[29]
	Numerous traditional classifiers

	Comparing several classification methods

	Unambiguous evaluations of performance

	Issues with features and data imbalance

	Random Forests, SVM, KNN, LR, and so forth.

	ROC measurements are used to evaluate performance.


	[30]
	The Decision Support System (combination of ML and DL)

	Assistance with clinical decisions for the diagnosis of diabetes

	Synthesis of theories in practice

	Accuracy and intricacy must be balanced.

	CNN, SVM, and random forest models

	RF finest precision of 83.67%


	[31]
	Dynamic PSO with MLP and gray-wolf optimization (GWO) for wrapper-based choice of characteristics

	Predicting diabetes later with a smaller feature set

	Low input feature count and high reliability of predictions (96–97%)

	Combining and adjusting metaheuristics with ANN

	Metaheuristic optimization of MLP (GWO, APSO)

	96%–97% accuracy was attained.


	[32]
	KNN for removing noise, then Decision Tree categorization

	Predicting diabetes accurately through data cleansing

	The speed of processing is significantly reduced, and accuracy is great (98.7%).

	Effective elimination of superfluous information

	Decision trees for categorization and KNN for pre-processing

	Attained reliability: 98.7%


	[33]
	KNN, Naïve Bayes, Random Forest, and J48 are combined in this ensemble mix model.

	Early diabetic illness prediction using an ensemble approach

	Enhanced efficiency through the utilization of several models

	Resolving data heterogeneity and integrating various classifiers

	KNN, NB, RF, and J48 using an ensemble (a hybrid method)

	Better performance compared to individual models


	[34]
	Combining a Planned Ensemble Approach (PEM) with SVM, Naïve Net, and Decision Stump

	Insulin resistance prediction with classifier fusion

	Excellent overall forecast accuracy (about 90.36%)

	Preparing data for mining and extracting features

	Neural Stump, SVM, Naïve Net, and ensemble synthesis (PEM)

	PEM's efficiency was 90.36%.


	[35]
	ABP-SCGNN method implementation for an enhanced artificial neural network

	Refined ANN for accurate forecasts of diabetes

	Effective forecasting with reduced error; 93% precision

	The ideal arrangement of the ANN's layers and neurons

	ANN optimized with a conjugate function scaled by replication

	The accuracy of the 20-nerve ABP-SCGNN models was 93%.


	[36]
	Data collection methods (Decision Tree, Naïve Bayes, KNN, etc.) are compared.

	The contrast of traditional data mining methods for predicting diabetes

	gives information about performance in relative terms.

	Addressing imbalance and data preparation concerns

	With others, Decision Trees, Naïve Bayes, and KNN

	The result of a comparison was presented, and the baseline efficiency was documented.


	[37]
	Hive cluster-based machine learning classifiers (Decision Tree, Naïve Bayes, and Random Forest), which are

	Massive data processing for diabetic prediction in healthcare facilities

	Speed and effective collaborative processing

	The intricacy of managing and evaluating vast amounts of unstructured data

	Conventional machine learning classifiers in a Hadoop environment

	shows excellent stability and efficiency on big datasets.


	[38]
	Combining various machine learning classifiers (k-NN, DT, RF, AdaBoost, Naïve Bayes, XGBoost, and MLP)

	Strong framework for predicting diabetes by assembly

	achieves better results than the prior state-of-the-art (AUC of 0.950).

	Handling outliers, hyperparameter tweaking, and value gaps

	Soft voting by weighting using an ensemble approach (weights from AUC)

	AUC = 0.950 was attained, and overall results increased.


	[39]
	Better J48 classifier (better Decision Tree with MATLAB connection using WEKA)

	Effective data mining for the prediction of insulin resistance

	Notable increase in accuracy compared to the normal J48

	Problems with parameter tweaking and data noise

	A Decision Tree Improved (J48/C4.5 version)

	Prediction accuracy has significantly improved.


	[40]
	A hybrid model that integrates unsupervised learning (k-means clustering) with supervised learning (RF, SVM, NB, DT)

	Predicting diabetes early with a hybrid algorithm

	Very precise across a variety of datasets (83.1% on PIDD, 97.6% on Berlin data).

	Combining disparate datasets and algorithmic frameworks

	Group: k-means clustering plus automated classifiers

	On the PIMA dataset, RF obtained 97.6% (Berlin Hospital) and SVM 83.1%.



Twenty research studies on diabetes prediction are summarized in the tables, which group the papers according to important criteria like the models and technologies employed, the primary focus of each study, the advantages and difficulties noted, the particular AI or machine learning techniques used, and the results obtained. The first ten studies are included in Table 2, which highlights methods ranging from sophisticated ensemble and deep learning approaches to conventional statistical analyses employing A1c biomarkers. Improvements in classification accuracy and clinical relevance are indicated. This comparison is expanded in Table 3 to include research that uses ensemble models on small and big datasets, metaheuristic-based feature selection, and hybrid frameworks that combine supervised and unsupervised learning methods. All things considered, both figures highlight the various and developing strategies for using data mining and machine learning to improve early diabetes prediction, indicating ongoing attempts to increase the accuracy and resilience of clinical decision support systems.

7. Extracted Statistics 
The frequency distribution emphasises the importance of predictive modelling: "Diabetes" is mentioned 12 times and "Prediction/Predicting" 13 times, indicating that most efforts are focused on predicting the beginning of the disease. Secondary priorities encompass early detection (4 mentions), ensemble or hybrid algorithms (3), and large-scale data mining/processing (3), indicating a trend towards model integration and the management of enormous datasets for enhanced accuracy. Fundamental methodological issues—conventional classification and risk-factor selection—are each addressed twice, but specialised subjects such as A1c screening, clinical decision assistance, ANN refining, and data cleansing appear just once. This tendency underscores a research environment motivated by the pursuit of prompt, precise predictions, enhanced by methodological advancements and specialised investigations, as illustrated in Figure 1.

Figure 4: The focusses statistical representation.

The problem analysis shows that the most common pain spots are integrating or combining models and datasets and tweaking models or procedures (including hyperparameters), each with four mentions. This highlights how challenging it may be to find the optimal settings and harmonise disparate approaches. Strong preparation is necessary, as seen by the three mentions that follow data quality issues, such as noise handling and cleaning. Selecting the appropriate variables and handling skewed classes continue to be issues, as evidenced by the two appearances of feature selection and extraction and data imbalance. As seen in Figure 2, the remaining difficulties—computational complexity, accuracy–complexity tradeoffs, optimising A1c cutoffs, limited generalisability, managing unstructured data, and designing ANN architectures—occur only once, suggesting a wider range of specialised problems that researchers must also deal with.

Figure 5: The Challenges statistical representation.

With six citations, decision trees are the most widely used method in diabetes prediction studies. Naive Bayes comes in second with five citations. K-Nearest Neighbours, Random Forests, and Support Vector Machines all make four appearances, demonstrating their continued use as fundamental classifiers. Artificial Neural Networks and ensemble techniques appear three times each, indicating interest in deep architectures and the efficacy of model combinations. The two registers for logistic regression and deep learning in general (including CNNs) demonstrate the ongoing investigation of both advanced and conventional statistical methods. As Fiqure 3 demonstrates, the remaining techniques—XGBoost, AdaBoost, MLP metaheuristic optimisation, statistical analyses (ROC and Cox models), vector machinery interfaces, clustering methods, Hadoop-based classifiers, soft voting ensembles, Naïve Nets, and neural stumps—all appear once, suggesting a wide range of experimental approaches in addition to the dominant classifier families.

Figure 6: The AI methods statistical representation.

The concentration on raw predictive performance is evident in the accuracy percentages, which lead the pack with six mentions and range from 83.1% to over 100%. Four times, there are comparative performance comments that highlight how ensemble and hybrid approaches routinely perform better than solo models. AUC metrics appear three times, with reported values ranging from 0.83 to 0.95, indicating extensive utilisation of ROC analysis to evaluate discrimination capability. Both efficiency measurements (such PEM's 90.36%) and reliability measures (like up to 94.25% and 98.7%) appear twice, indicating issues with consistency and computational viability. Figure 4 completes the landscape of less common but significant outcome’s themes with single references to the use of ROC evaluations, suggested cutoffs (5.9%/5.6%), baseline documentation, and stability on big datasets.

Figure 7: The results statistical representation.
8. Discussion
Diabetes is a metabolic disorder characterized by an imbalance of exogenous and endogenous insulin, which leads to an increased level of sugar in the blood. It affects millions of people worldwide, causing heart attacks, strokes, kidney failures, blindness, and amputations. Besides, it affects many parts of the body, both microvascular and macrovascular, and results in chronic complications such as neuropathy, nephropathy, retinopathy, and foot ulcers. Therefore, early detection of risk factors and diagnosis of diabetes is essential. With a sufficient amount of knowledge and experience, it is possible to detect the risk of diabetes other than HbA1c by using other methods like machine learning.
Machine learning methods are very popular at present due to the increase in computer power, storage, and inexpensive instruments for collecting data. It comprises clinical and technical problems so large that it is impossible to develop an analytical model even when all data subsets and relevant information are made available. The term machine learning implies predictions. It helps understand those variables that have a significant association with the outcome by relating predictors to a hidden threshold class. A tool is provided to strike a balance between missed classification and false alarms. This method allows the extraction of hidden relationships to help them decide the clinical path of patients. Resource use may be optimized by forecasting which treatments are likely to succeed or fail.
To date, many methods using different classifiers and approaches have been proposed. Their differences stem from the mathematical base as well as the estimation of missing variables and different preprocessing techniques. With machine learning methods, there is also a choice of probability cut-off. People with no computing background will be able to use the method thanks to straightforward interfaces. Many open-source tools are available. However, the aim is not only to provide a simple decision support tool but also to list a comprehensive and reproducible comparison of classifiers and approaches related to diabetes prediction. Standard datasets for evaluating knowledge discovery methods and experimentation with them are supported. However, it is hoped that results reported in this area will not be distorted as they have been in the last decade in clinical fields.
8.1. Interpretation of Results
The problem of diabetes mellitus prediction has been considered a challenging study in a technological society due to the complexity of the disease caused by diabetes and its high cost after the disease occurs. The developed algorithm models for diabetes prediction are not perfect, and this is due to the very few parameters that have been considered during the prediction process. To extend the study, an efficient extraction of knowledge by discovering possible data patterns without the guaranteed availability of potential models in advance can be achieved with data data-driven approach. In addition, the preprocessing steps of the data to organize it into whole datasets for decision models and some modifications over the input data can assist in improving efficiency. Continuous reveal of such acute diseases leads to rich datasets and gaps in knowledge in decision support systems, thus offering a broad area of study in the enhancement of methods in such systems. It aimed to provide an updated review on research regarding diabetes mellitus predictions, especially with modeling, algorithm selection, and feature extraction (similarity checking), as a basic condition toward the edifice of monitoring systems. An overview of diabetes prediction with machine learning algorithms has been presented, and a review on applications and analyzed performances of methods has also been introduced. Thereafter, a scope of research regarding the new approaches toward the enhancement of decision support systems to fill the gaps from previous studies toward anticipated research direction has been drawn, and future scopes and recommendations have also been summarized.
8.2. Limitations of the Study
In the era of big data, knowledge discovery from data has become essential. As the datasets become larger, machine learning and data mining techniques are required for user applications. Machine learning algorithms are used to find patterns in a given dataset. Education is one area where machine learning techniques have been efficiently applied. However, it is very challenging for students to complete their homework on time due to the increasing workload as the educational institution's courses increase day by day. As a result, students are looking for help from a large number of online education platforms. However, the problem is that there are many online education platforms, so it is difficult for students to find the best platform suitable for their requirements. So, there is a need for a recommender system to assist students in finding the best online education platform. In this work, three machine learning-based approaches, such as decision tree, random forest, and naive bayes, were employed to address this problem. A comparison of performances was made using several metrics, including accuracy, precision, recall, and F-measure.
Health issues have become a significant concern for the present generation, as it is leading to the death of many people. Diabetes has risen alarmingly in the past few decades. Several research works have been proposed to minimize its effect in terms of detection, prediction, and medication. The cause of diabetes differs from person to person and relates to several factors. Therefore, different methods are being used for its prediction. Unfortunately, machine learning-based methods failed to provide 100% accurate predictions due to which has led researchers are engaged in explore new methods for its prediction. Most of the existing works focused on feature selection strategy and a few machine learning methods. The major challenge in prediction is the absence of a larger dataset since the publicly available dataset contains only nine attributes. Time and effort are spent on those features that have no potential for prediction. Most authors dropped missing values from the standard dataset, which can affect the results. General machine learning algorithms are applied to the dataset; only one author used AdaBoost and gradient boosting techniques. None of the authors used a recurrent neural network or deep learning technology, which can help in increasing efficiency. Thus, a method needs to be developed that can deliver more accurate results, fast in terms of processing, and more effectively for prediction.
8.3. Future Work Directions
In the future, research on diabetes prediction should emphasize the following questions:
1. What can be developed using a larger dataset from real hospitals to improve the expansion of machine learning methods? Learning from good models can improve the accuracy ratio and develop the same measurement performance as hospitals. Using a real dataset may need to save computational processing, which is very significant for less powerful devices. Models cannot be concluded or designed based solely on past work. 
2. What can be improved in preprocessing methods to include attribute generality? By searching for better methods, it may be possible to include more attributes and build more comprehensive models. A comprehensive model is expected to capture more patterns than a simple one, resulting in accurate predictions. 
3. What can be developed in model distribution or design optimization? Predictions are always based on recommendations for a specific area, and diabetes data from other countries may not contain all features of interest. Designing a model specific to an area can save time. Better-distributed models or methods to redesign at the local level are also important questions. Machine-learning algorithms have gained importance in medical diagnosis due to the enormous quantity of data generated. Diabetes is one such epidemic disease that has increased among patients in recent years and has drawn attention for further investigation. An efficient model for diabetes prediction using various machine-learning algorithms, precision, and performance is presented. The following recommendation for possible work has been proposed: There is a possibility of working on other datasets and trying out other machine learning techniques with this dataset. Deep learning and ensemble modeling may be explored for potential work. The screening tools for diabetes prediction can be developed as applications for easy access and utilization of a prediction model among users. The other possible framework for prediction or classification of diabetes is to extract hidden features from datasets with a Feature Extraction approach and classify these datasets modeled with various classification techniques to analyze the performance of diabetes data classification.
9. Conclusion
In recent years, diabetes has rapidly increased, predominantly affecting those aged 20 and older, representing over 90% of cases. This growth in diabetes correlates with heightened comorbidity risks, health concerns, and medical expenses. Consequently, diabetes risk calculators have emerged. The rise in data generation necessitates improved analytical capabilities across diverse sources. Advances in machine learning and data mining allow for quicker, unbiased diabetes risk predictions. This study reviewed various predictive models, detailing their design, encompassing datasets, determinants, evaluation metrics, and methods. A comprehensive performance analysis was conducted, with future research aimed at enhancing the reliability and quality of prediction models. The unclear interaction of genetic and environmental factors in type 2 diabetes is a significant gap, as many risk factors remain unexamined, compromising model effectiveness. Therefore, careful evaluation of sample data is essential for clinical applications. Utilizing latent variable modeling can address this by simplifying complex high-dimensional data structures. The study also highlighted creative scoring systems for screening, variable expertise training, and the need for accessible prediction models. Nonetheless, enhancing model interpretability is crucial, mitigating the "black-box" nature of advanced machine learning techniques. Additionally, quantifying robustness and developing efficient methods to process high-dimensional data must be prioritized to improve diabetes risk screening tools and clinical practice. 
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