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ABSTRACT

Artificial intelligence (Al) has been increasingly used in diabetes care with promising results of improved outcomes.
This is a narrative review on the application of Al in diabetes mellitus (DM) management in Malaysia. Bibliographic
search with the search terms of “diabetes mellitus’, “artificial intelligence”, “machine learning” and “Malaysia” was
conducted on PubMed, Scopus, and Google Scholar. A final list of 65 publications were included for analysis in this
review. Most of the studies (n=28, 43.1%) were done with the focus on DM in general. The types of Al most em-
ployed by the studies were neural network (n=15, 23.1%), supervised learning together with neural network (n=13,
20.0%), and supervised learning (n=12, 18.5%). Al was most applied in the classification (n=15, 23.1%), prediction

(n=15, 23.1%), detection (n=11, 16.9%), diagnosis (n=9, 13.8%), and identification (n=7, 11.0%) of DM. High levels

of accuracy, sensitivity, specificity, and precision (more than 90%) were reported in the included studies.
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INTRODUCTION

Described as “a pandemic of unprecedented magnitude
spiralling out of control” (1), diabetes mellitus (DM)
stands as one of the most prevalent non-communicable
chronicdiseases, leadingto elevated blood glucose levels
(2). DM is caused by a deficiency of insulin secretion or
resistance to insulin resulting in hyperglycemia in the
body (3). Of late, DM has been recognised as one of
the fastest growing global health emergencies of the
21st century. It was estimated that 537 million people
reportedly have DM in 2021. This figure is projected to
reach 643 million by 2030, and 783 million by 2045 (1).
Gaining its reputation as a disease of ‘over-sweetness’,
DM marks the highest prevalence rate in Asia and one
of the highest in the world. To exacerbate the situation,
the prevalence of DM continues to rise relentlessly
worldwide. In Malaysia, the prevalence of DM has
doubled over the past 10 years and now includes rapidly
rising numbers of children and adolescents (4). To date,
1 in 5 adults (about 3.9 million people) aged 18 and

above in Malaysia have DM (5), making this country
the 'sweetest nation in Asia'. Seven million Malaysian
adults are projected to have DM by 2025, a worrying
trend that leads to a prevalence rate of 31.3% for adults
aged 18 years and above (1 in 3 adults) (6).

Artificial intelligence (Al) has become an integral part of
our daily lives, simplifying complex tasks and improving
efficiency (7). Al utilizes algorithms to generate results
and enables computers to model intelligent behaviour
with minimal human intervention, performing tasks
that typically demand human intelligence, including
reasoning, learning, and self-improvement (8-10). They
mimic human cognitive functions, enabling prediction,
automation, and the resolution of intricate tasks
historically undertaken by humans (10).

Al, machine learning, deep learning and neural networks
constitute of a series of Al systems from the largest to
the smallest, each encompassing the next (Fig. 1). In this
system, Al is the overarching system; machine learning
is a subset of Al; followed by deep learning as a subfield
of machine learning, and lastly neural networks make
up the backbone of deep learning algorithms (10). (Fig.
1).
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Poorly controlled DM could lead to a wide range
of microvascular and macrovascular complications
such as retinopathy, nephropathy, and neuropathy
(microvascular) as well as ischemic heart disease,
peripheral vascular disease, and cerebrovascular disease
(macrovascular) which are the major cause of morbidity
and mortality amongst individuals (11, 12). DM could
be better managed and handled with early diagnosis and
treatment which will also potentially delay or prevent
major complications and even fatality (13). Recent
face-paced advancements in Al and machine learning
methods have paved the way for researchers to conduct
more cutting-edge research for more effective and
improved early diagnosis, treatment and management
of DM (14).

Machine learning has the potential to assist both health
professionals and patients by offering initial insights into
DM based on routine physical examination outcomes.
These insights serve as crucial guidance for physicians
in their decision-making process (13). Machine learning
and data mining techniques play a pivotal role in DM
research, enabling the extraction of valuable insights
from the extensive volume of DM-related data at our
disposal. With the burgeoning data landscape in medical
science research on DM, Al-based methods such as
machine learning and data mining prove immensely
valuable in facilitating the diagnosis, management, and
various clinical facets of DM treatment.

Al or machine learning serves as a powerful tool in
understanding diabetes mellitus (DM) as a complex
disease and providing tailored diagnosis and treatment
regimens to the patients with diabetes (15). Ultimately,
it will help the patients, healthcare teams, and hospital
administrators in managing DM holistically in terms
of prevention, prediction, and cost-management more
effectively (15). One of the main challenges in applying
machine learning to DM research and diagnosis is

in selecting the most relevant features (variables or
attributes) and choosing the appropriate algorithm to
effectively analyse and make predictions from DM-
related data. This critical aspect of machine learning
in healthcare requires careful consideration to develop
effective machine learning solutions for DM-related
tasks (13).

To the best knowledge of the authors, there has been
no published paper in Malaysia to narrate on the
applications of Al in DM in the Malaysian context. The
aim of this review is to take a narrative approach on how
Al has been applied in DM management in Malaysia.
The review findings will provide an overall picture of
the types of Al and its utilisation in the management or
treatment of DM.

MATERIAL AND METHODS

A comprehensive, systematic literature search was
conducted with the search terms of “diabetes mellitus”,
“artificial ~intelligence”, “machine learning” and
“Malaysia” in online bibliographic databases which
included PubMed, Scopus, and Google Scholar.
Development of this review was guided by Preferred
Reporting Items for Systematic Review and Meta-
analyses Protocols (PRISMA-P) (16). Study criteria are
outlined in the following sub-sections based on the
PICOTS framework (17).

Participants (P)

Studies that involved patients with all types of DM,
including type 1 diabetes (T1DM), type 2 diabetes
(T2DM), gestational diabetes and its complications and
management were included in this review. There were
no eligibility restrictions on age, population, gender,
ethnicity, geographical location of participants to give
a more comprehensive review of the usage of Al in
diabetes. Studies on other DM complications were also
included in this analysis.

Interventions (1)

Malaysian studies which involved any type of Al and
machine learning, such as supervised and unsupervised
learning, neural network, and deep learning were
included in the reference.

Outcome (O)
Studies related to the applications of Al in DM were
included in this review.

Time (T)
There was no limit to the year of publication for included
studies.

Settings (S)

Only studies published in Malaysia and with one of
the affiliated authors from Malaysia were included for
analysis.
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The inclusion criteria for eligible studies in this analysis
were as follows:

e Studies with at least one author affiliated in Malaysia.
e Studies involving any type of diabetes (type 1, 2, or
gestational).

e Studies employing any form of Al or machine learning.
* Only original articles.

* Only cross-sectional studies.

The exclusion criteria for articles in this review were:
1.Review articles, conference proceedings, books, book
chapters, reports, case reports, editorials, commentaries,
theses or dissertations, abstracts, study protocols, and
letters are excluded from analysis in this review.

The literature search was performed from inception

Table I: Risk of Bias of studies included in this review

up till 31st May 2023. The retrieved references were
managed using EndNote X8 citation manager (18). Two
researchers screened the retrieved papers and consensus
on the final papers to be included was reached after
discussion when disputes arose.

Joanna Briggs Institute (JBI) Checklist for Analytical
Cross-sectional Studies was employed to assess the
quality of the included studies (19). The checklist was
specifically designed for cross-sectional studies and has
reportedly high methodologic rigour (20). There has
been no generally decided threshold for an ‘acceptable’
JBI score (21). Nonetheless, studies with < 4/8 (50%)
total ‘v’ were excluded from this review, suggesting
high likelihood of poor study qualities (21). (Table I)

No Authors Criteria 1 Criteria2 Criteria3 Criteria4 Criteria5 Criteria6 Criteria7 Criteria8 Total (%)
1 Ahmed WR 20117 v v v v X X v v 6 (75%)
2 Nadeem MW 20218 v v v v X X v v 6 (75%)
3 Amith K 2021" v v v v v X v v 7 (87.5%)
4 AghilaR 20222 v v v v v X v v 7 (87.5%)
5  Amith K 20222 v v v v v X v v 7 (87.5)
6 Maher TA 2022% v v v v X X v v 6 (75%)
7 Nilashi M 2018% v v v v v v v v 8 (100%)
8 Farah MMG 2020%* v v v v X X v v 6 (75%)
9 Tang MCS 2022% v v v v X X v v 6 (75%)
10 Thirumalaimuthu TR 20222 N N v N X X N N 6 (75%)
11 Nilashi M 2017% v v v v X X v v 6 (755)
12 Kumarmangal R 20212 N N N v N X N N 7 (87.5%)
13 Vimala B 20112 v v v v X X v v 6 (75%)
14 Tutut H 2014% v X v v X X v v 5 (62.5%)
15 Ozal Y 2019% v v v v v v v v 8 (100%)
16 Acharya UR 2017% v N N v X X N v 6 (75%)
17 Acharya UR 2013 v v v v X X v v 6 (75%)
18 Sarni SR 20163 v v v v X X v v 6 (75%)
19  Aibinu AM 2010* v v v v X X v v 6 (75%)
20 Khan A 2022% v v v v X X v v 6 (75%)
21 Zulkifli MFY 20223¢ v v v v X X v v 6 (75%)
22 Shakeel PM 2018% v v v v v v v v 8 (100%)
23 Suhaimi N 20123¢ v v v v v X v v 7 (87.5%)
24 Sim R 2023" v v v v v v v v 8 (100%)
25 Alex SA 2022% v v v v v X v v 7 (87.5%)
26 Rosli MM 2020% v v v v X X v v 6 (75%)
27  Abbas SL 2009 v v v v X X v v 6 (75%)
28 Hasliza AH 2020% v v v v v v v v 8 (100%)
29  Ayuni Z 2022% v v v v X X v v 6 (75%)
30 Butt MM 2022% v v v v X X v v 6 (75%)
31 Fahmida H 20214 v v v v X X v v 6 (75%)
32 Kakudi HA 2018 v v v v X X v v 6 (75%)
33 Yap CW 2021% v v v v v X v X 6 (75%)

CONTINUE
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Table I: Risk of Bias of studies included in this review (CONT.)

No Authors

Criteria 1 Criteria 2 Criteria 3 Criteria4 Criteria5 Criteria6 Criteria7 Criteria8 Total (%)

34  Abbood SH 20224

35 AL-Behadili HNK 20214
36 Rahmat MAA 2017°°

37 Albadr MAA 20225

38 Abbood SH 20222

39 Abdullah L 2017%

40 Sampathkumar A 2022
41 Yusuf N 2015%

42 Chowdhury MNH 2023%¢
43 Khaled A 2017°7

44 Kasim S 20228

45 Fahmida H 2022%

46 Butt UM 2021

47 Sonia J) 2023

48 Chew JT 2022

49 Chan KK 2019%

50 Ramanathan TT 2022%
51 Tang MCS 2021

52 Minarul 1 2020

53 Ali MS 2016°

54 Liyana S 2015°%

55 Chowdhury NH 2021
56 Fahmida H 20217°

57 Zuraida K 2020”

58 Sumathy B 20227

59 Azit NA 202273

60 Shahid A 20237

61 Usama A 20227

62 Sapon MA 20117®

63 Hafiz MFAR 202077

64 Farhan NMN 202078

65 Amith K 20227° v

<
<
<

N N N N N N O O O N S UGN
N N N N T N N N N N N N N S N O N NN
N N N N N N O N N N N NS OO O O U NN

<

v v

&

v 8 (100%)
5 (62.5%)
8 (100%)
8 (100%)
6 (75%)
8 (100%)
8 (100%)
7 (87.5%)
8 (100%)
7 (87.5%)
6 (75%)
8 (100%)
8 (100%)
8 (100%)
6 (75%)
8 (100%)
6 (75%)
8 (100%)
6 (75%)
7 (87.5%)
7 (87.5%)
8 (100%)
8 (100%)
8 (100%)
8 (100%)
8 (100%)
8 (100%)
6 (75%)
6 (75%)
6 (75%)
7 (87.5%)
8 (100%)

N R N N N O O O SN U G G S S U G P SR SR U G P P SR SR NP RN
GO X X XA A AN AN A A XA X A X A A A XA A A A XA X
WX X X XA A A A A A X X XA X A X A A A X X A X A A X A A X
N N U O O O O N U G O S O N S G SR S U O G S S RS
N N S U U O O SO W G P S SR U WP P NP SR S WP NP QP GRS RN

Criteria 1: Were the criteria for inclusion in the sample clearly defined?

Criteria 2: Were the study subjects and the setting described in detail?

Criteria 3: Was the exposure measured in a valid and reliable way?

Criteria 4: Were objective, standard criteria used for measurement of the condition?
Criteria 5: Were confounding factors identified?

Criteria 6: Were strategies to deal with confounding factors stated?

Criteria 7: Were the outcomes measured in a valid and reliable way?

Criteria 8: Was appropriate statistical analysis used?

Yes=v,No=X

After finalising the studies to be included for analysis,
full texts of all the included eligible studies were
retrieved. Data was extracted from the full texts and
exported into a pre-determined data extraction form in
Excel sheet which contained the following information:
(1) type of diabetes; (2) type of Al; (3) applications of Al;
(4) findings.

The extracted data was analysed with descriptive
statistics using IBM SPSS Statistics software (version
28). The data was computed using number, percentage,
mean, and standard deviation, and subsequently

270

presented graphically in tables, figures, and charts.
RESULTS

Search Results

An online database search using the terms “diabetes
mellitus”, “artificial intelligence”, “machine learning”,
and “Malaysia” was conducted on 31st May 2023 and
yielded 879 results. After removing 250 duplicates
from the list, 629 potential studies were subsequently
filtered by reviewing titles and abstracts. A final list
of 65 publications were included for analysis after

Mal ) Med Health Sci 21(5): 267-282, Sept 2025



excluding irrelevant studies such as studies not affiliated
with Malaysian institutions, conference abstracts, study
protocols, reviews, theses, and studies not utilising any

Al or machine learning algorithms. (Fig. 2)

Studies included in this review

A total of 65 studies published between 2009 and 2023
were included in this review. All were original articles

and cross-sectional Characteristics of the

studies.

included studies are summarised in Table II.

It is important to note that the studies utilized various
statistical methods to assess accuracy, specificity,
sensitivity, and precision, tailored to the specific scope of
each Al application. As a result, variances in the findings
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amongst the included studies.
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(n=65)

Fig. 2: PRISMA Flow Diagram

Table II: Characteristics of studies included in this review

No  Authors Area of Diabetes Type of Al Sub-category of Al Application of Al Findings
1 Ahmed WR  Non-proliferative Reinforcement Decision making  Screening of early stage of Accuracy = 97%
2011"7 diabetic retinopathy learning diabetic retinopathy
(NPDR)
2 Nadeem Diabetes Supervised Classification & Identification/classification Accuracy = 94.67%
MW 20211 learning & Neural artificial neural of diabetes and prediction of
network network the onset of critical events
3 AmithK Diabetic foot Supervised Classification & Identification of diabetic foot F1 scores of 95% and 97%
2021" learning & Neural convolutional
network neural network
4 AghilaR Diabetes Neural net- Artificial neural Diabetes prediction Accuracy = 80%
2022% work network
5 Amith K Diabetic foot ulcers  Unsupervised Clustering & con-  Diabetic foot severity classi-  Accuracy = 94.47%,
20224 learning & Neural volutional neural  fication precision = 94.45%, sensi-
network network tivity = 94.47%, F1 score
= 94.43%, and specificity
=93.25%
6 MaherTA  Diabetes Neural network Neural network Diabetes diagnosis Accuracy = 92.77%
2022
7 Nilashi M Diabetes Supervised & Classification & Diabetes disease classifica- -
2018% unsupervised Clustering tion
learning
8 Farah MMG  Type 2 diabetes Supervised Regression & To classify the major factors -
2020% mellitus learning & Neural Multilayer percep-  associated with creatinine
network tron (MLP) neural in dyslipidemia and type 2
network diabetes mellitus patients.
9  TangMCS  Proliferative Diabet- Deep learning Deep learning Neovascularization detection Accuracy = 91.57%, sensi-
2022% ic Retinopathy (PDR) tivity = 85.69%, specificity
= 97.44%, and precision =
97.10%
10 Thirumalai- Diabetic retinopathy Neural network Deep learning Identification of diabetic Accuracy = 95%
muthu TR retinopathy
20222
11 NilashiM  Diabetes Unsupervised Clustering, Prin- Diabetes disease classifica- -
20177 learning & Neural cipal Component  tion
network Analysis & neural
network
12 Kumarman- Type 2 diabetes Supervised Classification & Type 2 diabetes classification Accuracy = 98%
gal R 20212 mellitus learning & neural artificial neural
network network
13 VimalaB Diabetes Machine learn- Rule-based rea- Diabetes diagnosis -
20112 ing soning
14 TututH Diabetes Unsupervised Clustering Clustering diabetics dataset -
2014% learning
15 OzalY Diabetes Deep learning Deep learning Automated diagnosis of Accuracy = 97.62%, sensi-
2019% diabetes tivity = 100%

Mal ] Med Health Sci 21(5): 267-282, Sept 2025

CONTINUE

271



Malaysian Journal of Medicine and Health Sciences (eISSN 2636-9346)

Table II: Characteristics of studies included in this review (CONT.)

No  Authors Area of Diabetes Type of Al Sub-category of Al Application of Al Findings
16 Acharya UR Diabetic macular Supervised Classification, Automated detection of dia- ~ Accuracy = 100% (private)
20173 edema (DME) learning, neural probabilistic neural betic macular edema (DME)  and 97.01% (public) (MES-
network network (PNN) SIDOR) databases
17 Acharya UR Diabetes Supervised Classification & Identification of diabetes Accuracy = 90%, sensitiv-
20133 learning & Neural probabilistic neural heart rate ity = 92.5%, specificity =
network network (PNN) 88.7%.
18  Sarni SR Diabetic retinopathy Fuzzy logic Fuzzy logic Automatic detection of -
2016% and maculopathy diabetic retinopathy and
maculopathy
19 Aibinu AM  Diabetes Unsupervised Regression Blood glucose level predic- -
2010% learning tion
20  Khan A Diabetes Supervised Classification Cardiovascular and diabetes  Accuracy = 97.35%
2022% learning disease classification
21 Zulkifli MFY Diabetic peripheral ~ Neural network  Artificial neural Detection of neuropathy Accuracy = 98.6%
20223 neuropathy (DPN) network based on the myoelectric
signal
22 Shakeel PM Diabetes Unsupervised Clustering Diabetes diagnosis -
2018% learning
23 Suhaimi N Type 2 diabetes Neural network  Atrtificial neural Identifying risk factors Accuracy = 77.3%, sensi-
20123 mellitus network contributing to blood glucose tivity = 78.4%, specificity
level among T2DM patients = 71.8%.
24 SimR Type 2 diabetes Supervised Regression Prediction of development -
2023" mellitus learning of chronic kidney disease
among T2DM patients
25 Alex SA Diabetes Neural network Deep learning Diabetes prediction Accuracy = 99.64%
2022%
26  RosliMM  Gestational diabetes Methods not Methods not clear-  Self-monitoring application -
2020% clearly stated ly stated for meal intake prediction
among gestational diabetes
27 Abbas SL Diabetes Natural language  Natural language  Virtual diabetes physician/ -
2009 processing processing doctor consultation
28 Hasliza AH Proliferative Diabet- Neural network Convolutional neu- Detection of Proliferative Di- Accuracy = 73.81%, sen-
2020% ic Retinopathy (PDR) ral network (CNN)  abetic Retinopathy in Fundus sitivity = 76%, specificity
Images =69%.
29  AyuniZ Diabetes Supervised Classification Diabetes disease classifica-  Accuracy = 78.62%
20224 learning tion
30  Butt MM Diabetic retinopathy Neural net- Convolutional Detection of diabetic retinop- Accuracy = 97.8%
20224 (DR) work Neural Network athy
(CNN)
31 FahmidaH Diabetic Sensorimo- Fuzzy logic Fuzzy logic Classification of diabetic -
20214 tor Polyneuropathy Sensorimotor Polyneuropathy
(DSPN) severity
32 Kakudi HA  Metabolic syndrome Supervised Classification Diagnosing the risk of meta-  Area under the receiver
2018% (MetS) (Type 2 learning bolic syndrome operating characteristic
diabetes) curves (AUC) = 86.42 %
(young female), 87.04
% (middle-aged female),
91.08 % (young male),
89.24 % (middle-aged
male).
33 YapCW Diabetic Retinopa-  Supervised Classification Auto Detecting Diabetic Reti- Sensitivity = 85.1%
202147 thy (DR) learning nopathy (DR)
34 Abbood SH Diabetic Retinopa-  Deep learning Deep learning Diagnosis of diabetic retinop- Accuracy = 98.4%
20224 thy (DR) athy lesions
35 AL-Behadili Diabetes Fuzzy logic Fuzzy logic Diabetes classification -
HNK 2021%
36  Rahmat Diabetes Internet of Things  Internet of Things ~ Monitoring glucose level Percentage error = 7.2%
MAA 20175 (loT) (loT)
37  Albadr MAA Diabetic retinopathy Supervised Classification & Diabetic retinopathy detec-  Accuracy of 96.21% for
2022% learning regression tion multi-class and 99.47% for
binary using APTOS-2019
dataset as well as 96.15%
for multi-class and 99.04%
for binary using IDRiD
dataset.
38 Abbood SH Diabetic retinopathy Deep learning Deep learning Diabetic retinopathy diag- -
2022% nostic
CONTINUE
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Table I1I: Characteristics of studies included in this review (CONT.)

No  Authors Area of Diabetes Type of Al Sub-category of Al Application of Al Findings
39 AbdullahL  Diabetes Fuzzy logic Fuzzy logic Identification of risk factors -
2017% for diabetes
40  Sampath- Diabetes Internet of Medi-  Internet of Medical Diabetes prediction
kumar A cal Things (loMT)  Things (loMT)
20225
41 Yusuf N Diabetic foot Supervised Classification & Identification of the causative Accuracy = up to 90%
2015% learning & Neural Probability neural  bacteria responsible for
network network diabetic foot infection
42 Chowd- Type 1 diabetes Supervised Classification, Predicting the risk of chronic  Accuracy = 97%, specifici-
hury MNH  mellitus learning & neural  regression, deep kidney disease in type 1 ty = 98%, sensitivity/recall
2023% network learning, multi-lay- diabetes patients = 96%, precision = 98%,
er perceptron F1 score = 97%, Kappa
(MLP) neural and MCC score = 94%,
network AUROC = 99%, Preci-
sion-Recall curve = 99%.
43 Khaled A Diabetic macular Supervised & Classification & Diabetic macular edema Sensitivity = 87.5%, speci-
2017% edema (DME) unsupervised principal compo-  (DME) classification ficity = 87.5%.
learning nent analysis (PCA)
44 Kasim S Diabetes Supervised learn-  Classification & Prediction of in-hospital AUC = 90%
2022°% ing regression mortality risk among heter-
ogenous STEMI patients with
diabetes
45 Fahmida H Diabetic neuropathy Supervised Classification Identification of diabetic Accuracy = 96.18% (EMG
2022% (DN), Diabetic foot  learning neuropathy and diabetic foot analysis), accuracy =
ulceration (DFU) ulceration 98.68% (GRF analysis)
46 Butt UM Diabetes Supervised Classification, re-  Classification, early-stage Accuracy = 86.08% (MLP)
2021 learning, neural  gression, multilayer identification, and prediction & 87.26% (LSTM)
network perceptron (MLP)  of diabetes; monitoring blood
neural network glucose
47  Sonia ) Type 1, 2, and gesta- Neural network Deep learning Prediction of risk Specificity = 95%, sensi-
2023 tional diabetes tivity = 97%, accuracy =
97%.
48  Chew JT Diabetes Neural network Convolutional Mobile Food Journalling -
20229 neural network Application / food logging
49  Chan KK Type 2 diabetes Fuzzy logic Fuzzy logic Mobile dietary logging appli- -
2019% mellitus cation / food journaling
50 Ramana- Type 2 diabetes Supervised Classification & Diabetes classification Accuracy = 90.26%
than TT mellitus learning & fuzzy  fuzzy logic
20225 logic
51 Tang MCS  Proliferative Diabet- Neural net- Convolutional Neovascularization detection Accuracy = 99.48%, sensi-
20216 ic Retinopathy (PDR) work neural network and localization in fundus tivity = 87.72%, specificity
images =99.76%, precision =
86.96%, Jaccard similarity
= 76.43%, Dice similarity
= 84.66%
52 Minarul | Diabetes Neural network Deep artificial Detection of blood glucose ~ Accuracy = 88%
20206 neural network concentration level non-inva-
sively
53  AliMS Diabetes Neural network Deep artificial Detection of blood glucose  Accuracy = 82%
2016% neural network concentration level non-inva-
sively
54 Liyana S Diabetes Neural network Neural network Diabetes classification -
2015°%
55 Chowdhury Type 1 diabetes Supervised Classification & To diagnose CKD in TIDM  Accuracy = 0.96 (+0.01),
NH 2021 mellitus learning clustering patients sensitivity = 0.98 (+0.01),
specificity = 0.93 (x0.02)
56 FahmidaH Diabetic Sensorimo- Supervised Classification & Diabetic sensorimotor -
202170 tor Polyneuropathy  learning & Neural artificial neural polyneuropathy severity
(DSPN) network network (ANN) classification
57  Zuraida K Diabetic retinopathy Supervised Regression, classi-  Predicting the presence of Sensitivity = 50.0%, spec-
20207 learning & Neural fication, artificial diabetic retinopathy among  ificity = 79.03%, accuracy
network neural network Type Il diabetic patients & to = 66.36%.
determine its risk factors
58 Sumathy B Diabetic retinopathy Supervised Classification & Prediction of diabetic ret- Accuracy = 90.1% (boost-
20227 learning regression inopathy using health records ed tree) & 88.9% (KNN)
59 AzitNA Type 2 diabetes Supervised Classification, Prediction of hepatocellular ~ Accuracy = 85.28%, AUC
202273 mellitus learning & neural  regression, artificial carcinoma risk in type-2 =91.4% (SVM)

network

neural network

diabetes patients
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Table II: Characteristics of studies included in this review (CONT.)

No  Authors Area of Diabetes Type of Al Sub-category of Al Application of Al Findings
60  Shahid A Type 2 diabetes Supervised Classification Prediction of amyloid pro- Accuracy = 93.10%
20237 (Amyloid proteins learning teins in T2DM patients (training sequences) and

(AMYs))

61 Usama A Diabetes

Supervised learn- Classification, artifi- Diabetes prediction

89.67% (independent
sequences)

Accuracy = 94.87%

20227° ing, neural net- cial neural network,
work, fuzzy fuzzy logic
logic

62 Sapon MA Diabetes Neural network

201170 work

63 Hafiz MFAR Type 2 diabetes mel- Supervised learn- Classification

20207 litus ing

64 F ar h an Diabetic

Artificial neural net- Diabetes prediction

Retinopa- Transfer learning, Transfer

Accuracy = 88.8%

Classification of type 2 diabe- Accuracy = 87%, sensi-

tes mellitus (T2DM); Predic- tivity = 90%, specificity =

tion model 80%, precision = 90%, F1-
score = 90% and AUC val-
ue = 93% (random forest).

learning, An  automated detection Accuracy = 99% (training),
method to diagnose the dia- 99% (testing) and 96% val-

betic retinopathy idation processes.

network, Convolutional neu- Classification of diabetic foot Accuracy = 90.1%
learn- ral network, classi- thermogram image

N M N thy supervised learn- classification
20207® ing
65  Amith K Diabetic foot Neural
202270 supervised
ing fication

AUC = area under the curve; AUROC = area under the receiver operating characteristic curve; MCC score = Matthews Correlation Coefficient score.

Key Areas for Study Focus

The majority of the studies (n=28, 43.1%) focused on
diabetes mellitus (DM) in general. This was followed
by nine (13.8%) studies done on diabetic retinopathy
(DR) and type 2 diabetes mellitus (T2DM) respectively.
Four (6.2%) studies were done on diabetic foot and
three (4.6%) studies were on proliferative diabetic
retinopathy (PDR). Subsequently, six (9.3%) studies
were conducted on diabetic macular oedema (DME),
and diabetic sensorimotor polyneuropathy (DSPN), and
type 1 diabetes mellitus (T1DM) with 2 (3.1%) studies
in each area respectively. The remaining seven (10.8%)
studies were each done on diabetic neuropathy (DN)
together with diabetic foot ulceration (DFU), diabetic
peripheral neuropathy (DPN), diabetic retinopathy and
maculopathy, gestational diabetes, metabolic syndrome
(MetS), as well as non-proliferative diabetic retinopathy
(NPDR).

Types of Atrtificial Intelligence

Out of the 65 eligible studies, majority of the studies
(15, 23.1%) were conducted using neural network, out
of which four (26.7%) studies were done using artificial
neural network, four (26.7%) convolutional neural
network, three (20.0%) deep learning, two (13.3%)
neural network, and two (13.3%) deep artificial neural
networks.

A total of 13 (20.0%) studies had employed both
supervised learning and neural network, with three
(23.1%) studies using classification together with
artificial neural network, three (23.1%) studies using
classification together with probabilistic neural network,
two (15.4%) studies using classification together with
convolutional neural network, and two (15.4%) studies
using classification together with regression and artificial
neural network. Meanwhile, one (7.7%) study employed
classification together with regression and multilayer

perceptron (MLP) neural network. One (7.7%) study
was using classification together with regression, deep
learning, and multi-layer perceptron (MLP) neural
network. Also, another one (7.7%) study was using
regression together with multi-layer perceptron (MLP)
neural network.

Twelve studies (18.5%) employed supervised learning,
with the majority - seven studies (58.3%) - utilizing
classification techniques. Three (25.0%) studies
employed both classification and regression. One (8.3%)
study employed both classification and clustering while
the remaining one (8.3%) study employed regression.

The remaining studies employed fuzzy logic (n=5,
7.7%), deep learning (n=4, 6.2%), supervised learning
(n=3, 4.6%), unsupervised learning together with neural
network (n=2, 3.1%), as well as both supervised and
unsupervised learning (n=2, 3.1%).

Eight studies (12.3%) each employed a combination
of the Internet of Things (IoT), the Internet of Medical
Things (IoMT), machine learning, rule-based learning,
natural language processing, reinforcement learning
(decision-making), supervised learning (classification),
fuzzy logic, and transfer learning. Lastly, there was one
study (1.5%) in which the employed Al method was not
clearly stated.

Applications of Al

A total of 15 (23.1%) studies were conducted on
classification of diseases applying Al and 15 (23.1%)
studies were on disease prediction. This is followed
by 11 (16.9%) studies done with Al applied on disease
detection and nine (13.8%) studies done with Al applied
on the diagnosis of the disease. Seven (11.0%) studies
were done on identification of the disease or the risk
factors for DM. The remaining six (9.2%) studies
were each conducted with the application of Al on
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clustering, blood glucose monitoring, screening, virtual
consultation, classification together with identification,
prediction, and monitoring, as well as identification
together with classification and prediction.

Classification

From the 65 included studies, 15 (23.2%) were related
to classification of DM, out of which nine (60.0%)
studies (2, 22-30) were classified DM generally and two
studies (31, 32) were on classification of the severity of
diabetic sensorimotor polyneuropathy. The remaining
four studies were each conducted on classification of
diabetic macular oedema (DME) (33), severity of the
diabetic foot (34), and diabetic foot thermogram image
(35). Lastly, one study was conducted to classify the
major factors associated with creatinine in dyslipidemia
and T2DM patients (36).

From these studies, the accuracy levels reported ranged
from 78.6-98%. The levels of precision were reportedly
ranging from 90-95.1% while sensitivity levels were
ranging from 87.5-95.1%. Besides, the specificity levels
recorded were from 80-97.2%.

Prediction

Besides, 15 (23.2%) studies were related to prediction,
out of which five (33.3%) studies (37-41) were conducted
on the prediction of DM. Two (13.3%) studies (14,
42) were on the prediction of development of chronic
kidney disease among individuals with DM and another
two (13.3%) studies (43, 44) were on the prediction of
diabetic retinopathy among DM patients. Another study
also developed a new mobile application for gestational
diabetes patients to self-monitor their blood glucose
levels based on the meal intake recommendation (45).
The remaining five (33.3%) studies were each on the
prediction of blood glucose levels (46), amyloid proteins
(AMYs) (47), risk of DM based on DM categorisation
(48), in-hospital mortality risk among heterogenous ST-
elevation myocardial infarction (STEMI) patients with
DM (49), and hepatocellular carcinoma risk among
T2DM patients (50).

The levels of prediction accuracy reported amongst these
studies ranged from 66.4-99.6%. Levels of specificity
were between 79.0-98.0%. Meanwhile, levels of
sensitivity were between 50-97% and a precision level
of 98% was reported in one study.

Detection of Diabetes mellitus

A total of 11 (16.9%) studies were done on detection
which encompassed three (27.3%) studies (51-53) were
on the detection of diabetic retinopathy, two (18.2%)
studies (54, 55) were on the detection of blood glucose
levels non-invasively, and two (18.2%) studies (56, 57)
were on neovascularisation detection. The remaining
four studies related to detection were each conducted
on the detection of diabetic macular edema (DME)
(58), neuropathy based on the myoelectric signal (59),

proliferative diabetic retinopathy in fundus images (60),
and diabetic retinopathy together with maculopathy
(61).

The levels of accuracy among the detection studies
ranged from 73.8-100%. The levels of sensitivity
reported ranged from 76.0-87.8%. Meanwhile, levels
of specificity were from 69.0-99.8% and the precision
levels ranged from 87.0-97.1%.

Diagnosis of Diabetes mellitus

Nine (13.8%) studies were related to diagnosis, with the
majority of 4 (44.4%) studies (62-65) on the diagnosis of
DM and three (33.3%) studies (66-68) were done on the
diagnosis of diabetic retinopathy. One (11.1%) study (69)
was on the diagnosis of the risk of metabolic syndrome
and one (11.1%) study (70) was on the diagnosis of
chronic kidney disease among T1DM patients.

The levels of accuracy in diagnosis amongst the eleven
studies ranged from 92.8-99.0%. However, none of the
eleven studies reported on sensitivity, specificity, and
precision.

Identification of risk factors and complications

Seven (10.8%) papers were related to identification,
which included two (28.6%) papers on identification
of risk factors for DM (71, 72), two (28.6%) papers on
identification of diabetic foot (73, 74), one (14.3%)
paper on identification of diabetic retinopathy (75), one
(14.3%) paper on identification of diabetes heart rate
(76), and one (14.3%) paper on identification of diabetic
neuropathy (DN) together with diabetic foot ulceration
(DFU) (77).

The levels of accuracy reported by these seven studies
ranged from 69.9-98.7%, while the levels of sensitivity
ranged from 50.0-92.5% and the levels of specificity
were between 70.4-88.7%. None of the seven studies
reported level of precision.

For the remaining eight papers, two (3.1%) papers
(78, 79) deliberated on the incorporation of Al into
food journaling mobile application for dietary food
management, one (1.5%) paper (80) was on screening
of early stage of non-proliferative diabetic retinopathy
(NPDR), one (1.5%) paper (81) was on clustering of
diabetics dataset, one (1.5%) paper (82) was on designing
an Al chatbot as virtual diabetes doctor providing virtual
consultation, one (1.5%) paper (83) was on creation a
non-invasive method to monitor blood glucose levels,
one (1.5%) paper (84) was related to the identification
or classification of DM and prediction of the onset of
critical events, and lastly one (1.5%) paper (85) was
regarding classification, early-stage identification, and
prediction of DM together with the monitoring of blood
glucose levels.

Amongst these eight studies, the accuracy levels reported

Mal J Med Health Sci 21(5): 267-282, Sept 2025 275



Malaysian Journal of Medicine and Health Sciences (eISSN 2636-9346)

ranged from 86.1-97.0% and one study reported a
percentage error of 7.2%.

DISCUSSION

Al technologies and applications have been increasingly
and widely adopted in Malaysia for the classification,
prediction, detection, diagnosis, and identification of
signs and symptoms as well as risk factors of DM. While
the application and utilization of Al technologies in
DM remain somewhat niche, recent developments are
accelerating its adoption, leading to a gradual increase
in its utilization over time. From the analysis of the
selected study in this review, these applications and new
developments have showed high levels of accuracy,
sensitivity, specificity, and precision.

Al and machine learning algorithms can serve as
valuable tools to assist medical professionals in
diagnosing patients as either diabetic or non-diabetic,
and subsequently, these algorithms can be employed
to assess and identify the most accurate predictive
model for DM (25). Integrated flexible individual
classifiers have better performance and less likelihood of
misclassifying a single instance (24). From our analysis,
many of the proposed hybrid intelligent systems
for classification of DM has improved accuracy of
prediction as high as 99% and reduced computational
time as compared to the non-incremental approaches
(22,24, 27). A proposed classifier also has the capability
of automatically diagnosing possible patients with DM
(27). A newly proposed intelligent severity classifier
also helps health professionals to diagnose and stratify
diabetic sensorimotor polyneuropathy (DSPN) based
on both signs and symptoms and electrophysiological
changes (31). The efficacy of fuzzy logic as a classifier
in analysing DM patterns across all classification criteria
has been conclusively demonstrated (26).

Based on the included studies, it is evident that the
proposed classifiers yield promising results when
classifying potential patients with DM (27). Hence, the
newly created Al applications can be of tremendous
help for the medical practitioners in the healthcare
practice as a decision support system in assisting medical
professionals in making the right treatment decisions
(22, 25, 27).

Additionally, new methods of blood glucose level
modelling and prediction using Al based techniques
have been proposed. The new hybrid Al technique
can predict the next blood glucose levels with higher
accuracy, helping to avoid critical emergencies while
also allowing for timely preparation of insulin injections
and appropriate meals for patients with diabetes
mellitus (DM) (46). The prediction algorithm of new self-
monitoring mobile application for patients with diabetes
to self-monitor their blood glucose levels based on meal
intakes have also successfully predicted the next meal

intake according to the patient blood glucose levels (45).
In addition, new predictive models using Al algorithms
have also been proposed such as DM prediction with
cardiac risk prediction based on the damage in blood
vessels and cardiac nerves and subsequently predicting
the risk for a cardiac attack (39), while another study
proposed a machine learning approach for chronic
kidney disease risk prediction among T1DM patients
(42). Astudy on the prediction of in-hospital mortality risk
among heterogenous ST-elevation myocardial infarction
(STEMI) patients with DM using a combination of
machine learning approaches demonstrated promising
outcomes and highlighted that the approaches will
improve prognostic outcomes particularly in the Asian
multiethnic population (49). Predictive models with
high accuracy have offered a glimpse of hope in early
detection of carcinomas among patients with DM with
a simple and yet highly accurate Al predictive model
being proposed to detect hepatocellular carcinomas
among T2DM patients (50). Moreover, several novel
predictive models have shown promise in the early
detection of diabetic retinopathy, a condition that can
lead to permanent blindness in individuals with long-
standing DM (43, 44).

From our analysis, various predictive models show
reliable performance in risk predictions and prediction
of DM. Applications of Al for the prediction of DM
can yield high accuracy levels as high as 99.64%, and
maximum specificity, sensitivity, and precision levels
of 98%, 97%, and 98% respectively. This strongly
suggests that the proposed predictive models using
Al or machine learning approaches are efficient and
workable to be implemented in the medical practice
(48). Early prediction results and outcomes may help the
medical professionals and patients themselves to take
the necessary precautions to overcome the risk (42). The
high predictive capability will also be useful for scientists
and play a vital role in future drug development and
academic research (47).

DM is a chronic condition and a silent killer which
requires systematic management to keep blood glucose
level under control (54). Hence, regular glucose levels
monitoring is a routine task for a patient with DM (55).
The conventional way involves pricking the patients
physically to collect blood frequently and this inevitably
inflicts discomfort or even pain to the patients. To
overcome such distress and inconveniences, non-
invasive blood glucose measurement is crucial and
Al has offered the solution to detect blood glucose
concentration level non-invasively without withdrawing
blood physically from the patients (54, 55). This method
not only exhibits high accuracy in detecting glucose
concentration in blood plasma non-invasively, but also
is safe, comfortable, user-friendly, and affordable (54).

Certainly, early detection of DM should be coupled with
precise and accurate diagnosis of the disease conditions
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as well for the utmost benefits of the patients. From our
analysis, different Al diagnostic models and intelligent
diagnostic system for DM have been developed and
they have showcased promising outcomes with DM
diagnoses being done accurately, precisely, and rapidly
(62, 63). The levels of accuracy for diagnosis attained
by the Al models and intelligent systems were as high as
97.62% and even recorded a sensitivity level of 100%
(64). On top of that, different Al applications have also
been in place to diagnose complications related to
DM including diabetic retinopathy (66, 67), metabolic
syndrome (69), as well as chronic kidney disease in
diabetic patients (70). With high levels of accuracy up to
99% achieved, this strongly suggests that Al applications
can be used to support medical practitioners in accurate
and early diagnosis of DM complications (69). Al
applications with high diagnostic reliability could be
utilised widely for clinical assessment in the future of
sophisticated technological healthcare (66).

Al applications have also been successfully utilised to
identify risk factors for DM which serve as predictors
for the disease conditions (71, 72), albeit relatively
lower levels of accuracy (77.3%), sensitivity (78.4%),
and specificity (75.3%) were reportedly attained.
Meanwhile, several studies have focused on identifying
complications of diabetes mellitus (DM), such as diabetic
foot ulcers (DFUs) and diabetic retinopathy. These
studies reported accuracy levels as high as 97% in their
findings (73, 74). Interestingly, a study by Acharya et al.
has proposed a non-invasive diagnostic support system
which identifies heart rate signals and cardiac health of
a patient and subsequently determines whether or not
DM is present (76). This system has reportedly yielded
an average accuracy of 90%, sensitivity of 92.5%, and
specificity of 88.7%. Lastly for identification, a study
had applied machine learning models for identifying
diabetic neuropathy (DN) together with diabetic foot
ulcers (DFU) which was the first work demonstrating
that DN and DFU can be identified with higher accuracy
with the help of machine learning.

On top of that, Al is helpful in identifying modifiable
risk factors for diabetes such as high blood pressure,
high blood cholesterol, tobacco smoking, lack of
physical activity, obesity, and bad diet habits (86, 87).
From the identified modifiable risk factors, precise,
personalised, and early interventions could be planned
and implemented for each patient with DM (87). This
is a crucial step to help prevent further complications
among the patients with modifiable risk factors as well
as to refer patients with severe complications for medical
treatment at an early stage.

Nowadays, there has been increasing need for
personalised treatment and management for diabetes
as the personal characteristics of each patient vary
such as age, health condition, duration of disease,
weight, height, and haemoglobin Alc (88). It is crucial

to utilize information from an individual's genetic
makeup to tailor strategies for the prevention, detection,
treatment, and monitoring of diabetes mellitus (DM)
(88). In this regard, Al algorithms stand at the forefront
of revolutionising diabetes care by analysing individual
patient data, predicting blood glucose levels, optimising
insulin dosages, predicting risk of complications, and
customising treatment plans leading to more tailored,
individualised, and effective diabetes treatment plans
(89, 90). The data-driven approach adopted by Al also
shows promising results in enhancing patient care
and outcomes with advanced diagnostics, predictive
modelling, personalised treatment plan (90).

In Malaysia, Al has been integrated to the Malaysian
healthcare system in various ways, enhancing the
efficiency, accuracy, and accessibility of medical
services (91). For instance, the Ministry of Health
(MOH) of Malaysia has been collaborating with tech
companies and research institutions to develop and
implement Al-based healthcare solutions. Al has also
been used to analyse medical images with higher
accuracy in predicting and diagnosis diseases. Several
private hospitals and clinics in Malaysia have adopted
Al technologies for diagnostics, treatment planning,
and patient management. Many public and private
universities and research centers are also in the ongoing
efforts to conduct and research of developing Al
applications to cater to various healthcare needs.

Nevertheless, integration of Al in healthcare also involves
robust collection of users’ private data or large datasets
which leads to data privacy issues of privacy leakage or
data breaches due to data sharing and cross-utilisation
(92, 93). There is not only the risk of data leakage
without the awareness of the users but also data being
abused for potentially discriminatory affairs (93). Hence,
the developments of policies, ethical frameworks, legal
regulations are warranted to protect user data privacy
and ensure responsible Al usage (92).

In view of this, existing statutes have been implemented
as guidelines for best practices, including the torts law,
Consumer Protection Act 1999 (“CPA”), Personal Data
Protection Act 2010 (“PDPA”), Sale of Goods Act 1957
(“SGA”), and Contracts Act 1950 (“CA”). The Malaysian
government are also continuously improving the
existing legislation and formulate national framework
to regulate the usage of Al. Besides, governance laws
on data protection should be in place as larger datasets
are easily subjected to severe breaches leading to
unauthorised access and the landing of significant
amounts of personal data unto unlawful parties (94).
The Malaysian government is also considering further
regulatory measures and initiatives have been ongoing
to develop an Al Governance Framework, establish
policy on cybersecurity, create Al Code of Ethics, and
collaborate with different industry partners to create
privacy, security, and ethical measures (94). Also, the
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Malaysian Digital Economy Corporation (MDEC) which
is leading the National Big Data Analytics Framework
is also developing a national Al framework, and the
government is considering adopting a national data-
sharing and Al policy (94).

Medico-legal Implications of Al Assisted Decision
Making and Treatment

The implications of medico-legal aspects in the
integration of Al in DM management are of equal
importance. Liability and accountability concerns arise
when adverse outcomes occur in Al assisted decision
making. Conventional medical practice is based on
informed consent and good clinical practice based on
current clinical practice guidelines. Al assisted decision
making may perpetuate treatment biases. These factors
have ethical implications. Safe usage is based on
regular updates of practice guidelines. Al applications
are required to synchronize with current practices.
Regulatory compliance is in vogue in institutions and
safe usage requires oversight bodies. There is always the
issue of malpractice when quality of care is suspected
due to Al assisted decision making and treatment. Data
privacy and security are other issues to contend with.
Additionally, continuous education and training for
healthcare professionals are essential with evolution of
new applications and knowledge. Collaboration among
all stakeholders including healthcare professionals,
regulatory bodies, and legal experts on the subject is
essential as health care and standard of care requires
continuous adaptation of the legal framework in the
country to keep astride of evolving technology. (95)

Limitations of this study

There are a few limitations arising in this review which
are worth taking note. Firstly, this review was based
solely on local Malaysian studies and hence it only
depicts the applications of Al technologies in DM in the
Malaysian context. Besides, many of the proposed Al
applications are still in the early stage of development.
Therefore, more studies are warranted to explore further
the Al applications, particularly those with accuracy and
precision levels exceeding 95%, on a national scale.
This is to ensure that the newly proposed applications
are safe to be utilised amongst patients with DM with
minimised health risks inflicted.

CONCLUSION

This narrative review shows some promise for the
increased use of Al applications in the classification,
prediction, detection, diagnosis, and identification of
signs and symptoms as well as risk factors related to DM
yielding high levels of accuracy, sensitivity, specificity,
and precision. As a result, there is an expectation that Al
technology applications will progressively inspire greater
confidence among medical professionals, patients,
and stakeholders in the field. Nevertheless, further
research is essential to explore additional applications

and advanced utilization of Al in this field, aiming to
provide DM patients with enhanced benefits, including
earlier and more accurate detection, improved disease
management, and more effective treatment outcomes.
The findings will also provide essential guidance for
policymakers and stakeholders in shaping the future of
Al adoption in diabetes care in Malaysia.
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