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ABSTRACT 

Diabetes mellitus (DM) is a major global health burden, with increasing prevalence and serious complications. Artificial 

intelligence (AI), particularly machine learning (ML) and deep learning (DL), has emerged as a powerful tool in diabetes 

management. While several systematic reviews focus on predictive accuracy, fewer studies integrate technological, clinical, 

and ethical dimensions into a unified perspective. This article aims to critically examine the role of AI in diabetes care, 

highlighting its applications in screening, diagnosis, disease progression prediction, and personalized treatment, while also 

addressing clinical, ethical, and implementation challenges. A narrative review approach was adopted, synthesizing 

evidence from peer-reviewed journals indexed in Scopus, PubMed, and Web of Science (2014–2024). Studies on AI 

models—including neural networks, support vector machines, and hybrid approaches—applied to diabetes detection, 

glucose prediction, and complication management were reviewed. Comparative analysis was conducted with conventional 

clinical methods to illustrate added value and limitations of AI systems. Existing reviews emphasize algorithmic 

performance but underexplore real-world integration, clinician acceptance, and patient perspectives. Moreover, gaps 

remain in transparency, explainability, and equity of AI applications across diverse populations. This review synthesizes 

technological innovations with clinical implications, offering a balanced perspective for researchers, clinicians, and 

policymakers. It integrates comparative materials, bridging technical and healthcare narratives to guide future translational 

research. This article provides a qualitative synthesis of existing literature, offering insights that complement quantitative 

research. While variability in study designs and publication trends may influence generalizability, the review highlights 

important directions for future investigation. Research priorities include explainable AI, multi-omics data integration, 

prospective clinical trials, and cross-cultural validation. Interdisciplinary collaboration is crucial to ensure that AI systems 

in diabetes care remain ethical, transparent, and patient-centred. 

KEYWORDS: Artificial intelligence; Diabetes mellitus; Machine learning; Explainable AI; Artificial Neural Networks 

(ANNs). 
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1. INTRODUCTION 

 

Diabetes mellitus (DM) is one of the most prevalent non-communicable diseases and a leading cause of morbidity and 

mortality worldwide. According to the International Diabetes Federation (IDF), an estimated 537 million adults were living 

with diabetes in 2021, with projections exceeding 640 million by 2030 [1]. The global healthcare and economic burden is 

immense, with complications such as cardiovascular disease, renal impairment, vision loss, neuropathy, and person with 

diabetes foot ulcers contributing significantly to disability-adjusted life years (DALYs) and premature mortality [2]. 

 

Despite advancements in screening and therapeutic strategies, early detection of diabetes and its microvascular and 

macrovascular complications remains suboptimal. Conventional diagnostic tools—including fasting plasma glucose 

(FPG), oral glucose tolerance test (OGTT), and glycated hemoglobin (HbA1c)—are widely used, but they primarily 

identify overt disease and often fail to detect preclinical pathophysiological changes [3]. Moreover, these markers have 

limitations in predicting individual trajectories of disease progression, partly due to inter-individual variability and 

confounding lifestyle factors [4]. 
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Artificial Neural Networks (ANNs), a branch of artificial intelligence (AI) inspired by the structure and function of 

biological neurons, offer a novel paradigm for addressing these challenges. Unlike traditional statistical models such as 

logistic regression or decision trees, ANNs excel in identifying nonlinear, multidimensional relationships across large 

heterogeneous datasets [5]. This adaptability enables their application to diverse modalities, including biochemical markers, 

continuous glucose monitoring (CGM), electrophysiological signals, retinal imaging, and genomic profiles [6]. Comparative 

studies have shown that ANN models consistently outperform conventional regression approaches in sensitivity and 

specificity when predicting diabetes onset, glycemic variability, or complications such as retinopathy and nephropathy [7, 

8]. 

 

Recent clinical advances underscore the transformative potential of ANN-based systems. FDA-cleared autonomous 

platforms such as IDx-DR and EyeArt achieve >90% accuracy in person with diabetes retinopathy detection [9], while 

LSTM-based models embedded in CGM systems can forecast hypoglycemia up to 60 minutes in advance [10]. In contrast, 

conventional models rarely provide comparable lead times or reliability in real-world settings [11]. 

 

However, challenges persist. The “black-box” nature of ANN decision-making hinders clinical adoption, while variability 

in training datasets raises concerns about generalizability [12]. Ethical and regulatory considerations, particularly regarding 

patient data privacy, algorithmic bias, and liability, further complicate integration [13]. At the same time, the scalability and 

multimodal adaptability of ANN frameworks provide opportunities for truly personalized medicine. Hybrid approaches—

combining ANN with fuzzy logic, ensemble learning, or explainable AI (XAI) tools—are emerging as promising solutions 
[14, 15]. 

This review aims to consolidate current evidence on ANN applications in diabetes diagnosis and management, highlight 

comparative performance against traditional models, and outline opportunities for clinical integration. By examining 

architectures, biomarkers, case studies, and challenges, the paper underscores how ANN-driven systems can shift diabetes 

care toward predictive, preventive, and personalized medicine. 

 

ANN Architectures and Their Suitability for Diabetes Diagnosis 

Artificial Neural Networks (ANNs) comprise multiple interconnected layers of computational nodes that emulate the 

functioning of biological neurons. Their layered design enables the processing of high-dimensional, nonlinear data—

making them especially valuable in conditions such as diabetes, where multiple biological, behavioral, and genetic factors 

interact in complex ways [16]. 

 

The most commonly used architectures in diabetes research include feed-forward networks, convolutional neural 

networks (CNNs), and recurrent neural networks (RNNs). Feed-forward networks, such as multilayer perceptrons 

(MLPs), have been extensively applied in early studies for classification tasks like predicting diabetes onset based on 

demographic and laboratory parameters [17]. CNNs, known for their efficiency in image analysis, have revolutionized the 

detection of person with diabetes retinopathy by identifying subtle microaneurysms and hemorrhages in fundus images 

with accuracies exceeding 90% [18]. Meanwhile, RNNs and their advanced variants—such as long short-term memory 

(LSTM) networks—are particularly suitable for sequential data, making them powerful tools for predicting glycemic 

fluctuations in continuous glucose monitoring (CGM) datasets [19]. 

 

Comparative studies highlight the superiority of ANN-based approaches over traditional statistical models. For example, 

logistic regression models can effectively classify diabetes risk based on a limited set of predictors but fail to capture 

nonlinear interactions or dynamic temporal changes [20]. In contrast, ANN models trained on multidimensional datasets 

achieve significantly higher accuracy and area under the curve (AUC) values, often improving predictive performance by 

10–15% [21]. Similarly, decision trees and support vector machines (SVMs), while interpretable and computationally 

efficient, are frequently outperformed by deep learning models in complex tasks such as complication screening or 

hypoglycemia forecasting [22]. 

 

Beyond raw predictive power, hybrid ANN systems are emerging as critical innovations. Ensemble learning frameworks 

that combine CNNs with gradient boosting machines, or LSTM networks with fuzzy logic controllers, show superior 

generalizability across populations [23]. For example, hybrid ANN models integrating clinical and wearable sensor data 

have demonstrated enhanced prediction of nocturnal hypoglycemia compared to single-method approaches [24]. Such 

integrations address a major critique of ANN models: their tendency to overfit when trained on small or homogenous 

datasets. 

 

Nevertheless, the choice of architecture should be guided by the clinical application. CNNs remain the gold standard for 

image-based tasks such as retinopathy and nephropathy detection, whereas LSTMs are indispensable for time-series 

analysis in insulin dosing or CGM-based prediction. Multilayer perceptrons, though less complex, remain useful in 

resource-limited settings where computational demands must be balanced with predictive accuracy [25]. 
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2. METHODOLOGY 

 

This review followed a narrative synthesis approach to examine the role of artificial neural networks (ANNs) in the early 

diagnosis and management of diabetes mellitus. The focus was on integrating technological, clinical, and ethical 

dimensions rather than conducting a quantitative meta-analysis. Relevant literature was purposively identified through 

searches in PubMed, Scopus, Web of Science, and IEEE Xplore databases, covering the period 2014–2024. Search terms 

included combinations of: “artificial neural networks” OR “deep learning” OR “machine learning”, “diabetes mellitus” 

OR “glucose prediction” OR “retinopathy” OR “complications”, “personalized medicine” OR “explainable AI” OR 

“clinical integration”.  Peer-reviewed articles in English reporting on the application of ANNs in diabetes diagnosis, 

prognosis, complication screening, or management. Both clinical studies and technical papers with clear clinical 

implications were considered. Grey literature, editorials, conference abstracts without full text, and studies focusing 

exclusively on non-diabetes conditions were excluded. Data were extracted on ANN architectures (e.g., multilayer 

perceptrons, CNNs, RNNs, LSTMs), input modalities (laboratory, imaging, continuous glucose monitoring, genomic, 

wearable data), and performance metrics (accuracy, sensitivity, specificity, AUC). Comparative insights with conventional 

models were noted. Ethical and regulatory perspectives were also reviewed where available. 

 

Given the diversity of study designs and rapid evolution of AI in healthcare, a narrative synthesis was selected to allow 

flexibility in integrating findings across clinical, technological, and ethical domains. This approach enables 

contextualization of ANN applications within broader healthcare frameworks, offering insights that complement 

quantitative systematic reviews. 

 

Applications of ANN in Diabetes Diagnosis and Management 

The use of artificial neural networks in diabetes extends across diagnosis, complication screening, and management. 

Their adaptability to diverse datasets—including biochemical, imaging, and electrophysiological, and real-time sensor 

data—enables early detection and improved prognostic accuracy compared with conventional methods. 

 

1. Diagnosis and Risk Prediction 

ANNs have demonstrated strong predictive capabilities for diabetes onset by integrating demographic, biochemical, and 

lifestyle factors. In early studies, multilayer perceptrons (MLPs) achieved accuracy rates of 75–85% in classifying diabetes 

risk from routine laboratory markers [26]. More recent models incorporating genomic and proteomic signatures have 

improved accuracy to >90% [27]. 

 

When compared to traditional logistic regression models, ANN consistently achieves higher sensitivity and specificity. For 

instance, a comparative analysis of ANN versus regression-based models in predicting diabetes from the Pima Indian 

dataset reported AUC values of 0.82 and 0.76, respectively [28]. Such findings highlight the ability of ANN to capture 

complex, nonlinear interactions that conventional methods overlook. 

 

2. Person with diabetes Retinopathy (DR) Screening 

CNN-based ANN models have transformed person with diabetes retinopathy detection. FDA-approved autonomous 

systems such as IDx-DR and EyeArt achieve sensitivities >90% in detecting referable DR from retinal fundus images [29]. 

Comparative studies show that CNN-based approaches outperform traditional image processing algorithms and even 

human graders in terms of reproducibility [30]. Moreover, hybrid models integrating CNN with ensemble classifiers enhance 

early microaneurysm detection, which is often missed by both manual grading and conventional regression-based image 

analysis [31]. 

 

3. Person with diabetes Nephropathy and Neuropathy 

In person with diabetes nephropathy, ANN models using urinary biomarkers, serum creatinine, and imaging data predict 

renal impairment progression earlier than estimated glomerular filtration rate (eGFR) alone [32]. Similarly, ANN-based 

classifiers analyzing nerve conduction studies outperform linear discriminant analysis in diagnosing person with diabetes 

neuropathy, offering greater precision in detecting early subclinical changes [33]. These models highlight the translational 

potential of ANN in identifying complications before clinical manifestation. 

 

4. Glycemic Control and Hypoglycemia Forecasting 

Recurrent neural networks (RNNs) and LSTM-based models are especially effective in analyzing CGM data. They predict 

hypoglycemic events up to 60 minutes in advance with accuracies surpassing 85%—a level unattainable by traditional 

autoregressive models [34]. Comparative evaluations confirm that RNNs significantly reduce false-positive rates compared 

to decision trees and support vector machines in glycemic forecasting tasks [35]. Furthermore, hybrid models combining 

ANN with fuzzy logic have enhanced real-time insulin dosing recommendations, aligning with closed-loop “artificial 

pancreas” systems [36]. 
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5. Personalized Medicine and Lifestyle Monitoring 

Wearable devices integrated with ANN frameworks provide individualized predictions of glucose fluctuations based on 

activity, dietary intake, and stress levels [37]. Compared to rule-based algorithms, ANN-enabled systems adapt dynamically 

to intra-patient variability, thereby supporting precision dosing of insulin or oral hypoglycemic agents. Additionally, ANN 

models incorporating patient-reported outcomes have shown superior accuracy in predicting adherence-related glycemic 

variability, which traditional models rarely address [38]. 

 

 
Figure 1 Real-Time Integration Pipeline of ANN in Diabetes Care 

 

Application ANN Model Comparator Performance (Accuracy/AUC) Reference 

Diabetes risk prediction MLP Logistic regression ANN AUC 0.82 vs LR 0.76 [28] 

Retinopathy detection CNN Human graders ANN Sensitivity >90% [29,30] 

Hypoglycemia forecasting LSTM Autoregressive models ANN Accuracy 85% vs AR 70% [34,35] 

Nephropathy prediction Hybrid ANN eGFR ANN detects earlier decline [32] 

Table 1  Comparison of ANN Architectures in Diabetes Care 

 

ANNs offer unique advantages over traditional statistical approaches, but their integration into routine diabetes care is not 

without limitations. A critical appraisal of their strengths and weaknesses is essential for understanding both their promise 

and their challenges. 

 

Strengths 

1. Ability to Model Complex Nonlinear Relationships 
Traditional models such as logistic regression or Cox proportional hazards assume linear relationships between 

predictors and outcomes. ANN, however, can capture highly nonlinear and multidimensional associations without 

requiring explicit feature engineering [39]. This makes them particularly suitable for diabetes, where interactions 

between genetics, lifestyle, and metabolic variables are intricate and dynamic. 

2. High Predictive Accuracy 
Comparative studies consistently demonstrate that ANN models outperform classical algorithms in diabetes 

diagnosis and complication screening. For example, ANN models applied to the Pima Indian dataset improved 

accuracy by 10–15% compared with regression models [40]. Similarly, CNN-based retinopathy detection surpasses 

the reproducibility of both ophthalmologists and traditional image-processing tools [41]. 

3. Multimodal Integration 
ANNs can simultaneously process diverse input types—including laboratory values, retinal images, continuous 

glucose data, and wearable sensor outputs. This flexibility contrasts with conventional models, which often 

struggle with heterogeneous data sources [42]. The multimodal adaptability of ANN paves the way for integrated, 

patient-centred predictive systems. 

4. Dynamic Adaptability 
ANN systems, especially when trained with real-time data, continuously improve as more data are accumulated. 

Unlike fixed regression models, they can adapt to evolving patient profiles and treatment contexts [43]. This 

adaptability is particularly valuable in diabetes, where glycemic trajectories vary widely across individuals. 

 

Limitations 

1. Black-Box Problem and Lack of ExplainabilityA central limitation of ANN is their opaque decision-making 

process. Unlike regression models, where coefficients are interpretable, ANN outcomes are derived from complex 

weight adjustments across hidden layers [44]. This lack of transparency raises concerns among clinicians and 

patients, limiting trust in AI-assisted decisions. Although explainable AI (XAI) tools such as SHAP and LIME 

are emerging, they are not yet widely standardized in diabetes applications [45]. 
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2. Data Dependency and BiasANN models require large, high-quality, and diverse datasets to perform reliably. 

Small or homogeneous datasets risk overfitting, reducing external validity [46]. Furthermore, if training data 

disproportionately represent certain demographics, predictions may embed biases—potentially leading to 

inequitable care. For example, retinopathy detection models trained primarily on Caucasian populations 

underperform in non-Caucasian groups [47]. 

3. Computational Complexity and Resource DemandsCompared with logistic regression or decision trees, ANN 

models are computationally intensive, requiring significant processing power and expertise for training and 

validation [48]. This presents challenges for deployment in low-resource healthcare systems, where infrastructure 

may be limited. 

4. Regulatory and Ethical ConcernsIntegrating ANN into clinical workflows introduces issues of data privacy, 

algorithmic accountability, and medico-legal liability [49]. Unlike conventional risk calculators, ANN systems may 

lack clear regulatory guidelines, creating uncertainty about responsibility in cases of diagnostic error. 

 

 
Figure 2 Strengths vs Limitations of ANN in Diabetes Care 

 

Future Directions and Opportunities for Clinical Integration 

While Artificial Neural Networks (ANNs) have shown impressive promise in diabetes diagnosis and management, their 

real-world adoption requires solutions to current limitations and alignment with clinical priorities. Several emerging trends 

and innovations hold potential for overcoming barriers and enhancing integration. 

 

1. Explainable and Transparent AI 

The black-box nature of ANN remains a critical obstacle. To foster clinician trust, there is growing emphasis on 

explainable AI (XAI) techniques that provide insight into model decision-making. Methods such as SHAP (Shapley 

Additive Explanations) and LIME (Local Interpretable Model-Agnostic Explanations) allow clinicians to understand which 

features most strongly influenced predictions [50]. In diabetes care, such tools could, for instance, clarify whether retinal 

image features or HbA1c values predominantly contributed to a risk prediction, thereby aligning algorithmic output with 

clinical reasoning. 

 

2. Federated and Privacy-Preserving Learning 

Data-sharing restrictions often limit ANN model development across healthcare institutions. Federated learning provides 

a solution by enabling models to be trained collaboratively across distributed datasets without transferring patient data [51]. 

This preserves privacy while enhancing generalizability, especially important for diverse populations in diabetes research. 

Companies and academic collaborations are already exploring federated frameworks for retinopathy detection and CGM-

based forecasting [52]. 

 

3. Hybrid and Ensemble Models 

Future models are likely to leverage hybrid architectures, combining the strengths of multiple algorithms. For example, 

integrating ANN with fuzzy logic improves interpretability, while combining CNNs with gradient boosting machines 

enhances robustness [53]. Such approaches may address overfitting and improve performance in small or heterogeneous 

datasets. Closed-loop “artificial pancreas” systems that integrate ANN with control algorithms exemplify the clinical utility 

of hybrid strategies [54]. 
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4. Multimodal and Personalized Medicine Approaches 

As diabetes is influenced by a range of biological and behavioral factors, future ANN applications will increasingly adopt 

multimodal frameworks, integrating laboratory biomarkers, imaging, lifestyle data, genomics, and wearable device 

outputs [55]. This holistic approach aligns with the principles of precision medicine, enabling highly individualized 

treatment recommendations. For instance, models that simultaneously analyze CGM data, dietary logs, and genomic risk 

scores may generate adaptive insulin dosing protocols tailored to each patient’s physiology [56]. 

 

5. Integration into Clinical Workflows 

To move beyond research prototypes, ANN systems must seamlessly integrate into clinical decision support systems 

(CDSS) and electronic health records (EHRs). Usability studies highlight that clinicians favor AI tools that provide 

actionable insights within existing workflows rather than requiring separate interfaces [57]. Future research should therefore 

prioritize user-centered design, interoperability, and alignment with regulatory standards such as FDA’s Software as a 

Medical Device (SaMD) framework [58]. 

 

3. CONCLUSION  

 

Artificial Neural Networks (ANNs) represent a paradigm shift in diabetes care by offering enhanced predictive power, 

multimodal adaptability, and real-time decision support compared with traditional models. Their applications extend from 

early diagnosis and complication screening to glycemic forecasting and personalized treatment. Comparative evidence 

consistently demonstrates the superiority of ANN-based systems in handling complex, nonlinear, and heterogeneous data. 

 

This review, based on a structured narrative synthesis of literature from PubMed, Scopus, Web of Science, and IEEE 

Xplore (2014–2024), integrates technological, clinical, and ethical perspectives. The synthesis underscores both the 

opportunities and limitations of ANN integration in real-world practice. Challenges such as lack of explainability, dataset 

quality, algorithmic bias, and regulatory uncertainty remain significant barriers to clinical adoption. 

 

Emerging approaches—including explainable AI, federated learning, hybrid models, and multimodal integration—offer 

promising solutions. However, widespread translation into clinical workflows will require rigorous validation, transparent 

regulatory pathways, and interdisciplinary collaboration. By consolidating current evidence, this review highlights not only 

the technological advances of ANN in diabetes care but also the essential considerations for ensuring their ethical, 

equitable, and patient-centered implementation. 
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