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Abstract. Diabetes Mellitus is a worldwide disease that affects the body’s metabolism and is 
considered a public health disaster resulting in great loss. Proper diagnosis and estimation of 
Diabetes Mellitus (DM) is crucial to enhance the patient’s diagnosis and upgrade the health care 
system. This review provides a systematic review of advances in diabetes diagnosis and prediction. 
This paper also talks about traditional diagnostic methods and risk prediction models and compares 
them clinically in both sensitivity and coverage, on the scale of application outside health. It further 
explores the application of artificial intelligence (AI) in clinical applications for DM patients. Open-
ended questions in explainability and clinical translations are also discussed. Furthermore, this paper 
also discuss limitations in current presentation and conclude by suggesting future research agendas. 
These future agendas include but are not limited AI techniques in mathematical applications. The 
review discusses the potential use of Artificial intelligence in providing personalized diabetes care 
further aiding the DM patients as well as improving diagnosis. Artificial intelligence would tie together 
methodological excellence with clinical practice solutions. 
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1. Introduction 

Diabetes is a disease that can be separated into different types based on different factors. These 

types include Type 1 diabetes, Type 2 diabetes, and gestational diabetes [1]. Diabetes is a disease 

where the body cannot control its sugar levels because the body either has a problem producing insulin 

or there is a problem using insulin to control sugar. There have been more people who have diabetes. 

[2] found that there were around 8.4 million adults with type 1 diabetes in 2021. This alarming number 

is projected to keep increasing in the next few decades. Diabetes has been shown to be a major factor 

in death. It can be a direct cause or it can also decrease the quality of life by decreasing the body’s 

function. Other effects include cardiovascular disease, nephropathy, neuropathy and retinopathy, it 

can take around 3 years off a person’s life and it can have a big social and economic effect [3]. 

Diabetes is not curable, so it requires continuous treatment and health care management for most 

patients’ lives. This increases the resources used in the healthcare system. 

The causes for diabetes can come from a mix of different factors including genetics, exposure to 

different environmental factors and lifestyle choices that are influenced by the previous two factors. 

Other reasons that can cause diabetes include being overweight, not being active and eating poorly, 

as well as the increase in the likelihood of developing diseases as a person ages. The complexity of 

the number of factors involved makes diagnosing this disease more complicated [4]. The current way 

to diagnose diabetes involves fasting blood glucose (FBG), oral glucose tolerance test (OGTT) and 

HbA1c [5]. Even though this is the most used VAI, it is expensive to conduct this test and the result 

may not be valid and testing is very sensitive, with a high likelihood of not detecting the disease (early 

stages). The accuracy for diagnosis is very low and that leads to high-risk patients not being put under 

the right care. Because the condition worsens over time, it is key to find new ways to improve the 

system. “Early prevention for the individual would be slowing down their disease by addressing their 

lifestyle as well as starting preventive medicines; early prevention at a societal and healthcare level 

would mean reducing chronic future burden and optimizing resource usage. As a result, early 

diagnostic and prognostic strategies with higher sensitivity and scalability are urgently needed. 
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Recent advancements in artificial intelligence have made new approaches possible in this field. 

ML and DL are one of the fields where they allow researchers to combine all information that is 

included in their electronic medical record, Lab test, radiology image, but also from wearable 

equipment and now even genomic data. Besides, these approaches can represent complex nonlinear 

relationships that would otherwise be hard to identify by conventional statistical models. The 

accuracy for predicting risk and personalized risk stratification has dramatically improved for these 

types of models. But at present, these models do not have enough explanation and experimental 

verification that their practical clinical use can be unavoidable. On this basis, the purpose of this 

article is to systematically review and critically analyze research progress on the diagnosis and 

prediction of diabetes. It will analyze them from each compared to the traditional methods, machine 

learning models, and deep learning technologies. From different aspects of data types to 

methodological pros and model performance. 

Finally, it will also summarize the present difficulties and point out the future development trend. 

In this paper, the three critical questions: which data resource is the most useful, what kind of 

methodology is the best at prediction and how to push these methods for real application in the clinic 

will be addressed. 

2. Traditional Diabetes Diagnosis and Prediction 

People have been using tests in clinics and labs to diagnose diabetes. These tests are the most 

important medical tests to control the disease. The best test tools used are fasting plasma glucose 

(FPG), the oral glucose tolerance test (OGTT), and glycated hemoglobin A1c (HbA1c) [6]. Now, 

these ways of testing are used around the world because the WHO and American Diabetes 

Association (ADA) have made them the standards of testing [7]. 

The test most used in clinics is fasting blood glucose (FBG) because it is easier to use and not 

expensive to do, so it is often used in family care. But this test is not stable because it can be easily 

changed by eating, lifestyle, and other factors. Another test is the oral glucose tolerance test (OGTT), 

which is believed by many to be more sensitive in finding out early diabetes levels and can show the 

blood sugar level in body. The OGTT test takes a long time and requires patients to work together, 

so it is hard to use for a lot of people. Glycated hemoglobin (HbA1c) can show the overall blood 

sugar level in people for 2-3 months. This test is less affected by other things, and the results are 

controlled. So, people started using this as a key test. But this test is expensive, and the result is easily 

affected by other things like anemia and kidney problems.  

All the traditional ways and test tools must be used so operators can get accurate information. In 

checking the prediction, the old way is to use the statistics model and risk score. The best example is 

the risk factor model made by checking people, like the Finnish Diabetes Risk Score (FINDRISC) 

[8]. These kinds of tools check the result by looking at a person’s age, BMI, hereditary history, blood 

pressure, and blood lipids. These tools are good because the results are easy to see and are simple to 

use, making them best for basic clinics and large groups of people. But the problem is that because 

these models don’t use enough data, they can’t check the relationship between the main features. The 

most important problem is that when the model is used in different countries or groups, the tool’s 

value decreases. 

For a long time, the traditional way was the best way to check and control diabetes. They have 

simple knowledge and can be easily used. They also give a lot of important information for later AI 

research. But, now, because of older people, changes in life eating, and big data, using the old methods 

is not good enough. Things must be made to add more, so the prediction is better while keeping the 

old way of being simple and easy to understand. 
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3. Diabetes Diagnosis and Prediction Based on Machine Learning 

As medical data gets larger and larger, the shortcomings of traditional diagnostic and risk scoring 

models have become increasingly prominent. Although traditional models also have advantages in 

interpretability and operability, the shortcomings of high-dimensional, nonlinear, multi-modal data 

are also difficult to overcome. In this context, machine learning methods have begun to be introduced 

into diabetes research. Compared with traditional models, machine learning not only adapts to large, 

complex, and diverse data structures, but also can automatically learn the underlying feature 

relationship through algorithms rather than relying on researchers’ prior assumptions, thereby having 

higher predictive performance. The flexibility and adaptability of different types of data show greater 

potential. 

From the perspective of specific methods, the tree model family is undoubtedly the most widely 

used method category. Single decision trees have been widely used in clinical practice due to their 

intuitiveness and interpretability, but the problem of overfitting is difficult to avoid. Random forest 

integrates multiple trees for voting, which greatly improves the stability and generalization 

performance of the model, so it has been widely used in the risk stratification task of high-risk 

populations of diabetes. Gradient boosting trees have stronger fitting capabilities, among which 

XGBoost and LightGBM have also become research hotspots in recent years. The former uses 

second-order gradient optimization and regularization strategies to greatly accelerate the training 

process and improve Prediction accuracy; the latter uses a histogram algorithm and efficient parallel 

strategy, which makes it possible to quickly model massive electronic medical record data, thus 

adapting to the trend of expanding data scale in modern medical systems. A large number of empirical 

studies have shown that this type of model is often better than traditional methods in terms of 

discrimination metrics such as AUC, sensitivity, and specificity and performs better in terms of 

calibration robustness [9]. In addition to tree models, support vector machines (SVMs) have also been 

proven to be good at processing high-dimensional small sample data. SVMs construct optimal 

hyperplanes to achieve classification, which is very suitable for high-dimensional cases such as 

metabolomics or laboratory indicators. For prediction tasks, multiple studies have found that SVM-

based diabetes prediction models often achieve higher accuracy and sensitivity in distinguishing 

patients from non-patients, while the K-nearest neighbor (KNN) algorithm is based on the “proximity 

principle”. 

In recent years, ensemble learning has further expanded the model boundaries of machine learning 

in the field of diabetes prediction. Some researchers have used stacking or blending methods to 

combine different base models such as logic regression, random forest, and SVM, and integrate 

various predictive models. The model’s complementary capabilities have achieved better 

performance improvements, which are particularly good at predicting patient complications. For 

example, for tasks such as predicting the risk of retinopathy or nephropathy, ensemble methods have 

shown significantly better effects than single models. Good stability and generalization capabilities, 

and some researchers even combined feature selection algorithms and ensemble prediction 

frameworks and found that they can achieve more accurate results while interpreting variable 

importance to a certain extent. 

Machine learning has helped us learn how to combine different types of health data. Old prediction 

models only used patients’ basic information. Now, researchers are finding ways to include genetic 

information and medical images in prediction tools. This new research has given doctors more 

information about how to treat diabetes patients. Machine learning models can also work with 

thousands of variables at once, instead of just a few.  

But machine learning has a lot of problems. Patient information has problems, like missing data 

or unclear numbers and notes. These problems make machine learning models less stable and 

sometimes not trustworthy. It’s also very common for machine learning models not to work well for 

diabetes prediction. When there is a lack of data from enough high-risk diabetes patients, high-risk 

patients are often not identified by the model, while the majority of the population is more easily 

identified. Hence, models don’t really find those who need doctors’ help. Another big problem is that 
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researchers use data sets from only one hospital, so it is difficult to tell if a model would work for 

different types of patients at another hospital. Moreover, understanding how machine learning models 

work will take up a significant amount of time for doctors. Due to patient privacy, it’s hard to get data 

from other clinics.  

In general, machine learning is better than early models and has taught us a lot about diabetes. It 

can deal with more complicated information than anything before and usually predicts better than 

older models. But for these tools to help real patients, researchers still need to work on many details. 

Like finding ways to improve the quality of patient data, making machine learning easier to 

understand, finding ways to test machine learning in different patient groups, and figuring out how to 

protect patient privacy. Only after researchers solve these problems can machine learning help doctors 

help patients with diabetes. 

4. Diagnosis and Prediction Based on Deep Learning 

Machine learning tools have helped doctors predict who is at risk for diabetes and diagnose early, 

but they can’t work if researchers don’t choose the right information from patients. They also can’t 

figure out how to use complicated patient information. New tools, called deep learning, help with this 

problem. Unlike some machine learning models, deep learning tools can “learn” how to use different 

types of patient information, like doctors’ notes. They can also figure out why one feature matters 

more than another.   

Another big difference from machine learning is that deep learning tools can be used with medical 

images, doctors’ notes, and genetic information. In other words, it is unnecessary to have to figure 

out which patient information to use with the prediction tool. The tool can learn to “read” patient 

information, tell us what matters the most, and explain why it chose a certain patient as someone who 

is at high risk for developing diabetes. In the past, which patient information was most important 

could only be guessed. New deep learning tools can tell us what patient information to consider when 

guessing about who will develop diabetes. 

For these reasons, deep learning tools like convolutional neural networks (CNNs) work well for 

reading retina images and predicting who will get diabetic retinopathy (DR). Now, in some countries, 

CNNs have been as good, or even better than, eye doctors and some clinics now use these tools. For 

clinics that don’t have enough specialists, these deep learning tools can look at retina pictures and 

predict which patients will get DR [10-12]. 

Time series modeling mainly includes recurrent neural network (recurrent neural network, RNN) 

and its improved architecture-long short-term memory neural network (long short-term memory, 

LSTM). They are often used in continuous glucose monitoring (CGM) data and long-term electronic 

medical records. It can capture the dynamic characteristics of blood glucose fluctuations and predict 

future trends, thereby achieving early warning of disease progression and personalized intervention. 

For example, [13] established an LSTM model based on CGM data from multiple populations, which 

can not only achieve accurate prediction but also maintain good performance on external test data. 

Compared with machine learning methods based on static variables, RNN and LSTM can reveal the 

dynamic evolution process of diabetes to a greater extent. After the Transformer architecture achieved 

breakthrough results in natural language processing, it has also begun to be used in the analysis of 

medical data. The multi-head attention mechanism of Transformer has shown outstanding results in 

long-sequence data and multi-modal fusion tasks. Some studies have integrated laboratory parameters, 

medical record information and medical images into the same Transformer model and achieved 

higher-accuracy prediction of risk stratification. Its exploratory significance lies in fully 

demonstrating that deep learning can not only achieve breakthroughs in a single data type, but also 

has the potential to integrate multiple sources of data to construct a patient's multi-modal portrait. In 

addition, the emergence of self-supervised learning and transfer learning has partially alleviated the 

problem of insufficient labeling of medical data. Pre-training on a large amount of unlabeled data can 

still maintain model performance under limited annotations. Transfer learning can transfer model 
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features learned in other fields to diabetes-related research, greatly reducing the demand for a large 

amount of labeled data. These two technologies may make deep learning feasible in health care 

settings with limited resources. Of course, deep learning is far from maturity in the field of diabetes 

diagnosis and prediction. Model training has high requirements for data volume and computing 

resources. At the same time, clinical data is often subject to privacy protection and data sharing 

restrictions, making it difficult to achieve multi-center collaborative research. Even though attention 

mechanisms and interpretability research have developed rapidly, it is still difficult to fully clarify 

the decision-making process of deep neural networks, making it difficult for doctors to trust them in 

clinical practice. The stability of the model also deserves attention. In practical applications, deep 

learning algorithms may have different degrees of performance degradation due to data noise, 

adversarial samples, or cross-population differences, thus weakening their clinical credibility [14]. In 

addition, the real-world verification of the model is still insufficient, and how to truly "get out of the 

laboratory" and achieve large-scale clinical application is still a huge challenge faced by current 

research in this field. In summary, deep learning has brought new opportunities for the diagnosis and 

prediction of diabetes. Its characteristics of automatic feature extraction, dynamic modeling, and 

multi-modal integration make up for some of the shortcomings of machine learning to a certain extent. 

With future breakthroughs in data sharing, model lightweighting, and interpretability, this series of 

methods is expected to truly move to the clinic and become an important technical support for diabetes 

prevention and control. 

5. Current Limitations and Prospects 

In recent years, research on diabetes diagnosis and prediction has made significant progress. The 

introduction of machine learning and deep learning has improved the accuracy and flexibility of 

models. However, the application of these methods in clinical practice still faces numerous obstacles, 

such as spanning data, methods, and applications. 

At the data level, medical information comes from complex sources and inconsistent standards, 

with widespread issues of missing values and noise, making it difficult for models to maintain 

stability across regions and institutions. Diabetes-related data also often suffer from an imbalance in 

sample sizes across categories. Insufficient samples of high-risk groups or early-stage patients can 

bias model predictions towards the majority category, making it difficult to identify the groups truly 

requiring attention. Furthermore, privacy and ethical constraints hinder multi-center data sharing and 

large-scale joint modeling. At the methodological level, many models lack validation and real-world 

evaluation, making them difficult to meet clinical standards. While deep learning reduces reliance on 

feature engineering, its complex structure and opaque decision-making processes make it difficult to 

gain full trust from physicians, even with the introduction of interpretability techniques. Furthermore, 

its demand for computing resources limits its widespread adoption in primary care settings. At the 

application level, most models remain in the academic research stage and lack effective integration 

with electronic medical record systems and clinical decision support tools. Clinicians require not only 

predictions but also reasonable explanations. However, existing research often overlooks cost, 

usability, and patient acceptance, factors that are crucial to the long-term success of a technology. 

Future research needs to be jointly promoted in multiple aspects. In terms of data, standardization 

and multi-center cooperation should be strengthened. Technologies such as privacy-preserving 

computing and federated learning can help different institutions share data securely. In terms of 

methods, external validation and model calibration should become routine links. At the same time, 

the development of explainable artificial intelligence and causal reasoning should be promoted to 

improve the transparency and credibility of the model. In terms of application, the model needs to be 

verified in a real clinical environment for a long time and deeply integrated with the existing medical 

process. Fairness is equally important. The model must maintain stable performance across different 

genders, ages and races to avoid exacerbating medical inequalities. Overall, diabetes diagnosis and 

prediction are at a critical stage from proof of concept to clinical implementation. Only by making 
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breakthroughs in data quality, method transparency, clinical adaptability and fairness can artificial 

intelligence models truly move out of the laboratory and become a powerful tool for diabetes 

prevention and control. 

6. Conclusions 

Diabetes is a chronic illness that harms the world. It not only makes life worse for patients but also 

causes financial problems. More precise diagnosis and risk prediction have always been at the heart 

of public health and clinical research. This paper provides a comprehensive review of research 

progress in the field of diabetes diagnosis and prediction, from traditional diagnosis and risk scores. 

It also covers machine learning models and the emerging deep learning methods in recent years. By 

systematically sorting out and analyzing a large amount of multi-source data, including laboratory 

indicators, electronic medical records, medical imaging, and wearable devices, different methods 

were compared while exploring their potential value in early detection and personalized risk 

stratification. 

Existing studies have shown that AI methods, especially deep learning, can leverage complex, 

high-dimensional data and recognize nonlinear patterns that are difficult for traditional methods to 

handle. This shows great potential in terms of predictive accuracy and generalization. However, 

uneven data quality, unbalanced sample distribution, insufficient interpretability of models, limited 

external verification, and difficulty in clinical integration are still the main bottlenecks that limit their 

translational application. The above limitations remind us that pursuing performance indicators is not 

the ultimate goal. Ensuring the stability and applicability of models in different populations and 

medical settings may be more important. 

In terms of future prospects, diabetes research needs cooperation from many different fields. At 

the data level, cross-institutional standardization and privacy protection technologies will be key to 

improving data quality and sharing. At the methodology level, emerging areas such as explainable 

AI, causal inference, and federated learning are expected to improve model transparency and fairness. 

At the application level, deep integration into clinical workflows, combined with prospective research 

and real-world validation, will determine the technology’s ultimate success. Only by truly integrating 

data, algorithms, and clinical practice can AI-driven diagnosis and predictive tools become a strong 

support for diabetes prevention and control. 
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