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Abstract—Artificial Intelligence (AI) is being investigated 

more and more in the treatment of diabetes to tailor care for 

individuals with the disease and modify therapies for 

complicated presentations. Diabetes is a common condition 

with a significant chance of complications. According to 

reports, the number of diabetics globally is rising each. The 

growing incidence of diabetes worldwide has put a significant 

strain on healthcare systems, highlighting the need for efficient 

diagnosis, monitoring, and treatment techniques. New, 

integrated, tailored healthcare connected to diabetes is, 

however, inadequately developed. Traditional diagnostic 

approaches, sometimes limited in scope, do not address the 

increasing prevalence of diabetes-related comorbidities such as 

neuropathy, nephropathy, and retinopathy. Recent 

developments in Artificial Intelligence (AI) and Machine 

Learning (ML) have made it possible to develop new 

techniques for diabetes monitoring and diagnosis.  This 

research offers a thorough analysis of AI-powered diabetes 

treatment strategies, emphasizing important algorithms like 

Decision Trees (DT), Support Vector Machines (SVM), and 

Neural Networks (NN). The study also examines how 

Explainable Artificial Intelligence (XAI) might enhance clinical 

settings by making AI models more transparent and 

interpretable. Future directions to increase the efficacy of AI-

driven diabetes detection systems are also explored, along with 

issues like data quality, clinical integration, and user-centred 

design.   

Keywords—Diabetes Mellitus, Machine learning approach in 

diabetes, Challenges in diabetes, Artificial Intelligence, Support 

Vector Machines 

I. INTRODUCTION 

Healthcare systems across the globe are increasingly 
burdened by chronic diseases, with diabetes emerging as a 
major public health challenge. Chronic hyperglycemia is 
caused by diabetes, a metabolic disease marked by The 
body's incapacity to regulate blood sugar because to either 
insufficient insulin production or Type 1 DL insulin 
resistance Type 2 [1][2]. Long-term health consequences 
include diabetic foot ulcers, cardiovascular disease, 
neuropathy, renal failure, and vision impairment. this 
syndrome can cause emergency problems such as 
hyperosmolar hyperglycemia and diabetic ketoacidosis if 
treatment is not received. Additionally, diabetes is a major 
global cause of premature death. 

Diabetes significantly affects the economy. Diabetes-
related medical expenses are predicted to reach USD 1.054 
trillion by 2045, up from an anticipated USD 966 billion in 
2021 [3]. This escalating economic burden highlights the 
urgent need for more effective and sustainable disease 
management and early detection strategies [4]. 

In recent years, digital health technology has 
demonstrated great potential in tackling the difficulties 
associated with diabetes [5][6]. The term “digital health” 
now broadly encompasses innovations such as genomics, 
mobile health (mHealth) applications, wearables, 
telemedicine, and most notably, AI and ML [7]. Replicating 
human intelligence in machines is the aim of AI, an 
extensive field of computer science.  Machine learning (ML), 
a subset of statistical models and artificial intelligence (AI) 
algorithms, enables computers to learn from data and 
improve over time without explicit programming. 

Multi-layer neural network topologies are used in Deep 
Learning (DL), another branch of ML, to automated 
extraction of high-level characteristics from unprocessed 
data.  DL is especially well-suited for medical diagnostics as 
it has shown remarkable success in tasks requiring speech 
recognition, picture classification, and natural language 
processing (NLP) [8][9]. AI is being utilised to develop 
diabetes-related systems for risk assessment, early detection, 
ongoing monitoring, and predictive modelling. These 
systems will help to improve patient outcomes and enable 
prompt treatments. 

A. Organization of the Paper 

The following is the structure of the article: Section II 
provides an overview of diabetes and its complications. 
Section III discusses AI's application in diabetes diagnosis 
and tracking. Followed by Explainable AI (XAI) in Section 
IV, the difficulties in detecting diabetes in Section V, a 
survey of the literature on the subject in Section VI, and a 
conclusion outlining future research. 

II. OVERVIEW OF AI IN DIABETES AND ITS 

COMPLICATIONS  

One of the hallmarks of diabetes mellitus is 
hyperglycemia, or high blood glucose levels. This frequently 
indicates uncontrolled diabetes mellitus, which might harm 
several bodily organs.  The incapacity of the pancreas to 
generate the hormone insulin, which regulates blood glucose 
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levels, results in diabetes mellitus, a chronic illness, or the 
body's improper utilisation of the insulin that is produced. 
DM comes in two main forms: Type 1 DM (T1DM) and 
Type 2 DM (T2DM) [10][11]. Type 1 Diabetes Mellitus 
(T1DM) often affects adolescents and teenagers, typically 
brought on by inadequate insulin secretion. Additionally, 
type 2 diabetes, which is characterized by elevated blood 
sugar levels brought on by bad diet and lifestyle choices, 
usually affects adults in their middle and older years. The 
pathophysiology of each kind of diabetes mellitus varies, 
necessitating distinct therapeutic approaches [12].  

 

Fig. 1. AI in diabetes healthcare and monitoring 

A 2-hour oral glucose tolerance test called impaired 
glucose tolerance (IGT), which is evaluated by both IFG and 
IGT, can be used to diagnose people with diabetes or pre-
diabetes based on their postprandial and fasting blood 
glucose levels. IGT ranges from greater than 7.8 mmol/L to 
less than 11.1 mmol/L. The framework also highlights 
potential AI interventions in health education, therapy, and 
monitoring for individuals with diabetes in Figure 1.  

A. Classification of diabetes disease  

The present categorization helps with clinical evaluation 
of the illness and therapy selection since it is based on the 
pathophysiology and aetiologic of the disease [13][14][15]. 
This category includes the four main types of diabetes: 
gestational diabetes mellitus (GDM), type 1 diabetes mellitus 
(T1DM), type 2 diabetes mellitus (T2DM), and diabetes that 
is brought on by or associated with certain diseases, 
pathologies, and/or syndromes. Figure 2 illustrates the many 
forms of diabetes mellitus. 

 

Fig. 2. Types of diabetes Mellitus 

• Type 1 diabetes Mellitus: An autoimmune condition 
in which the body's immune system mistakenly 
attacks and destroys the beta cells in the pancreas that 
produce insulin, leading to insulin insufficiency [16]. 
Although this kind of diabetes is more frequently 
observed in children, teenagers, and young adults, it 
can affect anybody at any age.  Insulin is required to 
treat Type 1 Diabetes mellitus for the rest of one's 
life. 

• Type 2 Diabetes Mellitus: It is the most prevalent 
kind of diabetes, making up over 90% of all cases. 
The body's cells' inefficient reaction to insulin, or 
insulin resistance, is one of the main characteristics of 
type 2 diabetes mellitus. Additionally, the pancreas 
may eventually run out of insulin to meet the body's 
needs. Type 2 diabetes mellitus is associated with 
sedentary lifestyles, obesity, age, and poor lifestyle 
choices such poor eating habits. 

• Gestational diabetes Mellitus: a kind of diabetes 
that develops during pregnancy and frequently goes 
away after giving delivery. Women who have had 
GDM in have a higher risk of developing type 2 
diabetes. Both the mother and the growing fetus are at 
higher risk of problems when GDM is present [17]. 

• Secondary diabetes Mellitus: As compared to the 
total diabetic incidence scenario, apart from type 1 
diabetes, type 2 diabetes, and type 3 diabetes, 
diabetes has also been linked to a number of 
particular ailments, including several pathologies 
and/or other disorders, albeit in lesser percentages. 

B. Complications of Diabetes 

Diabetes is a complicated illness that can lead to long-
term issues. The term "mild" diabetes does not exist. 
Diabetes that is not properly controlled may harm the body, 
regardless of whether it is treated with medication, 
injections, or just a good diet and regular exercise. An 
extended period of high blood glucose can damage both 
large and small blood vessels [18][19]. The risk of stroke, 
heart disease, renal disease, and blindness for an individual, 
nerve damage, and coma rises if their diabetes is managed 
properly. The following are the most frequent issues that 
diabetics face (Figure 3). 

  

Fig. 3. Complications of diabetes mellitus 

• Heart and blood vessel disease: Angina (chest pain) 
is linked to coronary artery disease, heart attacks, 
strokes, and atherosclerosis (artery constriction). 
Diabetes also significantly raises the risk of 
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cardiovascular issues, such as high blood pressure 
[20][21]. The risk of dying from heart disease and 
stroke is two to four times higher for those with 
diabetes than for those without the condition. 

• Nerve damage: The capillary walls, which are small 
blood vessels that sustain the nerves, especially in the 
legs, might be harmed by eating too much sugar. 
Pain, tingling, burning, or numbness may ensue; these 
symptoms often begin at the tips of the fingers or toes 
and progress upward. 

• Kidney damage: To eliminate waste from blood, the 
kidneys employ millions of small clusters of blood 
vessels. This delicate filtration mechanism may be 
compromised in individuals with diabetes. Dialysis or 
a kidney transplant may be necessary if there is 
severe damage that results in kidney failure or chronic 
end-stage renal disease [22]. 

• Eye damage: Diabetes can result in diabetic 
retinopathy, which damages the blood vessels in the 
retina and can cause blindness. Diabetes also raises 
the chance of two additional dangerous eye diseases: 
glaucoma and cataracts. 

• Foot damage: A lack of blood flow to the feet or 
damage to the nerves can cause a variety of foot 
conditions.  Untreated blisters and wounds have the 
potential to become critically infected. In cases of 
serious injuries, the toe, foot, or even limb may need 
to be amputated. 

• Skin and mouth conditions: Diabetic individuals 
may be more susceptible to bacterial and fungal 
infections, among other skin conditions. Furthermore, 
gum infections might be an issue, particularly if 
you've previously practiced poor dental hygiene [23]. 

• Osteoporosis: Diabetes can increase the risk of 
osteoporosis by causing the bone mineral density to 
drop below normal. 

C. Treatment of Diabetes  

Some of the treatments for diabetes are discussed below: 

• Insulin and hypoglycaemic drugs: Because nature 
is so effective at reducing postprandial 
hypoglycaemia and avoiding hypoglycaemia between 
meals, insulin treatment should aim to mimic nature 
28.  Both intramuscular and intravenous insulin 
injection sites are essential for the medication's safe 
and effective operation.  Human, pig, and cow insulin 
are among the several forms of insulin that are 
available. 

• Herbal Treatment of Diabetes: The increased study 
in traditional medicine over the last few decades, 
environmentally friendly plant-based drugs [24]. Bio-
friendly, reasonably priced, and typically safe have 
moved from the periphery to the centre. 

• Pathophysiology: The pathophysiology of diabetes 
mellitus includes intricate relationships between 
lifestyle choices, environmental circumstances, and 
genetics. In type 2 diabetes, the pancreatic beta cells 
die due to an autoimmune process, resulting in total 
insulin insufficiency. Figure 4 depicts the 
pathophysiology of diabetes mellitus. 

• Blood Glucose monitoring: In order to properly treat 
diabetes, blood glucose monitoring entails taking 
measurements of blood sugar levels.  It involves self-
monitoring with CGM devices and glucometers.  The 

frequency of monitoring varies; Type 2 diabetes 
requires individualized management programs, 
whereas Type 1 diabetes needs several daily checks. 

 

Fig. 4. Pathophysiology of diabetes mellitus 

III. AI TECHNIQUES FOR DIABETES DETECTION AND 

MONITORING  

Most diabetic patients now use invasive insulin injections 
and manual methods, such as fingerstick testing, to check 
their blood glucose levels. When combined with continuous 
glucose monitoring devices, 55 AI systems may evaluate 
real-time glucose data and modify insulin doses as necessary 
[25][26]. AI techniques for diabetes detection and 
monitoring can be categorized into several key approaches 
are as follows, and Figure 5 shows the ML and AI in 
diabetes. 

 

Fig. 5. ML and AI in Diabetes Research 

A. ML-Based Approach in Diabetes 

The capacity of machine learning algorithms to learn 
over time without explicit programming is one of their 
defining characteristics [27]. Problem solving, often based on 
data categorization, is one of machine learning's primary 
characteristics. Furthermore, it incorporates studies from a 
number of fields, including neurology, psychology, 
philosophy, information theory, probability and statistics, 
computational complexity theory, and AI. ML techniques 
include SVM, KNN, LR, and DT. It has all been effectively 
used in the diabetes sector. 

• Support Vector Machine (SVM): SVMs are 
maximum-distance classification techniques. It 
establishes to separate between the two classes above 
and below a hyperplane, and the greatest distance 
between the classifying plane and the closest data 
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points is determined. With a very simple adjustment, 
SVM can do multiclass classification tasks; however, 
it can only solve binary classification problems in 
their most basic form.  SVM has been utilized in the 
diagnosis of diabetes and the prediction of 
prediabetes and diabetic illness. 

• Decision Tree (DT): An internal node and a leaf 
node with a class label make up a (DT), a 
classification technique. Root nodes are the top nodes 
of the DT [28]. This method's popularity stems from 
its ease of construction and lack of parameter 
requirements. 

• K-nearest neighbours (KNN): One well-liked 
technique for data classification is the KNN method.  
With this method, it can determine the distance 
measurement from N training samples. 

• Logistic regression (LR): A common statistical 
model with a probabilistic foundation used for ML 
classification problems is logistic regression.  A 
logistic function is typically used in LR to assess 
probability.    It works well with datasets that have a 
lot of dimensions and can be divided linearly. 

B. Deep Learning (DL) Models for Diabetes Prediction 

(DL), It takes medical data and employs neural networks 
with numerous layers to find complex patterns, and has 
become a potent method for diabetes prediction [29]. More 
accurate predictions in diabetes diagnosis and monitoring are 
made possible by DL Unlike conventional ML methods, 
from unprocessed data, models can automatically generate 
hierarchical representations: 

• Artificial Neural Network (ANN): A group of 
algorithms known as ANN was created in order to 
recognise patterns and categorise data.  Since inputs 
are only taken into consideration in the ANN, or 
forward orientation. The input, hidden, and output 
layers make up an ANN [30]. The output layer 
produces the result after it has received and processed 
the inputs from the hidden layer. 

• Recurrent Neural Network (RNN): One common 
type of DL neural network is the RNN model.  For 
learning, RNN runs the backpropagation process 
across time.  When it loops back to the earlier data, it 
may be designed to handle the data [31]. The input 
for that particular state comes from the output of the 
previous one. 

• Convolutional Neural Networks (CNN): CNN is a 
widely used backpropagation neural network DL 
model. The use of convolutional neural networks 
(CNNs) has been most fruitful in the niche areas of 
image processing and image recognition, which seek 
to assess visual images by means of image or video 
data. 

• Deep Neural Network (DNN): In some ways, DNNs 
are modelled after the biological nervous system. 
Synapses are the connections between the nodes, 
which are represented as simple functions in artificial 
neurons as segregated in layers [32]. A self-adaptive, 
data-driven learning method called DNN creates non-
linear models that can handle modelling challenges in 
the actual world. 

IV. EXPLAINABLE AI (XAI) FOR DIABETES DETECTION 

XAI methods are crucial for enhancing the transparency 
and lucidity of diabetes diagnosis algorithms [33]. By 
employing these techniques, physicians may confirm 
predictions, learn more about how the framework makes 
judgments, comprehend the significance of features, and 
guarantee regulatory compliance. 

A. XAI Technique in Diabetes Detection 

An essential XAI method that finds and prioritises 
elements according to how they affect model predictions 
[34]. This method is very useful for detecting diabetes since 
it identifies important biomarkers and patient information 
that influence prognoses. 

1) Shapley Additive Explanation (SHAP) 
In XAI techniques, A highly useful tool for figuring out 

an attribute's exact value in a forecast is SHAP. The SHAP 
values in Figure 6 show the discrepancy between the 
expected outcome and the standard model prediction. 

 

Fig. 6. SHAP value prediction in diabetes. 

When imposing the condition, the projection of the 
expected model is based on the SHAP parameters for each 
attribute. In a feature, the SHAP values for each attribute 
serve as the basis for the forecasting of the anticipated 
model. 

2) Local Interpretable Model-Agnostic Explanations 

(LIME) 
LIME is a model-agnostic approach that may be used 

with any machine learning framework without requiring an 
understanding of its inner workings, as shown in Figure 7. It 
facilitates comprehension and confidence in AI system 
predictions by bridging the gap between human 
interpretability and complex models [35]. It's critical to keep 
in mind that LIME is only one interpretation technique. 

 

Fig. 7. LIME value is generated in diabetes  

Figure 7 illustrates the values that LIME assigned to the 
prediction likelihood: 0.26 for prediabetes or diabetes, and 
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0.74 for no diabetes.   The following are the rules:   High BP 
<= 1.00, High Chol <= 1.00, BMI >31.0, Fruits <= 1.00, Age 
<= 6.00, NoDocbcCost > 0.00, and GenHlth > 3.00 are on 
the negative side (left). 

B. XAI Upgradation of Healthcare System 

Explainable AI (XAI) is transforming healthcare systems 
by enhancing transparency, interpretability, and 
trustworthiness of AI models [36]. It helps doctors 
understand the logic behind diagnostic and prognosis 
outcomes, bridging the gap between complex algorithmic 
systems and medical decision-making. A few of the 
summarized formats are shown below: 

1) Conventional Healthcare System 
Chronic illness care and appropriate planning are 

provided by this healthcare system [37]. This approach 
achieves the objective of improving patient care by offering a 
plan for appropriate treatment and care. It may include the 
following crucial elements: 

• Clinical data-based information system; 
organizational health system  

• Design of the treatment system;  

• Correct DSS;  

• Self-decorum behavior;  

• Management of community resources. 

2) Obstacles with Traditional Healthcare System 
It might include a number of significant elements: 

• Clinical report errors and omissions;  

• Patient financial hardships;  

• A dearth of patients who take care of themselves; 

• Inadequate training and competence among 
healthcare professionals. 

3) Usage of Explainability 
There are some points on usage of explainability as 

follows: 

• XAI may be used with favorable technologies in the 
following ways to manage chronic health care.  

• A decision support system may effectively handle 
chronic healthcare management since all of its 
components are explicable. 

• In order to properly diagnose chronic illnesses like 
diabetes, hospitals in places like India must have XAI 
systems. 

V. CHALLENGES AND FUTURE DIRECTION IN AI DRIVEN 

DIABETES DETECTION 

It is possible to track the development of diabetes and its 
evolution from a single to polychronic condition by 
gathering longitudinal data on the disease. AI might 
completely change how diabetes is treated. But creating and 
deploying these AI systems with panel data is not without its 
difficulties, especially when taking into account the peculiar 
circumstances of nations like the US and India.  A few of 
these difficulties are explained in further detail below: 

A. Data Quality Control 

Data quality issues can lead biased model predictions, 
especially when dealing with rare complications or 
underrepresented populations [38]. AI systems are developed 
using a large quantity of real-world health data; model 
performance is strongly impacted by the data's quality and 

labeling. Unfair and hazy pictures are examples of poor data 
quality, inaccurate labels and inadequate data, which indicate 
that only a small percentage of information has been 
labelled, are examples of bad data labels. 

B. Poor Technology Design 

Iterative development and continuous improvement are 
necessary for AI-based diabetic health technology (DHT) in 
order to meet user needs.  Most DHTs' early iterations are 
inherently difficult to use, necessitating the use of user-
centred design concepts [39]. Potential problems that users 
could encounter are examined iteratively in accordance with 
user-centred design principles.  Iterative analysis of possible 
problems that users can encounter is done in accordance with 
user-centred design principles. 

C. Lack of Clinical Integration 

As AI becomes more widely used in clinical settings, 
many academics predict significant changes in clinical 
practice.  To realize their full potential, advanced AI systems 
must be integrated into digital and clinical operations.   Many 
AI systems have struggled to establish momentum and live 
up to the promise of improving patient care, despite the fact 
that more and more of them have been deployed in clinical 
settings. 

D. Privacy Concern 

One of the main concerns for the possible future of AI in 
medicine involves guaranteeing data security and privacy.   
Algorithms that may reveal the medical condition of a person 
are prohibited in clinical settings due to the pervasive 
problems with hacking worldwide [40][41]. Further 
impeding privacy protection is the growing possibility that a 
person's identify may be ascertained using face recognition 
or genetic sequences from large databases. 

E. Patient and Clinician Attitudes 

Endocrinology and the use of autonomous technologies 
that utilize data treatment are heavily influenced by the 
opinions of physicians and patients.  A new comprehensive 
analysis of how patients feel about clinical [42]. AI 
discovered that people were generally positive and eager to 
participate. 

VI. LITERATURE REVIEW 

A survey of the literature on the difficulties and 
developments in diabetes monitoring and detection with AI 
methods is given in this section. Table I provides an 
overview of the examined papers. 

Shahi, Wahi and Dwivedi (2024), The condition known 
as a major worldwide health concern, Diabetes mellitus 
emphasizes the need of early identification and care. It offers 
a novel approach for diabetes forecast in healthcare utilizing 
Convolutional Neural Network (CNN) algorithms. 
Leveraging a diverse dataset encompassing various health 
parameters, including demographic information, medical 
history, and clinical measurements, their CNN model 
demonstrates high accuracy in predicting diabetes risk. Their 
findings suggest promising applications of deep learning 
techniques in proactive disease management within 
healthcare systems [43]. 

Prajapati, Hihoriya and Verma (2023), Diabetes, a 
chronic ailment, affects millions of people globally. Blood 
pressure, glucose levels, BMI, pregnancy, and other variables 
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can all contribute to this complicated illness. In order to 
prevent and control diabetes, finding those who are 
susceptible to the illness is crucial. Random forest algorithms 
are used to build classification models, which have a greater 
accuracy than other algorithms. Because of the model's 
unsatisfactory accuracy, the authors used ensemble learning 
techniques including boosting, bagging, and averaging. They 
found that compared to the other methods, the averaging 
strategy had a smaller error. Research aids in early detection 
and illness prediction in the medical industry [44]. 

Ataya et al. (2023), Recent advances utilize LSTM neural 
networks within ensemble learning frameworks to improve 
the identification of T1DM patients' meal disruptions. These 
AI models analyze sequential (CGM) data spanning 120 
minutes to classify glucose profiles for meal intake detection. 
A UVA-PADOVA T1DM evaluation. In the simulator, these 
ensemble models perform well (mean c-statistic: 75.12%–
79.52%) and exhibit rapid identification (mean detection 
time: 7.08–12.84 minutes). This method is a prime example 
of how AI-powered strategies enhance real-time diabetes 
care monitoring and management [45]. 

Ataya (2023), Diabetes impairs a body's capacity to 
produce insulin, which results in inappropriate 
gluconeogenesis and high blood sugar levels. (ML) plays an 
important role in predicting several occurrences and 
detecting illnesses. Because of this, machine learning 
approaches are excellent at predicting diabetes illness. The 
well-known LR, k-NN, SVM, RF, XGBoost, and LGBM 
were selected for diabetes prediction in this study. To 
determine which algorithm in the clinical decision system is 
the most beneficial, a comparison analysis of algorithmic 

performance is conducted. The LGBM classifier in the 
experiment detects diabetes with the best accuracy (88.5%) 
[46]. 

Shampa, Islam and Nesa (2023), In order to reduce the 
severity and related risk factors, early identification of 
diabetes is essential.  By using the data at hand to generate 
precise predictions, ML algorithms have become important 
tools in the prediction of diabetes.  highlight how boosting 
machine learning methods, such as AdaBoost, CatBoost, 
Gradient Boost, and XGBoost, may be used to predict 
diabetes using Bangladesh data. The study also notes that 
when analyzing diabetic data, simple models like Random 
Forests and Decision Trees work satisfactorily. helps 
advance knowledge of diabetes prediction by the analysis of 
datasets from many nations. Early diabetes identification and 
treatment can improve patient outcomes and public health in 
general [47]. 

Fiska et al. (2022) (DM) is a biochemical illness that 
impacts millions of individuals worldwide. Continuous 
glucose monitoring (CGM), a crucial part of diabetic care, 
can dramatically lower the risk of hyperglycemia in DM 
patients when paired with closed-loop automated drug 
administration systems. However, medication infusion and 
invasive glucose testing methods are often required for this 
kind of therapy. Sweat is regarded as one of the most 
important biofluids because of its unique characteristics for 
non-invasive CGM applications. Extensive research is being 
conducted to develop A sweat-based, safe closed-loop 
technology that would give patients pleasant, efficient 
diabetes treatment and monitoring [48]. 

TABLE I.  SUMMARY OF A LITERATURE STUDY ON AI-BASED DIABETES DETECTION AND MONITORING 

Author(s) 

and Year 

Challenge Methodology Key Findings Limitations Future Work 

Shahi, Wahi, 

and Dwivedi 

(2024) 

Early prediction of 

diabetes using 

diverse health 
parameters. 

Convolutional Neural 

Network (CNN) 

The CNN approach uses scientific, 

healthcare, and socioeconomic 

information to predict the 
probability of diabetes with 

excellent accuracy. 

Dataset diversity 

may limit 

generalizability. 

Expansion of dataset 

to include more 

diverse populations. 

Prajapati, 
Hihoriya, and 

Verma (2023) 

Identifying at-risk 
individuals using 

clinical data. 

Random Forest, 
Ensemble Learning 

(Averaging, Bagging, 

Boosting) 

Averaging method in ensemble 
learning outperforms other methods 

with reduced error rates. 

Model accuracy 
is not satisfactory 

for all cases. 

Testing other 
ensemble learning 

techniques to further 

reduce errors. 

Ataya (2023) identifying irregular 
eating patterns in 

people with Type 1 

Diabetes. 

(LSTM) networks, 
Ensemble Learning 

Ensemble models achieve mean c-
statistic of 75.12%-79.52% with 

timely detection (7.08-12.84 mins). 

Limited to 
simulated CGM 

data; lacks real-

world validation. 

Integration of real-
world CGM data for 

model evaluation. 

Ataya (2023) Comparing ML 

algorithms for 

diabetes prediction. 

Logistic Regression, 

k-NN, SVM, Random 

Forests, XGBoost, 
Light GBM 

Light GBM achieves highest 

accuracy (88.5%) in diabetes 

prediction. 

Potential 

overfitting in 

Light GBM 
model. 

Application of cross-

validation techniques 

to prevent overfitting. 

Shampa, 

Islam, and 

Nesa (2023) 

Early diabetes 

detection using ML 

algorithms. 

Boosting Algorithms 

(AdaBoost, Cat Boost, 

XGBoost, Gradient 
Boost) 

Boosting algorithms perform well on 

the Bangladesh dataset, with 

XGBoost showing the highest 
accuracy. 

Limited dataset 

scope; focuses on 

one region. 

Inclusion of multi-

country datasets for 

more comprehensive 
analysis. 

Fiska et al. 

(2022) 

Non-invasive CGM 

monitoring for 
diabetes 

management. 

Sweat-based closed-

loop monitoring 
system 

Proposes sweat-based system for 

glucose monitoring, reducing 
invasive procedures. 

Prototype stage; 

lacks clinical 
validation. 

Development of a 

clinically validated 
closed-loop system 

VII. CONCLUSION AND FUTURE WORK 

Diabetes continues to impose a substantial health and 
economic burden globally, necessitating advanced strategies 
for effective detection and management. With forecasting 
factors, data-driven methods that can enhance early 
identification, pinpoint patients at increased risk, and 
facilitate targeted treatments, AI-powered technologies show 

great potential in tackling this issue. But even with AI's 
enormous promise, issues like data quality, model 
interpretability, and clinical integration continue to be major 
roadblocks to successful deployment. To overcome these 
obstacles, it is necessary to create reliable, transparent, and 
explainable AI models that empower medical professionals 
to make well-informed choices. Future efforts should 
prioritize algorithmic refinement, interdisciplinary 
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collaborations, and patient-centric designs to maximize the 
clinical utility of AI frameworks in diabetes management, 
eventually lowering issues and enhancing patient outcomes. 

In order to ensure accuracy and transparency in clinical 
settings, future research should concentrate on creating 
strong, explainable AI models specifically designed for 
diabetes diagnosis and monitoring. Integrating AI systems 
with existing healthcare infrastructure will be vital for 
seamless data exchange and real-time decision support. 
Additionally, addressing data quality issues through 
standardized data collection and incorporating diverse patient 
populations can improve model generalizability. Emphasis 
should also be placed on privacy-preserving AI techniques to 
mitigate security risks. The practical application and 
adoption of AI-driven diabetes management paradigms may 
be further improved by cooperation between healthcare 
policymakers, doctors, and AI researchers. 
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