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 Diabetes detection and prediction are crucial in modern healthcare, requiring 

advanced methodologies and comprehensive data analysis. This study aims 

to review the application of multi-parameters and artificial intelligence (AI) 

techniques in diabetes assessment, identify existing research limitations and 

gaps, and propose a novel multimodal framework for enhanced detection 

and prediction. The research objectives include evaluating current AI 

methodologies, analyzing multi-parameter integration, and addressing 

challenges in early detection and model evaluation. The study utilizes a 

systematic review approach, analyzing recent literature on AI-based diabetes 

detection and prediction, focusing on diverse data sources and machine 

learning (ML) techniques. Findings reveal a significant lack of integration of 

diverse data sources, limited focus on early detection strategies, and 

challenges in model evaluation. The study concludes with a proposed 

innovative framework for more accurate and personalized diabetes detection, 

contributing to the advancement of diabetes research and highlighting the 

potential of AI-driven healthcare interventions. This research underscores 

the importance of comprehensive data integration and robust evaluation 

methods in enhancing diabetes detection and prediction. 
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1. INTRODUCTION 

Diabetes, a chronic metabolic disorder, affects millions of people worldwide, making it a significant 

public health concern [1]. It is characterized by elevated blood glucose levels resulting from either 

insufficient insulin production or the body’s inability to use insulin effectively. There are primarily two types 

of diabetes: Type 1 and Type 2 as presented in Figure 1. Type 1 diabetes, often diagnosed in childhood or 

adolescence, occurs when the immune system mistakenly attacks and destroys insulin-producing cells in the 

pancreas, leading to insulin deficiency [2]. In contrast, Type 2 diabetes, more common in adults, develops 

when the body becomes resistant to insulin or doesn’t produce enough insulin to maintain normal glucose 

levels [3]. The prevalence of diabetes has been steadily rising, attributed to factors such as sedentary 

lifestyles, unhealthy diets, obesity, and genetic predisposition [4]. According to global health statistics, 

diabetes affects approximately 10% of the adult population worldwide, with Type 2 diabetes accounting for 

the majority of cases [5]. The symptoms of diabetes can vary but often include increased thirst and hunger, 

frequent urination, unexplained weight loss, fatigue, blurred vision, and slow wound healing [6]. The causes 

of diabetes are multifactorial, involving a complex interplay of genetic, environmental, and lifestyle factors. 

Genetic predisposition, obesity, lack of physical activity, poor diet, and aging are among the key risk factors 

associated with the development of diabetes [7]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Figure 1. Types of diabetes 

 

 

One of the most concerning aspects of diabetes is its potential complications, which can affect 

various organs and systems in the body. Long-term complications may include cardiovascular diseases, 

kidney damage, nerve damage (neuropathy), eye damage (retinopathy), foot ulcers, and increased risk of 

infections [8]. Diabetes also significantly contributes to morbidity and mortality rates globally, with a notable 

proportion of deaths attributed to diabetes-related complications [9]. Diagnosing diabetes involves various 

tests and assessments to measure blood glucose levels, insulin levels, and other relevant parameters [10]. 

Common diagnostic tests include fasting blood glucose (FBG) test [11], oral glucose tolerance test (OGTT) 

[12], glycated hemoglobin (HbA1c) test [13], and random blood glucose test [14]. These tests help healthcare 

professionals determine whether an individual has diabetes, prediabetes, or normal glucose metabolism. In 

recent years, machine learning (ML) [15], [16] and deep learning (DL) [17], [18] approaches have emerged 

as valuable tools for detecting and predicting diabetes. These computational techniques analyze large datasets 

containing demographic information (such as age, sex) [19], health parameters (glucose level, heart rate, and 

blood pressure) [20], biochemical parameters (glucose level, lipid profile) [21], physical activity parameters 

(exercise frequency, intensity) [22], ophthalmic parameters (retinal changes) [23], sleep patterns [24], and 

stress levels [25]. By integrating and analyzing these diverse data sources, ML and DL models can identify 

patterns, trends, and risk factors associated with diabetes onset, progression, and complications. However, 

most ML and DL research in diabetes detection has predominantly focused on demographic information, 

health parameters, and biochemical parameters called as longitudinal data [26], [27]. There is limited 

emphasis on incorporating sleep patterns, stress levels, and physical activity parameters into predictive 

models, despite their known influence on diabetes risk and management. Furthermore, the availability of 

multimodal datasets containing comprehensive information across these domains remains limited, posing 

challenges to developing robust and generalized ML/DL models for diabetes detection and prediction [28]. 

Hence, this work aims to address several key issues in the field of diabetes detection and prediction 

as presented above. To achieve this goal, a comprehensive review is presented, focusing on the diverse 

parameters utilized in previous studies for diabetes detection and prediction over the years. By analyzing the 

methodologies and findings of these studies, valuable insights into the strengths and limitations of existing 

approaches are gained. Furthermore, this review identifies various datasets that have been used in diabetes 

research, along with their respective findings. Understanding the outcomes of these studies provides a basis 

for evaluating the effectiveness and applicability of different datasets in diabetes detection and prediction 

tasks. However, despite the progress made in diabetes research, there are notable limitations and challenges 

that need to be addressed. These limitations encompass issues such as the limited integration of multimodal 

data, insufficient emphasis on early detection strategies, and gaps in incorporating factors like sleep patterns, 

stress levels, and physical activity parameters into predictive models. Identifying these gaps, issues, and 

challenges is crucial for advancing the field of diabetes research and developing more accurate and robust 

predictive models. To bridge these gaps and overcome the identified challenges, this work proposes a 

multimodal framework for diabetes detection and prediction. This framework integrates diverse data sources, 

including demographic information, health parameters, biochemical markers, physical activity patterns, 

ophthalmic parameters, sleep patterns, and stress levels. By leveraging a multimodal approach, this 

framework aims to improve the accuracy, sensitivity, and specificity of diabetes detection and prediction 

models. Additionally, it seeks to enhance early identification strategies and provide a more comprehensive 

understanding of diabetes risk factors and progression pathways. 

In section 2 of this manuscript, an extensive literature survey is conducted, focusing on the detection 

and prediction of diabetes using artificial intelligence (AI) techniques. Moving on to section 3, a novel 

multimodal framework for the detection and prediction of diabetes is presented. Finally, in section 4, the 

manuscript concludes by summarizing the overall work. 
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2. LITERATURE SURVEY 

In this section an extensive literature survey is conducted, focusing on the detection and prediction 

of diabetes using AI techniques. The survey encompasses discussions on the utilization of various multi-

parameters such as health parameters, sleep patterns, stress levels, physical activity parameters, biochemical 

markers, and ophthalmic parameters in diabetes research. Through this survey, the results and findings from 

previous studies are identified, providing insights into the effectiveness and applicability of AI-based 

approaches in diabetes detection and prediction tasks. Following the discussion of results and findings, the 

limitations identified from the literature survey are presented. These limitations highlight areas of 

improvement and challenges faced by existing research methodologies and approaches in diabetes detection 

and prediction using AI techniques. Understanding these limitations is crucial for developing more robust 

and accurate predictive models in future research works. Furthermore, in this section, the survey delves into 

the identification and discussion of gaps, issues, and challenges observed in the literature survey. These 

discussions shed light on the gaps in current research, issues faced in implementing AI techniques for 

diabetes detection, and challenges that need to be addressed for advancing the field of AI-based diabetes 

research. 

-  Detection and prediction of diabetics using AI techniques considering multi-parameters 

This section delves into the detection and prediction of diabetes using AI by considering multi-

parameters. These multi-parameters include demographic information (age, sex), health parameters (blood 

pressure, heart rate), sleep patterns (quality, duration), stress, (physiological response, cortisol level), 

physical activity parameter (exercise frequency, intensity), biochemical parameters (glucose level, lipid 

profiles) and ophthalmic parameters (retinal changes). Bodapati et al. [29], this work focussed on evaluating 

the ophthalmic parameter (i.e., diabetic retinopathy (DR)). In this work, they considered the Kaggle APTOS 

2019 [30] dataset (image dataset) for evaluating the ophthalmic parameter. This work utilized various 

convolutional network (CovNet) approaches to extract the optimal characteristics from the dataset. These 

characteristics were used for training deep neural network (DNN) for identifying DR. This approach 

achieved accuracy of 0.9741 for identifying DR and accuracy of 0.817 for severity extent prediction. 

Cordeiro et al. [31], this work focused on electro cardi gram (ECG) signals (biomedical signals) which had 

various parameters other than ECG, i.e., heart-rate, blood glucose concentration level, weight, gender, height 

and age. This work focused on hyperglycaemia, a type of diabetes where sugar levels are very much high in 

comparison to a normal person. Further, they faced a challenge regarding the dataset, i.e., most of the normal 

ECG signals datasets such as Physionet Bank [32] do not include the glucose concentration levels. To 

address this issue, they generated a novel dataset which contains ECG signal having glucose concentration 

levels. They considered 1,119 individuals of both non-hyperglycaemias and hyperglycaemia individuals. 

They classified an individual as hyperglycaemias if the blood glucose concentration level was 100 mg/dL. 

Further, this work considered 10-fold cross validation (CV) DNN approach which achieved area-under the 

curve (AUC) of 0.9453. 

Hervella et al. [33], considered ophthalmic parameter for detecting whether an individual is non-

diabetic or diabetic. For this work, for training their approach, they utilized a multimodal dataset [34] which 

consisted of images related to retina. Further, testing was done on various DR image dataset, i.e., EyePACS-

Kaggle [35], Messidor [36], Messidor-2 [37], and IDRiD [38]. These various datasets include image dataset 

which focus on the DR. This work main aim was to grade the DR images and detect a diabetic individual. 

Hence, they presented a model called as multi-modal image-encoding (MIE), which used the CovNet encoder 

for extracting features from the images. Further, the results for extraction of features using IDRiD showed 

that the MIE achieved accuracy of 0.6117 and DR AUC of 0.9190. Also, when extracting features from 

Messidor showed that MIE achieved accuracy of 0.6605 and DR AUC of 0.8439, respectively. When grading 

the IDRiD and Messidor, the MIE achieved accuracy of 0.6505 and 0.7255 respectively. Kulkarni et al. [39], 

focused on detecting Type-2 diabetics using ECG signals. In this work, they also considered other parameters 

other than ECG, i.e., blood pressure, body-mass-index, sex, age, heart, and other biochemical parameters. For 

this study they have generated their own dataset collected from Nagpur. The dataset included 1,262 subjects. 

Further, for detecting whether the subject is diabetic or non-diabetic, this work utilized various ML and DL 

approaches, i.e., long short-term memory (LSTM), convolutional neural network (CNN), and XGBoost 

(XGB). Also, this work proposed an algorithm called as DiaBeats which achieved accuracy of 0.968.  

Yu et al. [40], considered various health parameters and demographic information for detecting 

Type-2 diabetes in patients. In this work they considered the research on early-life and aging-trends and 

effects (RELATE) dataset [41]. For detecting diabetes, they proposed an approach called diabetes-mellitus 

network (DMNet). The DMNet approach consisted of SMOTE-Tomek for feature extraction, Tandem-LSTM  

(T-LSTM) for capturing risk factors related to diabetes and finally MLP was used for classification.  

The results showed that DMNet achieved accuracy of 94%. Their main aim was to select optimal features for 

classification and handle class imbalance. Botella-Serrano et al. [42], this work studied how the sleep 

parameter can help to control Type-1 diabetes. This work continuously evaluated the glucose levels of the 25 
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patients for a duration of 14 days. Also, in this work, the biochemical parameter was also considered for the 

study which was continuously monitored using a fit band. The logistic regression (LR) was used for 

evaluating the data gathered from the patients. The results showed that patients who had good sleep improved 

their glycaemic control. Rodriguez-Leon et al. [43], presented a multimodal dataset which consisted of health 

parameters, ophthalmic parameters, biochemical parameters and demographic information for detecting 

Type-1 mellitus diabetes. Pai et al. [44], they presented a multimodal dataset which consisted of physical 

activity parameters and biochemical parameters for providing a better lifestyle for Type-2 diabetic patients. 

Theis et al. [45], has considered using health parameters for evaluation of diabetics. This work 

considered medical-information-mart for intensive-care (MIMIC III) [46] dataset for evaluation of their 

work. This dataset consisted of various health related parameters which included clinical tests, clinical 

measurements, demographics, billing, pharmacotherapy, intervention methods, and medical information of 

an individual. This work utilized a DNN approach for prediction of death of patients suffering from diabetics. 

The results from this work showed that this approach achieved area-under the receiver-operating-

characteristics (AUROC) of 0.873. Naseem et al. [47], this work considered using health parameters for 

predicting diabetes in individuals. This work considered a Kaggle dataset provided by National-Institute of 

Diabetes called as PIMA [48]. This dataset consisted of various parameters which include insulin level, 

blood-pressure, pregnancies, age, body-mass-indexes, glucose level, and skin thickness. For prediction, this 

work considered LR, support vector machine (SVM), LSTM, CNN and artificial neural network (ANN), and 

recurrent neural network (RNN). The findings showed that among all these approaches, the RNN achieved 

best accuracy, i.e., 0.81. Also, it was seen that ANN achieved better recall, i.e., 0.56. 

Ahmed et al. [49], predicted diabetics using SVM and ANN. Further, they proposed an approach 

called as fused-method for diabetic prediction (FMDA). This work considered a dataset from University of 

California-Irvine (UCI) [50]. The dataset consisted of various health parameters, biochemical parameters, 

and demographic data. The results showed that SVM, ANN, and FMDA achieved accuracy of 89.10%, 

92.31%, and 94.87% during testing. Jia et al. [51], considered to classify diabetes using PIMA dataset which 

consists of various health parameters. For classification, this work proposed an approach called as 

probabilistic-ensemble classification approach for diabetic individual (PE-DIM). Their main aim was to 

handle the class imbalance issue. This work was built by combining local median-based (LM) gaussian 

Naïve-Bayes (NB) (LMeGNB) and k-means synthetic-minority-over-sampling technique (SMOTE). The PE-

DIM achieved accuracy of 0.9453 for the PIMA dataset during testing. Further, they evaluated their work on 

other datasets, i.e., on type-2 dataset called as RSMH [52] and Tabriz [53]. The RSMH dataset consisted of 

demographic, biochemical and health parameters, whereas the Tabriz dataset consisted of demographic and 

biochemical history and health parameters. The PE-DIM achieved better results for both the dataset, i.e., 

AUC of 0.9917 and 0.9982 for RSMH and Tabriz dataset, respectively. 

Yadav et al. [54], focus was on detecting the hyper-parameters which can help prediction of diabetes 

by selecting optimal features. For evaluation of this work, they used they PIMA, and two Indian datasets 

which were focused on mellitus diabetes called as FHD and ADRC datasets. The FHD dataset consisted of 

400 records having 7 attributes where 150 were diabetic patients and 250 were non-diabetic patients. Further, 

the ADRC dataset consisted of 583 records having 7 attributes where 167 were diabetic patients and 416 non-

diabetic patients. The PIMA dataset in this work consisted of 768 records consisting of 9 attributes where 268 

were diabetic and 500 were non-diabetic. All the datasets had health parameters and biochemical parameters. 

The FHD and ADRC dataset additionally consisted of demographic information. For balancing the features, 

the SMOTE was utilized. For selecting optimal features, they utilized wrapper and filtering method. Further 

for tuning the hyperparameter, Bayesian optimizing approach, grid and random search was utilized. Finally, 

they proposed an algorithm called as grey-wolf-optimization (GWO). Further, they used other ML 

approaches like random forest (RF), multi-layer-perceptron (MLP), decision-tree (DT), k-nearest-neighbour 

(KNN), NB, LR, ANN, SVM, and CNN. The results showed that the proposed approach using GWO 

achieved 0.98, 0.973, and 0.962 F-score for PIMA, ADRC and FHD datasets respectively. Himi et al. [55], 

considered demographic information, biochemical parameters, sleep patterns, and stress levels for predicting 

12 kind of diseases which also included diabetes, called as medical AI (MedAi). This work constructed a 

dataset which consisted of various demographic information, sleeping patterns, biochemical parameters and 

stress level using data collected from a smart watch from 150 subjects. This work considered evaluating the 

dataset using various ML approaches which included gradient boosting (GB), support-vector-regression 

(SVR), SVM, KNN, RF, XGB, LR, and LSTM. 

Annuzzi et al. [56], considered evaluating their model by considering health parameters and 

biochemical parameters. This work considered two datasets, i.e., DirectNet [57], and Ai4pg [58] dataset.  

In this work, they proposed an ML approach, i.e., feed-forward-neural-network (FFNN). The evaluation was 

done on inter-subjective analysis and intra-subjective analysis. The root mean squared error (RMSE) metric 

was considered for evaluation. Also, the tests were conducted for 15, 30, 45, and 60 mins and the RMSE was 
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evaluated. The FFNN approach achieved RMSE of 4.14, 8.30, 13.72 and 16.69 for 15, 30, 45 and 60 mins 

respectively for DirectNet dataset and for Ai4pg, the results were evaluated by considering various features 

and its RMSE score. Their main aim was to select optimal features for predicting the glucose level of a 

patient. De Paola et al. [59], focused on evaluating the role of physical activity for prediction of glucose 

levels in Type-2 diabetic patients. This work was a simulation approach where they focused on how the 

interleukin-6 when injected can help to increase the insulin level in an individual body during a physical 

activity. The findings show that this approach established a base for using physical activity parameters for 

detection and prediction of diabetes. 
 

 

3. FINDINGS 

The results and findings from the above literature survey are given in Table 1 in Appendix.  

In Table 1, the datasets, methods, parameters used, and the findings are discussed in brief. 
 

3.1.  Limitations 

The literature survey reveals several limitations in the existing research related to the detection and 

early identification of diabetes using multimodal datasets and a comprehensive set of parameters. Firstly, 

there is a notable scarcity of studies that have extensively utilized multimodal datasets encompassing various 

data types such as health parameters, sleep patterns, stress levels, physical activity, biochemical markers, and 

ophthalmic parameters. The lack of integration and analysis of multiple data sources affects the development 

of holistic and accurate diagnostic models for diabetes. This limitation suggests a gap in research that could 

potentially yield more robust and comprehensive approaches for diabetes detection. Secondly, within the 

limited studies that do consider multimodal datasets, there is a gap of work specifically focused on the early 

identification of diabetes. Early detection is crucial for timely intervention and management, yet the current 

literature lacks sufficient emphasis on leveraging diverse data modalities for early diagnosis. This gap is 

significant as early identification can lead to better outcomes for individuals at risk of developing diabetes or 

those in the early stages of the disease. 

Moreover, the literature also highlights a lack of comprehensive studies that simultaneously consider 

demographics, health parameters, biochemical parameters, physical activity, and ophthalmic parameters for 

identifying diabetes. Diabetes is a complex metabolic disorder influenced by various factors, including age, 

gender, lifestyle, and physiological markers. However, the existing research often overlooks the synergistic 

effects of these diverse parameters, leading to incomplete assessments of diabetes risk and progression.  

The limitations identified in the literature survey underscore the need for more extensive and integrated 

research efforts that leverage multimodal datasets, prioritize early identification strategies, and consider a 

comprehensive range of demographic and physiological parameters. Addressing these gaps can significantly 

enhance the accuracy, timeliness, and effectiveness of diabetes detection and management approaches. 
 

3.2.  Gaps, issues, and challenges 

The gaps, issues and challenges identified from the above section is as; 

a. Limited use of multimodal datasets 

− Insufficient exploration and utilization of multimodal datasets combining diverse data types such as 

health parameters, sleep patterns, stress levels, physical activity, biochemical markers, and ophthalmic 

parameters. 

− Lack of integrated analysis across multiple data sources, affecting the development of comprehensive 

diagnostic models for diabetes. 

b. Negligence of early identification 

− Scarcity of research focused specifically on early identification of diabetes, which is crucial for timely 

intervention and improved patient outcomes. 

− Missed opportunities to leverage diverse data modalities for early detection and intervention strategies. 

c. Inadequate consideration of demographics and other parameters 

− Limited studies that simultaneously consider demographics (age, gender), health parameters, 

biochemical parameters, physical activity, and ophthalmic parameters for diabetes identification. 

− Failure to address the synergistic effects of these diverse parameters, leading to incomplete assessments 

of diabetes risk and progression. 

d. Need for advanced analytical techniques 

− Lack of adoption of advanced analytical techniques such as ML algorithms, DL models, and AI for 

processing and interpreting multimodal data in diabetes research. 

− Challenges in developing accurate and scalable predictive models due to data complexity, 

heterogeneity, and volume. 
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Addressing these gaps, issues, and challenges is essential for advancing the field of diabetes detection, 

promoting early identification strategies, and improving patient outcomes through personalized and data-

driven healthcare interventions. Hence, in the next section, a possible solution to address these gaps, issues 

and challenges is presented. 

 

 

4. MULTIMODAL FRAMEWORK 

In this section, a novel multimodal framework is introduced for the detection and prediction of 

diabetes, as presented in Figure 2. The framework begins by incorporating a comprehensive multimodal 

dataset that encompasses a wide range of parameters crucial for diabetes assessment. These parameters 

include demographic information such as age, gender, and ethnicity, health metrics like glucose levels, blood 

pressure, and heart rate, biochemical markers such as lipid profiles and insulin levels, physical activity data 

including exercise frequency and intensity, ophthalmic parameters like retinal changes, and data on sleep 

patterns and stress levels. Once the multimodal dataset is structured, a ML approach will be employed for the 

task of detecting and predicting diabetics. ML algorithms are particularly well-suited for handling complex 

and multidimensional data, making them an ideal choice for analyzing the diverse parameters present in the 

multimodal dataset. Techniques such as supervised learning, ensemble methods, and DL may be utilized 

within the ML framework to extract patterns, correlations, and predictive insights from the data. Following 

the application of ML algorithms, the framework proceeds to evaluate the performance of the diabetes 

detection and prediction models. This evaluation is conducted using a range of performance metrics, 

including accuracy, precision, recall, and F-score, among others. These metrics provide quantitative measures 

of the model’s effectiveness in correctly identifying diabetic individuals, capturing true positive and true 

negative rates, and minimizing false positives and false negatives. Additionally, the evaluation process can 

consider other relevant parameters and aspects, such as model robustness, scalability, interpretability, and 

computational efficiency. By examining these metrics comprehensively, the framework aims to assess the 

overall effectiveness and reliability of the ML-based approach in diabetes detection and prediction tasks.  

The presented multimodal framework integrates diverse data sources, leverages advanced ML techniques, 

and employs rigorous evaluation measures to enhance the accuracy, reliability, and clinical utility of diabetes 

detection and prediction models. This holistic approach not only addresses the complexity of diabetes as a 

multifactorial condition but also provides a systematic and data-driven methodology for improving healthcare 

outcomes in diabetic care and management. 
 

 

 
 

Figure 2. Multimodal framework for detection and prediction of diabetics 
 

 

5. CONCLUSION 

This work has delved into the intricate landscape of diabetes detection and prediction, particularly 

focusing on the utilization of AI techniques and multimodal datasets. Diabetes is a critical health issue with 

rising prevalence worldwide, making the development of accurate detection and prediction methodologies 

essential for improving patient outcomes. The study’s comprehensive review of existing literature provided 

valuable insights into the diverse parameters and methodologies employed in previous diabetes assessment 

studies. The importance of considering multi-parameters, such as demographic, health, biochemical, physical 

activity, ophthalmic, sleep, and stress factors, was highlighted, along with the significance of advanced AI 

techniques like ML and DL in analyzing complex datasets and improving predictive accuracy. The 
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limitations and challenges identified in existing research, such as the need for better integration of 

multimodal data, early detection strategies, and comprehensive model evaluation, underscored critical areas 

for improvement. To address these gaps, the study proposed a novel multimodal framework for diabetes 

detection and prediction, emphasizing the integration of diverse data types, application of ML approaches, 

and thorough performance evaluation using key metrics like accuracy, precision, recall, and F-score. 

However, the proposed framework offers a more holistic and personalized approach, which is crucial for 

enhancing the accuracy and efficacy of diabetes management. Future research should explore enhancing the 

multimodal framework by incorporating additional data sources, such as genetic markers, environmental 

factors, and patient lifestyle information. Integrating real-time data streams from wearable devices, mobile 

apps, and electronic health records (EHRs) could enable continuous monitoring and proactive intervention 

strategies. Furthermore, exploring advanced ML and DL techniques, including ensemble methods, transfer 

learning, and reinforcement learning, could further improve the predictive power and generalizability of 

diabetes detection models. Continued research and collaboration in this field can pave the way for improved 

patient outcomes, enhanced clinical decision-making, and better management of diabetes and related 

metabolic disorders. 

 

 

APPENDIX 

 

 

Table 1. Results and findings 

Reference Datasets Methods Parameters Findings 

[19] Kaggle APTOS 2019 CovNet 
approaches for 

feature extraction 

Ophthalmic 
parameter 

Achieved accuracy of 0.9741 for identifying 
DR and accuracy of 0.817 for severity extent 

prediction. 
[31] Novel dataset with 

ECG signals and 

glucose concentration 
levels 

10-fold cross-

validation DNN 

approach 

Biochemical 

parameter, 

demographics, 
health parameter 

Achieved AUC of 0.9453 for classifying 

hyperglycaemia individuals. 

[33] Multimodal dataset 

for training 

Multi-modal 

image-encoding 

Ophthalmic 

parameter 

MIE achieved accuracy of 0.6117 and DR AUC 

of 0.9190 when extracting features from IDRiD. 

Achieved accuracy of 0.6605 and DR AUC of 

0.8439 when extracting features from Messidor. 

[39] Dataset collected 
from Nagpur 

LSTM, CNN, 
XGBoost 

Biochemical 
parameter, 

demographics, 

health parameter 

Proposed DiaBeats algorithm achieved 
accuracy of 0.968 for detecting Type-2 

diabetics. 

[40] RELATE dataset DMNet approach Health 

parameters, 

demographics 

DMNet achieved 94% accuracy in detecting 

Type-2 diabetes. 

[42] Glucose and sleep 

monitoring dataset 

LR Sleep parameters, 

biochemical 

parameters 

Patients with good sleep showed improved 

glycemic control. 

[43] Multimodal dataset 

with health, 

ophthalmic, 
biochemical 

information 

- Health 

parameters, 

ophthalmic 
parameters, 

biochemical 

parameters 

Aimed at detecting Type-1 mellitus diabetes. 

[44] Multimodal dataset 

with physical activity 

and biochemical 
information 

- Physical activity 

parameters, 

biochemical 
parameters 

Aimed at providing a better lifestyle for Type-2 

diabetic patients. 

[45] MIMIC III dataset DNN approach Biochemical 

parameters, 
demographics. 

Achieved AUROC of 0.873 for predicting death 

in diabetic patients. 

[47] PIMA dataset LR, SVM, LSTM, 

CNN, ANN, RNN 

Health 

parameters, 
biochemical 

parameters 

RNN achieved the best accuracy of 0.81 among 

all approaches. 

[49] UCI dataset SVM, ANN, 
fused-method for 

diabetic prediction 

(FMDA) 

Health 
parameters, 

biochemical 

parameters, 
demographics 

FMDA achieved accuracy of 94.87%. 

[51] PIMA dataset PE-DIM approach Health 

parameters 

PE-DIM achieved accuracy of 0.9453 for the 

PIMA dataset and AUC of 0.9917 and 0.9982 

for other datasets. 
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Table 1. Results and findings (Continued) 

Reference Datasets Methods Parameters Findings 

[54] PIMA, FHD, ADRC 

datasets 

GWO algorithm Health 

parameters, 
biochemical 

parameters, 

demographics 

GWO achieved 0.98, 0.973, and 0.962 f-score for 

PIMA, ADRC, and FHD datasets respectively. 

[55] Dataset collected 

from smartwatches 

Various ML 

approaches 

Demographic 

info, sleep 

patterns, 
biochemical 

parameters, stress 

level 

Evaluated using GB, SVR, SVM, KNN, RF, 

XGB, LR, LSTM. 

[56] DirectNet, Ai4pg 

datasets 

FFNN Health 

parameters, 

biochemical 
parameters 

FFNN achieved RMSE scores for glucose level 

prediction. 

[59] Simulation dataset - Physical activity 

parameters 

Established the role of physical activity in 

predicting glucose levels in Type-2 diabetic 
patients. 
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