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ABSTRACT
The burden of undiagnosed diabetes mellitus (DM) is substantial, with approximately 240 million 

individuals globally unaware of their condition, disproportionately affecting low- and middle-income 
countries (LMICs), including Indonesia. Without screening, DM and its complications will impose 
significant pressure on healthcare systems. Current clinical practices for screening and diagnosing 
DM primarily involve blood or laboratory-based testing which possess limitations on access and 
cost. To address these challenges, researchers have developed risk-scoring tools to identify high-risk 
populations. However, considering generalizability, artificial intelligence (AI) technologies offer a 
promising approach, leveraging diverse data sources for improved accuracy. AI models (i.e., machine 
learning and deep learning) have yielded prediction performances of up to 98% in various diseases. 
This article underscores the potential of AI-driven approaches in reducing the burden of DM through 
accurate prediction of undiagnosed diabetes while highlighting the need for continued innovation 
and collaboration in healthcare delivery.
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INTRODUCTION
Approximately 240 million people globally 

are living with undiagnosed diabetes mellitus 
(DM).1 Almost 90% of undiagnosed diabetes 
cases are concentrated in low- and middle-
income countries (LMIC), including Indonesia, 
where 73.7% of cases remain undiagnosed.2 
Undiagnosed DM leads to a higher risk for 
diabetes complications, including macro- and 
microvascular complications, as well as deaths. 
Studies suggest that around 5 years before 
diagnosis is determined, an individual with an 

asymptomatic or pre-diabetic condition might 
have already developed complications.3 4 At the 
time of being diagnosed, 35% of people already 
had macrovascular complications (e.g., ischemic 
heart disease, stroke, and peripheral arterial 
disease) or microvascular (e.g., retinopathy, 
neuropathy, and nephropathy).5 

In Indonesia, undiagnosed DM has a severe 
impact on the prevalence of cardiovascular 
diseases (CVD). In the last 10 years, the prevalence 
of heart disease and stroke increased from 
0.5% to 1.5% and 0.7% to 1.9%, respectively.6 
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Between 2021 and 2022, treatment costs for 
both diseases increased from IDR 10.9 to 15.3 
trillion rupiahs.7 It is foremost to diagnose DM at 
an earlier stage. However, developing countries 
are facing constraints. A study of 28 countries 
indicated that only 63% of people with DM had 
undergone tests.8 This is often the result of poor 
access and limited resources.9-11 Therefore, a 
better tool for screening or diagnosis is needed 
to allow early treatment and lower the risk of 
complications and deaths. 

Basic Knowledge of Diabetes Mellitus 
According to the International Diabetes 

Foundation (IDF), global DM prevalence is 
projected to increase from 537 million adults in 
2021 to 783 million by 2045.12 DM is categorised 
into four types, namely: type 1 diabetes (T1DM), 
type 2 diabetes (T2DM), gestational diabetes, 
and diabetes of other forms (e.g., monogenic 
diabetes syndromes, diseases of the exocrine 
pancreas, and drug- or chemical-induced 
diabetes).13 Approximately 10% of the total 
cases are attributed to T1DM. IDF also listed 
the countries with the highest number of DM in 
2021, where Indonesia positioned as the fifth.2 
IDF’s projection for Indonesia was supported 
by data from National Basic Health Research 
surveys. Indonesia’s prevalence increased from 
6.9% to 10.9% between 2013 and 2018.6

Diabetes mellitus is a group of metabolic 
diseases characterized by hyperglycemia 
resulting from defects in insulin secretion, insulin 
action, or both.14 Classic signs of hyperglycemia 
are polydipsia, polyuria, and polyphagia. As 
mentioned earlier, DM has several forms. T1DM 
is a form of chronic autoimmune disease that 
is a result of elevated blood glucose levels.15 
Historically, T1DM has been observed as a 
condition affecting children and adolescents. 
Nowadays, the age at which symptoms first 
appear has not been regarded as a constraining 
factor.16 T2DM is the most common diabetes 
category, and it is characterized as hyperglycemia 
due to insulin resistance in adipose tissue, liver, 
skeletal muscle, and/ or insufficient insulin 
production in the body.13 17 Adiposity, serum 
biomarkers, an unhealthy dietary pattern, 
decreased physical activity, high sedentary time, 
smoking, and some medical conditions (e.g., high 

systolic blood pressure and metabolic syndrome) 
are suggested to contribute to T2DM.18 

Current Clinical Practice for Diabetes 
Diagnosis 

Diagnosis involves identifying diseases 
based on signs and symptoms, using assessments 
like patient history, clinical observations, 
laboratory tests, and imaging studies. In contrast, 
screening targets individuals at risk of a specific 
condition, prompting further investigation or 
preventive action. The primary goal of screening 
is early disease detection and increased chances 
of successful treatment, leading to broader 
coverage.19 Screening is more dedicated to the 
population with risk factors, such as overweight/
obesity, physical inactivity, age, diabetes in first-
degree relatives, history of gestational diabetes, 
and ethnicity.20 

Multiple screening methods are commonly 
utilized for T2DM, as recommended by clinical 
practice guidelines from the World Health 
Organization and the American Diabetes 
Association. These methods include fasting 
plasma glucose (FPG), 2-hour glucose during a 
75g oral glucose tolerance test (OGTT), HbA1c, 
and random blood glucose (Figure 1; Table 1). 
21 22

In Indonesia, the screening and diagnosis of 
diabetes follow the clinical practice guidelines set 
by the Indonesian Endocrinologist Association 
(PERKENI). According to the PERKENI 
guideline, the diagnosis of T2DM  is confirmed 
through blood glucose and HbA1c examinations. 
The recommended method for blood glucose 
examination is enzymatic testing using venous 
plasma blood samples.20 Typically, diagnosis 
is established based on an existing clinical 
diagnosis, such as individuals presenting with 
classic symptoms of hyperglycemia (RPG ≥ 200 
mg/dL). Alternatively, diagnosis may require two 
abnormal screening test results, measured either 
simultaneously or at different time points.25

Despite established screening procedures, 
several issues persist regarding the coverage 
of diabetes screening. Many individuals are 
reluctant to undergo screening due to various 
factors, including a lack of awareness about 
health screens, limited understanding of their 
preventive purpose, disinterest in the program 
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(e.g., influenced by peers, fear of results, lack 
of motivation), time constraints, difficulties in 
scheduling appointments, and concerns about 
the screening environment (e.g., privacy and 
confidentiality). Therefore, addressing these 
challenges is crucial to improving screening rates 
and overall diabetes management.24

Limitation of Laboratory-based Diagnosis
Limitations of laboratory-based diagnosis 

can be divided into two main problems: 
accuracy and implementation feasibility. 
Accuracy can be compromised by potential 
errors in the pre-analytic phase, such as sample 
contamination and defective blood glucose 
strips. Factors like ambient conditions, patient 
medications, and timing of the examination can 
also influence outcomes, potentially leading 
to misinterpretation of results. For instance, 
HbA1c levels may exhibit slight elevations 
in patients with iron deficiency, affecting 
diagnostic accuracy. Glucose concentrations 
may also be falsely low if samples are not 

promptly processed or stored properly.25,26 The 
second problem pertains to the implementation, 
including the cost and access for the public, 
especially in low-income countries. Laboratory 
tests, such as HbA1c, can be expensive, with 
estimated unit costs for screening reaching 
USD 14 (IDR 227.000). Additionally, setting up 
and maintaining the necessary equipment and 
infrastructure for laboratory testing can require 
significant financial investment.27 28

Risk Scoring as a Tool for Diabetes Screening 
Early diagnosis and treatment of type 2 

diabetes are among the most relevant actions 
to prevent complications.29 According to the 
ADDITION-Europe Simulation Model Study, an 
early diagnosis reduces the absolute and relative 
risk of cardiovascular morbidity and mortality.30 
Responding to this, researchers have developed 
predictive models, such as the Finnish Diabetes 
Risk Score (FINDRISC), Indian Diabetes 
Risk Score (IDRS), and American Diabetes 
Association Risk Test (ADA Risk Test).31-33 Risk 

Figure 1. Blood glucose measurement using invasive tests through venous or capillary blood collection.23

Table 1. Diabetes tests and cut-off values.20-22

Diabetes Tests World Health 
Organization

American Diabetes 
Association

PERKENI

Fasting venous or plasma 
glucose 

 ≥7.0 mmol/L 
( 126 mg/dL)

 ≥7.0 mmol/L 
( 126 mg/dL)

 ≥7.0 mmol/L 
( 126 mg/dL)

2-hour post load venous 
plasma 

≥11.1 mmol/L (200 mg/dL) ≥11.1 mmol/L (200 mg/dL) ≥11.1 mmol/L (200 mg/dL)

2-hour post-load capillary 
plasma glucose

 ≥12.2 mmol/L (220 mg/dL)  N/A N/A

Random plasma glucose ≥11.1 mmol/L (200 mg/dL) ≥11.1 mmol/L (200 mg/dL) ≥11.1 mmol/L (200 mg/dL)
HbA1c  ≥ 6.5% ( 48 mmol/mol)  ≥ 6.5% ( 48 mmol/mol)  ≥ 6.5% ( 48 mmol/mol)
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scores are quantitative instruments that produce 
a numerical score that represents the level of 
disease risk for an individual. Table 2 below 
presents some popular risk scores, their variables, 
and performance.

Limitation of Scoring Tools 
Although scores are expected to assist 

in identifying and/or predicting the risk of 
DM, they are subject to specific debates and 
limitations. To date, there is a dearth of published 
research examining the impact of a diabetes 
risk score on the reduction of incident diabetes. 
Furthermore, the usefulness of these scores is 
restricted to comparable populations because 
they are based on study populations with different 
sizes and characteristics. The existence of a 
universally optimal risk score is not feasible, as 
the effectiveness of any score is contingent not 
only upon its statistical characteristics but also 
on its specific application context. Lastly, it is 
worth noting that although the developers of the 
majority of diabetes risk scores express a high 
level of confidence in the positive attributes of 
their scores, practitioners may hold a different 
perspective.35 36

Artificial Intelligence for Disease Diagnosis 
or Screening

Artificial intelligence (AI) is a vast field 
defined as everything a computer algorithm 
processes automatically, as opposed to 
conventional computer coding by humans, is 
increasingly involved in addressing various 
healthcare aspects.37 38 Quite notable, however, 
is the utilization of AI in disease diagnostics. 
Various studies have investigated its performance 
in diagnosing diseases of the skin,39 liver,40 
gastrointestinal system,41 heart,  42 and 

hypertension.43 Furthermore, it has also been able 
to analyze imaging data. Artificial intelligence 
is also utilized in respiratory infectious diseases 
such as COVID-19 by utilizing images of chest 
X-rays.44

Machine learning (ML), a subset of AI, 
encompasses techniques with advanced 
algorithms capable of the automated extraction 
of enhanced features without being programmed 
explicitly.45 46 ML can be developed into supervised 
(regression, classification, and composition), 
unsupervised (clustering, dimensionality, and 
association), as well as reinforced learning 
models. Supervised models entail numerous 
labelled training cases, allowing the algorithm 
to learn and produce accurate outputs in a faster 
manner.45 Unsupervised models do not receive 
labelled input and output data; instead, they infer 
underlying patterns in unlabeled data to identify 
subclusters within the original dataset.47 To delve 
deeper into the workings of artificial intelligence 
in disease detection, a framework is illustrated 
in Figure 2.

A further subset of machine learning is 
deep learning (DL), a powerful technique 
automating complex pattern detection in large 
datasets through deep structures and numerous 
processing layers.45 DL’s development for 
diabetes encompasses prediction, screening, 
classification, and management. An example is 
the artificial pancreas, a closed-loop hormone 
delivery system that automatically regulates 
blood glucose levels by injecting insulin timely 
upon abnormal levels detection that are predicted 
accurately.48 In diabetes diagnosis, machine 
learning, as one branch of artificial intelligence, 
can leverage this sporadic data and discover 
correlations among these data.49 Considering the 

Table 2. Risk score models for diabetes mellitus.

Risk Scores Variables Performance

Finnish Diabetes Risk Score 
(FINDRISC)31

Age, BMI, waist circumference, use of blood pressure 
medication, history of high blood glucose, physical activity, daily 

consumption of vegetables, fruits, or berries

Sensitivity: 78%
Specificity: 77%

American Diabetes 
Association Risk 
Test(ADA)33

Age, gender, history of gestational diabetes in women, family 
history of gestational diabetes, history of hypertension, physical 

activity, BMI

Sensitivity: 68%
Specificity 65%

Bogor Diabetes Risk 
Prediction (BDRP)34 Age, obese, hypertensive, central obesity, physical activity Sensitivity: 77%

Specificity: 50%

Indian Risk Score (IRS)32 Age, central obesity, family history of diabetes, physical activity Sensitivity: 73%
Specificity: 60%

BMI, body mass index
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impracticality of conducting HbA1c testing on 
all at-risk populations, deep learning can address 
the need for early diabetes onset detection 
and predict diabetes risk through population 
screening. Various deep learning models, 
ranging from LSTM, CNN, SVM, and others, 
have demonstrated the ability to predict, detect, 
and classify diabetes cases, even reaching near-
perfect models when trained on tidy datasets.50

Limitation of AI in Disease Diagnosis or 
Screening

Although AI has been found to cut healthcare 
costs, it is stronger in treatment compared to 
diagnosis,51 and most assessments have not 
included the initial investment and operational 
costs needed for AI implementation.52 Computing 
power and data availability are also needed to 
boost its progress.45 Although Internet-based 
clouds provide the possibility to access more 

data, filtering relevant, non-ambiguous, and 
meaningful data presents a challenge.53 These 
challenges present significant potential for 
continued improvement and innovation in the 
field of artificial intelligence.

CONCLUSION
Integrating artificial intelligence (AI) into 

clinical practice for the screening of diabetes 
mellitus (DM) offers promising benefits for 
healthcare providers, including doctors. AI 
models are tested to be accurate in identifying 
high-risk individuals and enabling earlier 
intervention to prevent complications. For 
clinicians, the adoption of AI tools means a shift 
towards more proactive and precise management 
of diabetes. AI can assist in interpreting complex 
data and predicting patient conditions. This 
technology can also support large-scale screening 

Figure 2. Framework of artificial intelligence for diabetes mellitus diagnosis prediction model. 

Table 3. Example of existing machine learning models for disease detection.

Author Disease Algorithm Outcome
Aijaz et al.39 Psoriasis Convolutional neural network (CNN), long 

short-term memory (LSTM)
Accuracy : 84.2 %; 72.3%

Chuang et al.40 Liver CBR, BPNN, Logistic Regression, 
Classification

Accuracy : 95 %
Sensitivity : 98 %
Specificity: 94 %

Plawaik et al.42 Arrhytmia Deep genetic ensemble of
classifiers, ECG signal

Sensitivity : 94.62 %
Accuracy : 99.37 %
Specificity: 99.66 %

Owasis et al.41 Gastrointestinal 
disease

Residual network, LSTM AUC: 97.057%

Luo et al.44 Gastrointestinal 
cancer

GRAIDS, Clopper Pearson Method Accuracy: 95%

AUC, Area Under the Curve; CBR, Case-Based Reasoning; CNN, Convolutional Neural Network; BPNN, Back 
Propagation Neural Network; ECG, Electrocardiography; LSTM, Long Short-Term Memory; GRAIDS, Gastrointestinal 
Artificial Intelligence Diagnostic System
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programs by identifying individuals who might 
otherwise remain undiagnosed. However, the 
successful implementation of AI in clinical 
settings requires ongoing collaboration between 
healthcare providers, researchers, and technology 
developers to address challenges such as data 
quality, computing systems, and integration 
with existing healthcare systems. Ultimately, AI 
has the potential to transform diabetes care by 
making screening more accessible and diagnosis 
more accurate. Therefore, continued innovation 
and collaborative efforts will be essential to 
maximize the full benefits of AI in clinical 
practice.
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