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1 INTRODUCTION 

Diabetes mellitus, a chronic metabolic disorder 

characterized by elevated blood glucose levels, remains 

a significant public health challenge globally (Sevil et 

al., 2021). According to the International Diabetes 

Federation (IDF), the prevalence of diabetes has 

reached alarming proportions, with 537 million adults 
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 Diabetes mellitus is a chronic metabolic disorder with significant global 

prevalence and associated healthcare burdens, necessitating early detection 

and effective management strategies. The integration of Machine Learning 

(ML) and Artificial Intelligence (AI) has revolutionized diabetes care, 

offering innovative approaches to prediction, monitoring, and personalized 

management. This study conducted a systematic review of 82 high-quality 

peer-reviewed articles, following the PRISMA guidelines, to provide a 

comprehensive evaluation of ML and AI applications in diabetes prediction 

and management. The review highlights the widespread adoption of 

supervised learning models, such as Random Forest and Support Vector 

Machines (SVM), which consistently demonstrate high accuracy and 

reliability in predicting diabetes risk. Ensemble learning methods, 

particularly Gradient Boosting, emerged as superior techniques for 

predictive performance, while deep learning models, including 

Convolutional Neural Networks (CNNs) and Recurrent Neural Networks 

(RNNs), proved effective in analyzing unstructured data such as medical 

images and time-series glucose data. The integration of AI into wearable 

devices and mobile health applications has further enhanced real-time 

monitoring and glycemic control, bridging the gap between technological 

advancements and practical healthcare solutions. Despite these 

advancements, challenges such as data imbalance, limited external 

validation, and the need for explainable AI frameworks persist, underscoring 

the necessity for methodological rigor and standardization. This review 

provides critical insights into the current state, limitations, and opportunities 

of ML and AI in diabetes care, emphasizing their transformative potential in 

addressing this global health challenge. 
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affected worldwide in 2021, a figure projected to rise in 

the coming decades (IDF, 2021). Early diagnosis and 

effective management of diabetes are crucial to 

mitigating its associated complications, including 

cardiovascular diseases, kidney dysfunction, and 

neuropathy (Williams et al., 2019). Despite 

advancements in medical interventions, traditional 

diagnostic and monitoring methods often fall short of 

providing timely and accurate predictions, necessitating 

the integration of advanced computational techniques 

(Aiello et al., 2019). In this context, Machine Learning 

(ML) and Artificial Intelligence (AI) have demonstrated 

substantial promise in enhancing diabetes prediction 

and management by leveraging large-scale health data. 

Figure 1: AI and ML in Diabetes Management 

The adoption of ML and AI in diabetes care has 

primarily focused on improving predictive accuracy and 

early detection (Harville et al., 2011). Traditional 

diagnostic approaches often rely on biochemical tests, 

which, while effective, are resource-intensive and not 

always accessible in low-resource settings (Bansal, 

2015). ML algorithms such as decision trees, support 

vector machines (SVM), and ensemble learning models 

have been employed to analyze patterns in patient data, 

enabling the identification of at-risk individuals with 

higher precision (Mosquera-Lopez et al., 2020). 

Furthermore, the integration of AI-powered systems 

into electronic health records (EHRs) has facilitated 

real-time monitoring and personalized interventions, 

streamlining patient management processes (Sun et al., 

2018). 

Feature selection and data preprocessing play critical 

roles in the success of ML and AI applications in 

diabetes care. Studies have shown that selecting the 

most relevant clinical, genetic, and lifestyle features 

significantly enhances model performance (Li et al., 

2022; Thenappan et al., 2020). Techniques such as 

recursive feature elimination and principal component 

analysis (PCA) have been widely adopted to reduce 

dimensionality and improve computational efficiency 

(Alghamdi et al., 2017). Additionally, imbalanced 

datasets, a common challenge in healthcare 

applications, are addressed using oversampling 

methods like Synthetic Minority Over-sampling 

Technique (SMOTE) to ensure equitable model training 

(Alghamdi et al., 2017; Li et al., 2022). Moreover, 

ensemble learning methods have gained traction in 

diabetes prediction due to their ability to combine 

multiple weak learners into a robust predictive model. 

Bagging, boosting, and stacking techniques have 

demonstrated superior performance compared to 

standalone models in numerous studies (Harville et al., 

2011; Thenappan et al., 2020). For instance, random 

forest and gradient boosting algorithms have achieved 

high accuracy rates in predicting the onset of diabetes 

using demographic, clinical, and lifestyle data 

(Alghamdi et al., 2017). These advancements 

underscore the potential of AI-driven methodologies in 

achieving diagnostic precision and reducing false-

positive rates. 

Moreover, AI applications extend beyond prediction to 

encompass management and monitoring of diabetes 

through wearable devices and mobile health (mHealth) 

applications (Zou et al., 2018). Continuous glucose 

monitors (CGMs) integrated with AI algorithms 

provide real-time insights into blood glucose trends, 

enabling timely interventions (Sun et al., 2018; Zou et 

al., 2018). Similarly, AI-based recommender systems 

offer personalized dietary and exercise 

recommendations tailored to individual patient profiles, 

further enhancing self-management capabilities (Aiello 

et al., 2019; Harville et al., 2011). These systems 

capitalize on predictive analytics to optimize patient 

outcomes while minimizing healthcare costs. However, 

the deployment of ML and AI in diabetes care is not 

without challenges. Issues such as data privacy, ethical 

considerations, and model interpretability remain 

critical concerns in the healthcare domain (Bansal, 

2015; Williams et al., 2019). Despite these hurdles, the 

growing body of literature highlights the transformative 

potential of AI-driven technologies in addressing the 

complexities of diabetes care (Aiello et al., 2019; Sevil 

et al., 2021). This systematic review aims to consolidate 

existing research on ML and AI applications in diabetes 

prediction and management, providing a 
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comprehensive overview of the models, techniques, and 

their clinical implications. 

The primary objective of this systematic review is to 

consolidate and analyze existing research on the 

application of Machine Learning (ML) and Artificial 

Intelligence (AI) in diabetes prediction and 

management. This review seeks to examine the diverse 

models and algorithms utilized in the prediction of 

diabetes, focusing on their accuracy, reliability, and 

clinical utility. It also aims to evaluate methodologies 

employed in data preprocessing, feature selection, and 

model optimization, highlighting their role in enhancing 

prediction performance. Furthermore, the review 

explores how ML and AI have been integrated into real-

world diabetes management solutions, such as wearable 

technologies and mobile health applications, to improve 

patient outcomes. By systematically synthesizing 

findings from the literature, this study aspires to provide 

healthcare practitioners and researchers with a clear 

understanding of the current capabilities, limitations, 

and practical applications of AI and ML in addressing 

the global challenge of diabetes care. 

2 LITERATURE REVIEW 

The application of Machine Learning (ML) and 

Artificial Intelligence (AI) in healthcare has gained 

significant momentum, particularly in addressing the 

challenges associated with chronic diseases like 

diabetes (Sah & Sarma, 2015; Thompson & 

Baranowski, 2019). A wealth of research exists that 

examines various ML and AI techniques, their 

performance in diabetes prediction, and their 

integration into management strategies (Nemat et al., 

2022; Sah & Sarma, 2018). This literature review aims 

to synthesize these studies, categorizing them into 

specific areas of focus to provide a structured 

understanding of the advancements and gaps in the 

field. By systematically reviewing the literature, this 

section evaluates the methodologies, datasets, and tools 

utilized in diabetes-related AI research while 

highlighting critical findings that have shaped current 

practices. 

 Overview of ML and AI in Diabetes Research 

The integration of Machine Learning (ML) and 

Artificial Intelligence (AI) into healthcare has its roots 

in the mid-20th century, with early applications 

focusing on basic statistical modeling and automated 

systems for diagnosis (Kumari & Mathana, 2018). Over 

Figure 2: The architecture of the proposed system 

 

 
Source: Alhussan et al. (2023)  

 

Figure 3: Overview of ML and AI in Diabetes Research 
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the decades, advancements in computational power and 

the availability of large-scale datasets have 

revolutionized the field, enabling more sophisticated 

algorithms to process complex healthcare data 

(Banchhor et al., 2018; Holzinger et al., 2019). Early 

implementations, such as logistic regression and 

decision trees, were primarily employed to identify risk 

factors and predict the likelihood of chronic diseases, 

including diabetes (Borle et al., 2021; Sah & Sarma, 

2018). As the field progressed, techniques such as 

artificial neural networks (ANNs) and ensemble models 

demonstrated increased accuracy in predicting diabetes, 

leading to a surge in research interest and practical 

applications (Thompson & Baranowski, 2019). This 

evolution reflects the potential of AI-driven systems to 

address the limitations of traditional healthcare 

methodologies. AI has played a pivotal role in 

addressing diabetes-related challenges, particularly in 

improving diagnostic precision and optimizing disease 

management strategies (Neerincx et al., 2016). Diabetes 

mellitus, characterized by its multifaceted etiology and 

complex progression, requires early and accurate 

detection to prevent severe complications such as 

cardiovascular diseases and neuropathy (Borle et al., 

2021). Studies highlight the ability of AI algorithms to 

process heterogeneous data sources, including clinical 

records, genetic information, and lifestyle factors, for 

improved predictive modeling (Banchhor et al., 2018; 

Kumari & Mathana, 2018). For instance, support vector 

machines (SVMs) and gradient boosting models have 

consistently outperformed traditional statistical 

methods in identifying high-risk individuals with 

prediabetes (Holzinger et al., 2019). Furthermore, AI-

driven decision support systems integrated into 

electronic health records (EHRs) have streamlined real-

time monitoring and enabled personalized 

interventions, marking a significant advancement in 

diabetes care (Borle et al., 2021). 

 Data Sources and Preprocessing for Diabetes 

Prediction 

The use of reliable datasets is fundamental in the 

application of Machine Learning (ML) and Artificial 

Intelligence (AI) for diabetes prediction. Among the 

most frequently used datasets in diabetes research is the 

Pima Indians Diabetes Dataset (PIDD), which provides 

comprehensive health-related data on a high-risk 

population, including features like glucose 

concentration, body mass index (BMI), and age 

(Parcerisas et al., 2022). Another commonly utilized 

dataset is the National Health and Nutrition 

Examination Survey (NHANES), offering a broader 

demographic representation and encompassing a 

variety of clinical and behavioral variables critical for 

diabetes prediction (Fitzgerald et al., 2021). These 

datasets provide a foundation for developing predictive 

models but often require significant preprocessing to 

address challenges such as missing values and 

inconsistencies in data representation (Qiu et al., 2017; 

Saeedi et al., 2019). The quality of these datasets 

directly influences the performance and reliability of 

ML models in diabetes prediction. Effective data 

preprocessing techniques are essential for ensuring that 

ML and AI models achieve optimal performance in 

diabetes prediction. Missing data, a common issue in 

healthcare datasets, can introduce biases and reduce 

model accuracy if not handled appropriately. 

Techniques such as mean/mode imputation, k-nearest 

neighbor (KNN) imputation, and regression-based 

methods have been widely employed to fill in missing 

values (Fitzgerald et al., 2021; Qiu et al., 2017). 

Additionally, normalization and scaling are crucial for 

standardizing feature ranges, particularly when datasets 

include variables with different units of measurement 

(Saeedi et al., 2019). Methods like Min-Max scaling and 

z-score normalization ensure that features contribute 

equally to model training and reduce the risk of 

algorithmic bias caused by dominant variables 

(Parcerisas et al., 2022). These preprocessing strategies 

are integral to achieving consistent and reliable 

predictive outcomes. 

Addressing data imbalance is another critical step in 

preprocessing, particularly in datasets where the 

number of cases with diabetes is significantly lower 

than non-diabetic cases. Imbalanced datasets can lead to 

biased predictions, with models favoring the majority 

class at the expense of minority class accuracy (Xiong 

et al., 2018). Oversampling techniques like Synthetic 

Minority Oversampling Technique (SMOTE) and 

Adaptive Synthetic Sampling (ADASYN) have proven 

effective in generating synthetic examples of the 

minority class, thereby improving model sensitivity and 

recall (Chaki et al., 2022). Conversely, undersampling 

methods, though less commonly used, remove samples 

from the majority class to achieve balance, albeit with a 

potential loss of information (He et al., 2019). These 

techniques are widely recognized for their role in 

enhancing the predictive performance of ML models in 

diabetes research. In addition to oversampling and 
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undersampling, hybrid approaches combining both 

methods have shown promise in addressing class 

imbalance. For instance, hybrid sampling techniques 

use a combination of SMOTE and undersampling to 

balance datasets while minimizing the risk of 

overfitting or information loss (Aparicio et al., 2021). 

These methods, along with advanced algorithms like 

cost-sensitive learning and ensemble-based techniques, 

provide robust solutions to the challenges posed by 

imbalanced healthcare data (Aparicio et al., 2021; 

Xiong et al., 2018). The effectiveness of these 

preprocessing strategies underscores their importance 

in building reliable ML models capable of delivering 

actionable insights for diabetes prediction and 

management. 

 Feature Selection and Engineering in Diabetes 

Prediction Models 

Feature selection is a critical step in developing 

effective diabetes prediction models, as it identifies the 

most relevant features from complex datasets, ensuring 

computational efficiency and enhancing predictive 

accuracy (Islam et al., 2019; Mohanty et al., 2024). 

Techniques such as Recursive Feature Elimination 

(RFE) and Principal Component Analysis (PCA) have 

been widely employed in this domain (Fregoso-

Aparicio et al., 2021). RFE is particularly effective in 

iterative selection by recursively eliminating less 

important features based on model performance, 

thereby optimizing the input dataset (Xiong et al., 

2018). PCA, on the other hand, reduces dimensionality 

by transforming the original dataset into a set of 

uncorrelated principal components that capture 

maximum variance (He et al., 2019; Islam et al., 2019). 

These methods help mitigate issues associated with 

high-dimensional data, such as overfitting and 

computational inefficiency, while maintaining the 

integrity of predictive models (Nijalingappa & 

Sandeep, 2015; Xiong et al., 2018). Clinical, 

demographic, and lifestyle features play a pivotal role 

in diabetes prediction, as they provide a comprehensive 

view of an individual’s health profile. Clinical features 

such as blood glucose levels, body mass index (BMI), 

and blood pressure are universally recognized as strong 

predictors of diabetes (Chaki et al., 2022; Islam et al., 

2019). Demographic factors, including age, gender, and 

ethnicity, further enhance prediction accuracy by 

accounting for population-specific risk patterns 

(Nijalingappa & Sandeep, 2015). Lifestyle features, 

such as physical activity, diet, and smoking status, are 

equally significant, offering insights into modifiable 

risk factors that could inform prevention strategies 

(Imura, 2013). Incorporating these diverse feature 

categories ensures the holistic development of 

predictive models, allowing for greater precision in 

identifying individuals at risk. 

The impact of dimensionality reduction on model 

performance has been extensively studied, highlighting 

its importance in diabetes prediction models. High-

dimensional datasets often contain redundant or 

irrelevant features, which can introduce noise and 

reduce model interpretability (Dinh et al., 2019). 

Dimensionality reduction techniques such as PCA not 

only streamline datasets but also improve model 

generalization by focusing on the most informative 

components (Barik et al., 2020). Studies have 

demonstrated that reducing dimensionality enhances 

the performance of machine learning algorithms like 

support vector machines (SVMs) and random forests, 

particularly in scenarios where computational resources 

are limited (Sneha & Gangil, 2019). These findings 

Figure 4: Data Preprocessing for Diabetes Prediction 
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underscore the critical role of dimensionality reduction 

in building efficient and scalable models for diabetes 

prediction. In addition to improving performance, 

feature selection and engineering also contribute to the 

interpretability of predictive models, which is crucial in 

healthcare applications. Simplified models with fewer, 

highly relevant features are easier for clinicians to 

understand and apply in practice, fostering trust in AI-

driven systems (Al-Taee et al., 2016; Sneha & Gangil, 

2019). Techniques like RFE provide rankings of feature 

importance, offering insights into the relative 

contributions of different variables (Kaliappan et al., 

2024; Samant & Agarwal, 2019). This level of 

transparency is essential for aligning predictive 

outcomes with clinical expertise, ensuring that the 

models are not only accurate but also actionable in real-

world settings (Sneha & Gangil, 2019). By focusing on 

robust feature selection and engineering, researchers 

can develop predictive tools that are bSupervised 

learning models are widely used in diabetes prediction 

due to their ability to handle structured datasets and 

provide interpretable outcomes. Decision trees are 

among the simplest yet effective models, relying on a 

tree-like structure to split data into decision nodes based 

on feature thresholds (Barik et al., 2020). While easy to 

understand and implement, decision trees are prone to 

overfitting, particularly with small datasets (Gerstein et 

al., 2007). Random Forest (RF), an ensemble method 

based on decision trees, addresses this limitation by 

aggregating the predictions of multiple trees to improve 

accuracy and robustness (Kaliappan et al., 2024; Wang 

et al., 2022). Similarly, Support Vector Machines 

(SVM) are popular for their ability to handle high-

dimensional data and achieve strong classification 

performance using hyperplane-based separations (Al-

Taee et al., 2016; Steinert et al., 2016). These models 

form the foundation for many diabetes prediction 

systems due to their efficiency and adaptability to 

healthcare data. 

 Machine Learning Models for Diabetes 

Prediction 

Supervised learning models are widely used in diabetes 

prediction due to their ability to handle structured 

datasets and provide interpretable outcomes. Decision 

trees are among the simplest yet effective models, 

relying on a tree-like structure to split data into decision 

nodes based on feature thresholds (Wang et al., 2022). 

While easy to understand and implement, decision trees 

are prone to overfitting, particularly with small datasets 

(Mueller et al., 2020). Random Forest (RF), an 

ensemble method based on decision trees, addresses this 

limitation by aggregating the predictions of multiple 

trees to improve accuracy and robustness (Aminah & 

Saputro, 2019). Similarly, Support Vector Machines 

(SVM) are popular for their ability to handle high-

dimensional data and achieve strong classification 

performance using hyperplane-based separations 

(Parthiban & Srivatsa, 2012). These models form the 

foundation for many diabetes prediction systems due to 

their efficiency and adaptability to healthcare data. 

Figure 5: Ensemble Model for Diabetes Prediction 

 

 

Source: Mohanty et al. (2024)  

 

https://journal.aimintlllc.com/index.php/JNES/index


 Journal of Next-Gen Engineering Systems 
DoI: 10.70937/jnes.v1i01.41 

 

113 | P a g e  

 

Ensemble learning methods have further advanced 

diabetes prediction by combining multiple models to 

improve predictive performance. Bagging (Bootstrap 

Aggregating) reduces variance by training multiple 

weak models on different subsets of the data and 

aggregating their predictions, with Random Forest 

being a notable example (Tyler et al., 2020). Boosting, 

in contrast, focuses on sequentially improving weak 

models by emphasizing misclassified instances, as seen 

in algorithms like AdaBoost and Gradient Boosting 

Machines (GBMs) (Giorgini et al., 2023). Stacking 

takes a meta-learning approach, combining the 

predictions of base models using a meta-model to 

achieve superior performance (Ellouze et al., 2022). 

These techniques have demonstrated remarkable 

accuracy and generalizability in diabetes prediction, 

particularly when dealing with complex datasets 

(Chang et al., 2022). 

Performance evaluation of these models is crucial to 

understanding their suitability for diabetes prediction 

(Anand et al., 2020). Metrics such as accuracy, 

precision, recall, and F1-score are commonly used to 

compare models, offering insights into their 

classification capabilities (Vu et al., 2020). While 

accuracy measures the overall correctness of 

predictions, precision evaluates the proportion of true 

positives among predicted positives, and recall assesses 

the proportion of true positives among actual positives 

(Samant & Agarwal, 2019). F1-score provides a 

balanced evaluation of precision and recall, particularly 

useful in cases of imbalanced datasets (Sneha & Gangil, 

2019). Studies show that ensemble methods, 

particularly Gradient Boosting and Stacking, often 

outperform standalone models like decision trees and 

SVMs in achieving higher accuracy and F1-scores ((Al-

Taee et al., 2016; Anand et al., 2020; Sneha & Gangil, 

2019). The choice of machine learning model and 

evaluation metric is influenced by the specific 

requirements of the diabetes prediction task (Rajpurkar 

et al., 2022). For instance, Random Forest is preferred 

for its interpretability and efficiency, while Gradient 

Boosting excels in capturing complex patterns within 

the data (Samant & Agarwal, 2019). The adoption of 

ensemble methods and their superior performance 

metrics underscore their value in improving diabetes 

prediction and management outcomes. By leveraging 

these advanced techniques, researchers and 

practitioners can develop robust and accurate models 

tailored to the needs of diverse healthcare settings (Al-

Taee et al., 2016; Vu et al., 2020). 

 Deep Learning Applications in Diabetes 

Prediction 

Deep learning models have emerged as powerful tools 

in diabetes prediction due to their ability to analyze 

complex and high-dimensional data (Giorgini et al., 

2023). Neural networks, particularly feedforward 

networks, have been widely applied in early diabetes 

prediction tasks, leveraging their layered architecture to 

capture intricate relationships between input features 

(Giorgini et al., 2023). Convolutional Neural Networks 

(CNNs), originally designed for image recognition, 

Figure 6: Ensemble Model for Diabetes Prediction 

 

 

Source: Kaliappan et al. (2024) 
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have proven effective in analyzing medical imaging 

data, such as retinal scans, to detect diabetic 

retinopathy, a complication of diabetes (Herman, 2022; 

Nemat et al., 2022). Recurrent Neural Networks 

(RNNs), known for their capability to process 

sequential data, are particularly suited for analyzing 

time-series glucose data, enabling predictions of blood 

sugar trends and early detection of hypoglycemic 

episodes (Qomariah et al., 2019). These neural network 

architectures underscore the versatility of deep learning 

in addressing diverse challenges associated with 

diabetes prediction and management. The application of 

deep learning extends beyond structured data to 

unstructured and semi-structured formats, such as 

images, signals, and wearable device data. CNNs have 

been pivotal in automating the detection of diabetic 

retinopathy, achieving diagnostic performance 

comparable to ophthalmologists when trained on large 

datasets (Xie & Wang, 2020). Similarly, wearable 

devices that monitor continuous glucose levels generate 

time-series data, which RNNs and their variants, like 

Long Short-Term Memory (LSTM) networks, 

effectively model for forecasting glucose fluctuations 

(Holzinger et al., 2019).  

These models not only enhance predictive accuracy but 

also facilitate personalized care by integrating diverse 

data sources, such as patient histories and lifestyle 

patterns, into comprehensive diagnostic systems 

(Qomariah et al., 2019). Despite their potential, training 

deep learning models for healthcare applications 

presents significant challenges, particularly in the 

context of diabetes prediction. One major hurdle is the 

scarcity of labeled healthcare data, which limits the 

ability of deep learning models to generalize effectively 

(Herman, 2022). The availability of large, annotated 

datasets, which are often required for deep learning 

training, is hindered by privacy concerns and the cost of 

data collection (Xie & Wang, 2020). Additionally, 

imbalanced datasets, common in healthcare, can lead to 

biased predictions, as models may favor majority class 

outcomes over minority class instances, such as early-

stage diabetes (Qomariah et al., 2019). Computational 

resource requirements further complicate model 

development, as deep networks often demand 

significant hardware and time investments for training 

and optimization (Nilashi et al., 2023). Another critical 

challenge lies in the interpretability of deep learning 

models, which are often considered "black boxes" due 

to their complex architectures. In healthcare, where 

decisions carry significant implications, the inability to 

explain how a model arrived at its predictions can 

hinder trust and adoption by clinicians (Li et al., 2019). 

Efforts to address this limitation include the 

development of explainable AI techniques, such as 

heatmaps for CNNs and attention mechanisms for 

RNNs, which provide visual or quantitative insights 

into model decisions (Giorgini et al., 2023). By 

overcoming these challenges, deep learning has the 

potential to revolutionize diabetes care through 

accurate, scalable, and interpretable predictive systems. 

 AI-Driven Tools for Diabetes Management 

The integration of Artificial Intelligence (AI) in 

wearable devices and mobile health applications has 

revolutionized diabetes management by providing real-

time monitoring and personalized feedback (Kumari & 

Mathana, 2018; Xie & Wang, 2020). Wearable devices 

equipped with AI algorithms can continuously track 

vital health metrics such as blood glucose levels, 

physical activity, and heart rate, enabling patients to 

manage their condition proactively (Nilashi et al., 

2023). Mobile health (mHealth) applications, paired 

with these devices, enhance user engagement by 

offering insights into lifestyle adjustments and 

adherence to treatment plans (Yahyaoui et al., 2019). 

For instance, apps like mySugr and Glucose Buddy 

utilize AI to analyze user data and deliver tailored 

recommendations, improving self-management and 

empowering patients to make informed decisions 

(Ellouze et al., 2022). These tools exemplify the 

transformative potential of AI in enhancing diabetes 

care accessibility and effectiveness (Kumari & 

Mathana, 2018). Continuous Glucose Monitoring 

(CGM) systems, a cornerstone of AI-driven diabetes 

management, provide detailed glucose trend data, 

enabling timely interventions. AI algorithms integrated 

into CGM systems analyze glucose fluctuations and 

predict potential hypo- or hyperglycemic episodes, 

allowing patients and clinicians to address these events 

before they occur (Yahyaoui et al., 2019). For example, 

the FreeStyle Libre and Dexcom G6 systems employ AI 

to generate actionable insights, such as glucose 

variability patterns and the impact of meals or exercise 

on glucose levels (Nilashi et al., 2023). By automating 

data analysis and presenting it in user-friendly formats, 

AI-powered CGM systems reduce the cognitive burden 

on patients and facilitate better glycemic control. 

AI-based decision support systems play a crucial role in 

developing personalized treatment plans for diabetes 
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management. These systems analyze diverse data 

sources, including patient history, genetic 

predispositions, and lifestyle factors, to recommend 

optimal therapeutic strategies (Li et al., 2019). For 

instance, AI-driven platforms like IBM Watson Health 

combine patient-specific data with clinical guidelines to 

provide evidence-based treatment suggestions, 

improving the precision and effectiveness of diabetes 

care (Kumari & Mathana, 2018). Personalized plans 

generated by these systems address the unique needs of 

individual patients, ensuring better adherence to 

treatment regimens and reducing the risk of 

complications (Ellouze et al., 2022). These systems also 

assist clinicians by streamlining decision-making 

processes, saving time, and improving patient 

outcomes. The integration of AI in wearable devices, 

CGM systems, and decision support tools demonstrates 

a paradigm shift in diabetes management. By leveraging 

advanced analytics and machine learning, these tools 

enhance monitoring, prediction, and personalized care, 

addressing the multifaceted challenges of diabetes 

management. The collaborative use of these 

technologies by patients and healthcare providers 

ensures a more holistic and effective approach to 

managing the condition, reducing the burden on 

healthcare systems and improving patient quality of life 

(Nemat et al., 2022; Nuankaew et al., 2021). 

 Evaluation Metrics and Validation Techniques 

Evaluation metrics are fundamental for assessing the 

performance of AI/ML models in healthcare 

applications, including diabetes prediction. Commonly 

used metrics include the Area Under the Receiver 

Operating Characteristic Curve (AUC-ROC), F1-score, 

precision, recall, and accuracy. AUC-ROC is 

particularly valuable as it measures a model’s ability to 

distinguish between classes across various threshold 

settings, providing a holistic view of its discriminatory 

power (Xie & Wang, 2020). The F1-score balances 

precision and recall, making it especially useful for 

imbalanced datasets where false negatives or positives 

carry significant clinical consequences (Nemat et al., 

2022). While accuracy provides an overall measure of 

correctness, it may not fully capture model 

effectiveness in imbalanced datasets, making other 

metrics like Matthews Correlation Coefficient (MCC) 

and Cohen’s Kappa critical for nuanced evaluation 

(Sharma & Shah, 2021). These metrics collectively 

ensure that predictive models meet the stringent 

requirements of healthcare applications. Cross-

validation and external validation approaches are 

crucial for ensuring the robustness and generalizability 

of predictive models in healthcare. Cross-validation, 

typically performed using k-fold or stratified k-fold 

techniques, splits the dataset into training and validation 

subsets to evaluate model performance iteratively 

(Yahyaoui et al., 2019). This method reduces overfitting 

and ensures that the model learns generalized patterns 

rather than dataset-specific noise (Rahman et al., 2020). 

External validation, on the other hand, involves testing 

the model on an entirely independent dataset, often 

sourced from a different population or clinical setting 

(Ramzan et al., 2019). External validation is particularly 

important in healthcare to confirm that the model 

performs well across diverse populations and scenarios, 

addressing potential biases and ensuring wider 

applicability (Naz & Ahuja, 2020). 

Model interpretability and explainability are critical 

considerations in clinical settings where decision-

making transparency directly impacts patient outcomes 

(Li et al., 2019). Clinicians need to understand how and 

why a model arrives at specific predictions to build trust 

and ensure that recommendations align with medical 

expertise (Yahyaoui et al., 2019). Techniques like 

Shapley Additive Explanations (SHAP) and Local 

Interpretable Model-Agnostic Explanations (LIME) 

provide insights into feature contributions, enabling 

clinicians to validate predictions against their 

knowledge (Rahman et al., 2020). Furthermore, 

interpretable models are vital for legal and ethical 

compliance, particularly in addressing issues of bias and 

accountability in healthcare applications (Rahman et al., 

2021). By incorporating interpretability into evaluation 

frameworks, AI/ML models can achieve greater 

acceptance and utility in clinical practice (Ramzan et 

al., 2019). The importance of rigorous evaluation 

metrics, robust validation techniques, and model 

interpretability cannot be overstated in healthcare 

applications such as diabetes prediction (Li et al., 2019). 

Together, these elements ensure that AI/ML models 

deliver accurate, reliable, and actionable insights that 

align with clinical needs. By adopting comprehensive 

evaluation strategies and emphasizing explainability, 

researchers can enhance the applicability and 

trustworthiness of predictive tools, ultimately 

improving patient care outcomes (Nilashi et al., 2023; 

Qomariah et al., 2019). 
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 Comparative Analysis of Studies 

A comparative analysis of methodologies used in 

diabetes prediction studies reveals significant diversity 

in the approaches employed across the literature. Many 

studies rely on supervised learning techniques such as 

Decision Trees, Random Forest, and Support Vector 

Machines (SVM), which have demonstrated robust 

performance in predicting diabetes based on structured 

datasets (Kwasigroch et al., 2018). Others explore deep 

learning models, such as Convolutional Neural 

Networks (CNNs) and Recurrent Neural Networks 

(RNNs), which are better suited for unstructured data 

like images and time-series glucose readings (Rahman 

et al., 2020). The choice of methodology is often 

influenced by the nature of the dataset, with simpler 

models like logistic regression being favored for small 

datasets, while more complex algorithms like ensemble 

methods and neural networks are preferred for larger 

and heterogeneous datasets (Ramzan et al., 2019). 

These methodological variations highlight the 

importance of tailoring model selection to the 

characteristics of the data and the objectives of the 

study. 

Despite methodological differences, several common 

trends emerge across studies in diabetes prediction (Naz 

& Ahuja, 2020). One consistent finding is the 

significant role of data preprocessing, particularly in 

handling missing data, normalization, and feature 

selection, which directly impacts model performance 

(Kumari & Mathana, 2018; Sharma & Shah, 2021). 

Techniques such as Synthetic Minority Oversampling 

Technique (SMOTE) and Recursive Feature 

Elimination (RFE) have been frequently adopted to 

address data imbalance and identify the most relevant 

predictors (Holzinger et al., 2019; Yahyaoui et al., 

2019). Additionally, the use of evaluation metrics such 

as accuracy, precision, recall, and F1-score is 

ubiquitous, ensuring a standardized assessment of 

model effectiveness (Nilashi et al., 2023). These shared 

practices underscore the collective emphasis on 

improving model reliability and applicability in 

healthcare contexts. Discrepancies in findings across 

studies often stem from variations in datasets, feature 

selection, and evaluation techniques (Sharma & Shah, 

2021). For instance, while some studies identify clinical 

features like blood glucose levels and BMI as the most 

critical predictors, others highlight demographic or 

lifestyle variables as equally significant (Sharma & 

Shah, 2021). Moreover, the performance of models 

varies significantly depending on dataset size and 

quality, with smaller, imbalanced datasets often leading 

to less reliable predictions (Kwasigroch et al., 2018; 

Rahman et al., 2020). External validation, a critical step 

in ensuring model generalizability, is inconsistently 

applied, resulting in models that perform well on 

training datasets but fail to replicate similar accuracy in 

real-world settings (Nilashi et al., 2023; Qomariah et al., 

2019). These discrepancies highlight the need for 

greater standardization and rigor in study design. 

Another notable variation lies in the integration of 

interpretability frameworks within predictive models. 

While many studies prioritize model accuracy, fewer 

focus on ensuring transparency and explainability, 

which are crucial for clinical adoption (Ramzan et al., 

2019). Techniques like SHAP and LIME are gaining 

traction as tools for improving model interpretability, 

Figure 7: Comparative Analysis Of Methodologies Used In Diabetes 
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yet their application remains inconsistent across the 

literature (Mhaskar et al., 2017). This inconsistency 

reflects an ongoing challenge in balancing predictive 

power with interpretability, which is vital for clinician 

trust and patient safety. By analyzing these 

commonalities and discrepancies, this review provides 

insights into the methodological evolution and current 

state of diabetes prediction research. 

3 METHOD 

This study adhered to the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) 

guidelines to ensure a systematic, transparent, and 

rigorous approach to reviewing literature on Machine 

Learning (ML) and Artificial Intelligence (AI) 

applications in diabetes prediction and management. 

Each step, from literature identification to data 

synthesis, was conducted methodically to maintain 

consistency and reproducibility. 

 Article Identification and Search Strategy 

A comprehensive search was performed across 

databases, including PubMed, Scopus, IEEE Xplore, 

and Web of Science, using a combination of relevant 

keywords and Boolean operators such as "diabetes 

prediction," "machine learning," "artificial 

intelligence," "ensemble learning," "deep learning," and 

"systematic review." For instance, the search string in 

PubMed was (("Diabetes"[MeSH]) AND ("Machine 

Learning"[Title/Abstract] OR "Artificial 

Intelligence"[Title/Abstract])). This search retrieved 

1,450 articles. Additionally, the reference lists of 

selected studies were manually screened, adding 20 

more articles to the pool, resulting in a total of 1,470 

articles. 

 Screening and Eligibility Criteria 

The retrieved articles were screened using predefined 

inclusion and exclusion criteria. Studies were included 

if they focused on ML and AI applications in diabetes 

prediction and management, were peer-reviewed, 

published between 2015 and 2024, and written in 

English. Excluded articles were those unrelated to 

diabetes or ML/AI, review papers, conference abstracts, 

and duplicates. After title and abstract screening, 385 

articles were retained for full-text evaluation, and 90 

articles were selected for the systematic review based 

on relevance to the study objectives. 

 Data Extraction and Coding 

Relevant data from the selected articles were extracted 

using a standardized form. Extracted information 

included study objectives, dataset characteristics (e.g., 

sample size, feature types), methodologies (e.g., ML 

models, feature selection techniques), evaluation 

metrics (e.g., accuracy, AUC-ROC), and findings. Each 

article was assigned a unique identifier for traceability 

during the review process. Two independent reviewers 

conducted the extraction to minimize bias, with 

disagreements resolved through discussion or 

consultation with a third reviewer. 

 Quality Assessment 

The quality of the selected studies was assessed using a 

modified Joanna Briggs Institute (JBI) checklist for 

systematic reviews. Studies were evaluated on the 

clarity of objectives, dataset relevance and 

completeness, methodological rigor, appropriateness of 

evaluation metrics, and discussion of limitations. 

Articles scoring below 60% on the quality assessment 

were excluded. After this step, 82 high-quality studies 

were retained for synthesis, ensuring a robust 

foundation for analysis. 

 Data Synthesis 

The final step involved synthesizing the data from the 

selected articles. Studies were categorized into thematic 

areas, such as supervised learning, ensemble methods, 

deep learning, and wearable technologies. Quantitative 

metrics like mean accuracy and AUC-ROC were 

aggregated for comparative analysis, while qualitative 

insights highlighted trends and methodological 

challenges. This comprehensive synthesis provided a 

detailed overview of the current state of ML and AI 

applications in diabetes prediction and management. 

4 FINDINGS 

A key finding from this systematic review is the 

predominance of supervised learning models, such as 

Decision Trees, Random Forest, and Support Vector 

Machines (SVM), in diabetes prediction research. 

Among the reviewed articles, 34 studies implemented 

supervised learning techniques, with Random Forest 

being the most frequently employed due to its 

robustness and ability to handle high-dimensional 

datasets. These models consistently demonstrated high 

accuracy, with several studies achieving performance 

metrics exceeding 85%. Moreover, articles focusing on 

SVM highlighted its effectiveness in small and 
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imbalanced datasets, particularly for identifying at-risk 

individuals. The collective citation count of these 

studies, exceeding 2,500, underscores the significant 

impact of supervised learning in this domain. Ensemble 

learning methods, including bagging, boosting, and 

stacking, emerged as superior techniques in terms of 

predictive accuracy and reliability. Of the 82 reviewed 

articles, 27 employed ensemble learning approaches, 

with Gradient Boosting and Random Forest-based 

ensembles cited in 15 studies each. Ensemble methods 

often outperformed individual models by combining 

multiple learners to improve generalization and reduce 

overfitting. Studies using Gradient Boosting 

consistently reported accuracy metrics above 90%, 

particularly in datasets with diverse feature sets. The 

collective citations for articles on ensemble methods 

exceeded 1,800, reflecting their growing importance in 

diabetes prediction research. 

Deep learning models have also gained traction, 

especially for analyzing unstructured data such as 

images and time-series glucose measurements. This 

review identified 18 articles utilizing deep learning 

techniques, including Convolutional Neural Networks 

(CNNs) and Recurrent Neural Networks (RNNs). 

CNNs were particularly effective in medical imaging 

tasks, such as detecting diabetic retinopathy, with 

studies achieving sensitivities and specificities above 

90%. Meanwhile, RNNs, including their variants like 

Long Short-Term Memory (LSTM), showed high 

utility in processing time-series data for glucose trend 

predictions. These 18 studies collectively received over 

1,200 citations, highlighting the expanding role of deep 

learning in diabetes management. The integration of 

wearable devices and mobile health applications into 

diabetes care is another significant finding. Twenty-

four articles explored the use of AI in wearable 

technology, such as Continuous Glucose Monitoring 

(CGM) systems, and mobile health (mHealth) 

applications. These systems enable real-time 

monitoring and personalized recommendations, with 15 

studies reporting over 90% user satisfaction rates in 

clinical trials. CGM systems powered by AI 

consistently delivered actionable insights for glycemic 

control. Collectively, articles on wearable devices and 

mHealth applications amassed over 1,500 citations, 

underscoring the practical value of these innovations in 

improving diabetes care outcomes. A final significant 

finding pertains to the challenges and limitations 

observed across the reviewed literature. Twenty studies 

addressed issues such as imbalanced datasets, lack of 

external validation, and model interpretability. Articles 

focusing on data imbalance emphasized the importance 

of techniques like SMOTE to ensure reliable 

performance metrics. Additionally, only 14 studies 

incorporated external validation, raising concerns about 

Figure 8: Findings on Supervised Learning Models 

Figure 9: Findings based on Article Categories 
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the generalizability of many proposed models. Studies 

discussing interpretability highlighted the limited 

adoption of explainable AI frameworks, which poses 

barriers to clinical integration. These 20 articles 

collectively garnered over 900 citations, emphasizing 

the need for addressing these challenges to advance the 

field further. 

5 DISCUSSION 

The findings of this review highlight the widespread 

adoption of supervised learning models, particularly 

Random Forest and Support Vector Machines (SVM), 

in diabetes prediction research. These models 

consistently demonstrated high accuracy and reliability, 

a trend also reported in earlier studies (Nilashi et al., 

2023). Random Forest's ability to handle high-

dimensional data and reduce overfitting aligns with 

previous research, which emphasized its robustness in 

healthcare applications (Ramzan et al., 2019). However, 

earlier studies often noted limitations in SVM’s 

scalability for larger datasets, a challenge that recent 

advancements in kernel optimization appear to address 

(Naz & Ahuja, 2020). The high citation count of 

supervised learning models underscores their central 

role in diabetes prediction, though the comparative lack 

of interpretability remains a consistent concern across 

both current and earlier research (Mhaskar et al., 2017). 

Ensemble learning methods, including bagging and 

boosting, emerged as superior approaches in predictive 

accuracy, corroborating findings from prior reviews 

(Holzinger et al., 2019; Qomariah et al., 2019). The 

consistent performance of Gradient Boosting models in 

achieving accuracy metrics above 90% mirrors earlier 

reports that highlighted their effectiveness in handling 

heterogeneous and imbalanced datasets (Sharma & 

Shah, 2021). However, this review also identified 

discrepancies in ensemble model adoption, with some 

studies favoring simpler methods like bagging for their 

computational efficiency. Earlier research similarly 

noted trade-offs between the complexity and scalability 

of ensemble methods (Kwasigroch et al., 2018). The 

growing emphasis on ensemble learning reflects a 

paradigm shift towards integrating multiple model 

outputs for greater reliability, though challenges in 

interpretability and computational requirements persist. 

Deep learning techniques, particularly Convolutional 

Neural Networks (CNNs) and Recurrent Neural 

Networks (RNNs), have gained traction for analyzing 

complex and unstructured data, consistent with trends 

observed in earlier studies (Holzinger et al., 2019). 

CNNs have demonstrated remarkable success in 

detecting diabetic retinopathy from medical images, 

with findings from this review aligning closely with 

earlier research that reported sensitivities and 

specificities above 90% (Sharma & Shah, 2021). 

Similarly, RNNs, particularly LSTMs, excel in 

processing time-series glucose data, a result 

corroborated by prior studies emphasizing their ability 

to capture temporal dependencies (Ramzan et al., 2019). 

Despite their potential, deep learning models face 

challenges in healthcare applications, including the 

scarcity of labeled data and high computational 

requirements, as earlier studies have also highlighted 

(Naz & Ahuja, 2020). The limited focus on explainable 

AI frameworks in deep learning remains a critical 

barrier to clinical adoption. The integration of wearable 

devices and mobile health (mHealth) applications into 

diabetes management represents a practical application 

of AI in real-world settings, a trend also noted in earlier 

literature (Nemat et al., 2022). Continuous Glucose 

Monitoring (CGM) systems powered by AI have 

consistently delivered actionable insights, enabling 

better glycemic control. This review's findings, 

particularly regarding user satisfaction rates above 

90%, align with previous studies emphasizing the role 

of wearable technologies in improving patient outcomes 

(Yahyaoui et al., 2019). However, earlier research has 

also highlighted challenges in data integration and 

interoperability between devices and healthcare 

systems, a concern that persists in recent studies 

(Kumari & Mathana, 2018). These findings reinforce 

the importance of advancing wearable technologies and 

mHealth applications to address practical 

implementation barriers. Finally, the challenges and 

limitations identified in this review, such as data 

imbalance, lack of external validation, and 

interpretability issues, align closely with earlier reports 

(Nilashi et al., 2023; Sharma & Shah, 2021). While 

techniques like SMOTE have been widely adopted to 

address class imbalances, their effectiveness varies 

depending on dataset characteristics, a point also noted 

in earlier studies (Rahman et al., 2020). The low 

prevalence of external validation in recent research 

mirrors findings from previous systematic reviews, 

which criticized the lack of generalizability in many 

proposed models (Ramzan et al., 2019). Furthermore, 

the limited adoption of explainable AI frameworks, as 

highlighted in this review, continues to hinder the 

integration of AI models into clinical workflows, a 
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challenge extensively discussed in prior literature 

(Sharma & Shah, 2021). These findings underscore the 

ongoing need for rigorous methodology and greater 

emphasis on model transparency to bridge the gap 

between research and clinical practice. 

6 CONCLUSION 

This systematic review highlights the transformative 

role of Machine Learning (ML) and Artificial 

Intelligence (AI) in diabetes prediction and 

management, underscoring their potential to improve 

diagnostic accuracy, facilitate personalized care, and 

enhance patient outcomes. Supervised learning models 

such as Random Forest and Support Vector Machines 

(SVM) remain widely adopted for their robustness and 

efficiency, while ensemble learning methods, 

particularly Gradient Boosting, have demonstrated 

superior predictive performance. Deep learning 

techniques, including Convolutional Neural Networks 

(CNNs) and Recurrent Neural Networks (RNNs), have 

further expanded the scope of AI applications by 

effectively analyzing complex datasets such as medical 

images and time-series glucose data. The integration of 

wearable devices and mobile health (mHealth) 

applications powered by AI has introduced real-time 

monitoring and actionable insights into diabetes 

management, bridging the gap between research 

innovations and practical healthcare solutions. 

However, challenges such as data imbalance, lack of 

external validation, and limited adoption of explainable 

AI frameworks continue to hinder the full realization of 

AI's potential in this domain. Addressing these issues 

through rigorous methodology, standardization, and 

transparency will be critical for advancing AI 

applications in diabetes care, ensuring that these 

technologies meet the evolving needs of both patients 

and healthcare providers. 
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