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Abstract

Background: Glycated hemoglobin (HbA{.) is a convenient tool to evaluate glycemic status but its ability to detect individu-
als at risk for type 2 diabetes is limited.

Objective: Exploiting the glycemic variability captured in continuous glucose monitoring (CGM), we used a well-character-
ized Asian cohort study from Singapore to assess whether utilizing CGM features in a machine learning model can improve the
detection of prediabetes as compared to using HbA . alone.

Methods: In this study, 406 nondiabetic Asian participants underwent an oral glucose tolerance test and had their fasting and
2-hour plasma glucose concentrations measured, together with HbA |, to classify them as with normoglycemia or prediabetes.
They also wore a CGM sensor for 14 days. CGM profile features were extracted and prediction models were constructed with
random subsampling validation to evaluate predictive efficacy. The use of CGM and HbA . data alone or in combination was
assessed for the ability to correctly distinguish prediabetes from normoglycemia.

Results: In this cohort (N=406), 189 (46.6%) individuals had prediabetes. The majority of the cohort were women (n=236,
58.1%) and of Chinese ethnicity (n=267, 65.8%). Those with prediabetes were slightly older, heavier, and had higher glucose
levels with more variability than the normoglycemia group. A 2-step approach was used where those with HbA . =5.7% were
automatically categorized as having prediabetes; the model then focused on the prediction capability of the CGM features
among individuals with HbA . <5.7%. The prediction models with CGM outperformed the benchmark for comparison defined
by HbA|. =5.7%, where they yielded an area under the receiver operating characteristic curve of 0.866-0.876, with a lower
specificity of 78%-80% but a vastly improved sensitivity of 76%-78%.
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Conclusions: Adding CGM to HbA|. in a 2-step approach greatly improved the sensitivity of detecting prediabetes in an
Asian population. Given the benefits to optimizing lifestyle behaviors and its growing acceptability among the nondiabetic
population, CGM is a promising alternative for type 2 diabetes mellitus risk screening.

Trial Registration: ClinicalTrials.gov NCT02838693; https://clinicaltrials.gov/NCT02838693

JMIR Diabetes 2026,11:e81520; doi: 10.2196/81520
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Introduction

Glycated hemoglobin (HbA1.) is the gold standard test for
blood glucose monitoring and the management of diabetes
in clinical practice, after 2 landmark prospective clinical
studies (US Diabetes Control and Complications Trial [1]
and the UK Prospective Diabetes Study [2]) clearly demon-
strated a link between HbA[. values and diabetes-related
long-term complications, underpinning the use of HbAj. as
a surrogate marker for diabetes outcomes [3]. In 2010, HbA
was incorporated into the American Diabetes Association
(ADA) criteria as a screening tool for prediabetes [4]. The
advantages of HbA | include the absence of the requirement
for fasting or timed blood samples, and its relative stabil-
ity compared with glucose concentrations of fasting and 2
hours after an oral glucose tolerance test (OGTT), thereby
reflecting long-term (~3 months) glycemic status. However,
HbA . has a limited sensitivity to detect individuals at high
risk of type 2 diabetes mellitus (T2DM) [5]. Data from
5395 nondiabetic individuals from the National Health and
Nutrition Examination Survey showed that the current 5.7%
cut-off has low sensitivity in detecting prediabetes, implying
that HbA . values below 5.7% do not reliably exclude the
presence of prediabetes [6]. Moreover, HbA . can be affected
by blood disorders such as anemia [7], but also ethnicity [8],
and does not provide any information on glycemic variability
(ie, fluctuations in glucose levels over the course of a day).

The continuous glucose monitoring (CGM) system
measures glucose levels subcutaneously in the interstitial
fluid at regular time intervals for about 1-2 weeks. Since the
first version by Medtronic in 1999, CGM has revolutionized
glucose management in diabetes where excursions in glucose
can be detected almost instantaneously, providing real-time
information to better optimize medications for glucose control
[9]. With the improvements in CGM technology, ease of
use, and possible integration with other wearable biosensors,
CGM is no longer confined to diabetes management. It is
attracting the attention of healthy, nondiabetic individuals
who want to assess their risk for T2DM or optimize their
health [10]. Advances in data science and the application of
machine learning techniques [11] have made it possible to
exploit the glycemic variability captured in the CGM data to
identify distinct patterns of glucose dysregulation for targeted
clinical action [12,13], as well as distinguish those who are at
risk of T2DM from those who are not [14-16].

Population-based screening can identify those who are
at risk of T2DM (ie, prediabetes) to allow for early inter-
vention and thereby mitigate the growing burden of the
diabetes epidemic. This is critically important as almost
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one-in-two adults (45% or 240 million globally) living with
diabetes (20-79 years old) are unaware of their status [17].
Recommended criteria for diagnosing prediabetes and T2DM
encompass cut-offs for HbA ., but also fasting and 2-hour
OGTT glucose concentrations [18], even though the OGTT is
tedious and time-consuming, thereby reducing the effective-
ness of a population-wide screening program. However, using
HbA . alone is not sensitive enough to capture individuals
at risk. There have been recent reports utilizing CGM data
as a potential screening tool to discriminate between healthy
individuals and those at risk of T2DM in European, Cau-
casian [14,16] and Indian [15] populations, but studies are
scarce, especially in Asia, where 60% of all diabetes reside
[19]. In this study, we took advantage of a well-characterized
Asian cohort study from Singapore to assess whether utilizing
CGM features in a machine learning model can improve the
identification of prediabetes compared with HbA | alone.

Methods
Study Participants

This is a substudy anchored within the “Assessing the
Progression to Type-2 Diabetes” (APT-2D) study (Clinical-
Trials.gov: NCT02838693), which follows up on a large
cohort of nondiabetic individuals for 3 years or until they
develop T2DM [20].

For the main APT-2D study, healthy participants between
the ages 30 and 70 years old, who were not on any long-
term medication and had no prior history of diabetes, were
recruited from April 2016 to December 2018. Recruitment
was done through random sampling via various outreach
efforts to the grassroots communities and organizations, and
through media releases in order to recruit at least 2300
participants, so as to ensure adequate sample size for the
cohort study outcomes.

For this substudy, participants with their penultimate
visit (75 g OGTT) being conducted within 3 months from
enrolling to this substudy (“Continuous Glucose Monitoring
to Assess Glucose Dysregulation in Progression to Type-2
Diabetes” [CGM-APT2D]) and willing to wear a CGM
sensor for 14 days were invited to participate. Out of the
449 individuals enrolled in this substudy, 429 participants
contributed with CGM data. To narrow the study’s focus
to the Asian population in this region, individuals from
Europe or the Middle East were excluded from the analysis.
Additionally, those diagnosed with T2DM during the study
were removed to align with the study’s objective of examin-
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ing individuals without diabetes. At the end, data from 419
individuals were used.

Ethical Considerations

The main study (APT-2D) was approved by the Domain
Specific Review Board of the National Health Group (ref:
2016/00096) in Singapore. This substudy (CGM-APT2D)
was approved by the Domain Specific Review Board of the
National Healthcare Group (ref: 2020/01085) in Singapore.
All participants provided written informed consent prior to
joining the studies.

Experimental Procedures
OGTT

Participants were admitted after having fasted overnight for
10-12 hours. They were instructed to abstain from performing
any strenuous exercise during the previous day and from
consuming fat-rich foods during the preceding 3 days, to
avoid potential delayed metabolic effects of exercise and
high-fat feeding on metabolism. Participants arrived in the
morning (8 AM); height, weight, and vital signs (heart rate
and blood pressure) were obtained by standard methods after
5 minutes of rest, before any testing began. Participants
then underwent a 2-hour OGTT. An indwelling catheter
was inserted into an antecubital vein of one arm for blood
sampling. A fasting blood sample was obtained at 7=0
minutes, and then participants ingested a solution containing
75 g of glucose; additional blood samples were obtained
at =10, 20, 30, 60, 90 and 120 minutes for measurement
of glucose concentrations. HbA . was measured using the
fasting blood sample. Prediabetes and T2DM were defined
by using the ADA criteria [18] for fasting and 2-hour plasma
glucose and HbA | as previously described [20]. Participants
classified as having newly diagnosed diabetes were excluded
from the analysis.

CGM

A CGM sensor (Abbott Freestyle Libre) was attached to the
upper arm to monitor interstitial glucose levels at 15-minute
intervals for 14 days. The Freestyle Librelink app (Abbott)
was used on participants’ smartphones to scan and record
their glucose readings. If a participant did not have a
compatible smartphone, a reader was loaned to the participant
to record glucose readings. Participants were instructed to
scan the sensor at least once every 8 hours and to keep the
sensor on for 14 days. Participants who had their sensors
detached were offered a replacement sensor. The CGM sensor
was worn by the participants within 3 months after complet-
ing the OGTT visit.

Sample Analysis

HbA|. was measured in whole blood by cation-exchange
high performance liquid chromatography (Bio-Rad Variant
I Turbo; Bio-Rad). Plasma glucose during the OGTT
was determined by the AU5822 general chemistry analyzer
(Beckman Coulter) at the National University Hospital
Referral Laboratory (accredited by the College of American
Pathologists).

https://diabetes.jmir.org/2026/1/e81520
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Data and Statistical Analyses

For each participant, the data encompassed 3 main com-
ponents: demographic information, including age, sex, and
ethnicity; clinical measurements recorded during the clinic
visit, consisting of BMI, waist-hip ratio, fasting and 2-hour
OGTT glucose (mmol/L), and HbA{. (%); and glucose
profile data for about 14 days obtained from the worn CGM
sensor. The CGM data comprised a time series capturing the
time and corresponding glucose levels (mmol/L), spaced at
approximately 15-minute intervals. These intervals are not
strictly equal, and the recording length and timing varied
among individuals. Participants scanned the CGM sensor
at an average frequency of 9.1 times a day. There were
additional heterogeneities in the CGM datasets. For instance,
occasional involuntary detachment of the sensor resulted in
missing data, while the malfunctioning of sensors in some
participants resulted in them wearing more than 1 sensor
during the study period. Of the 429 participants, 8% required
1 replacement sensor and 0.5% required 2 replacement
Sensors.

For ease of comparison, we followed the work by Mao et
al [13] and converted the CGM measurements into mean-
ingful features that capture the essential characteristics of
an individual’s glucose trajectory. These features encom-
pass measures of centrality (mean) and spread (maximum,
minimum, standard deviation, coefficient of variation, and
mean amplitude of glycemic excursion), along with propor-
tions of time spent within abnormal ( >7.8 or <3 mmol/L)
and normal (3 to 7.8 mmol/L) glucose ranges. We addition-
ally considered measures of glucose excursion, including the
average rise and fall and their corresponding rates. Further
details about the various CGM features, in terms of how
they were defined and derived, are provided in Multimedia
Appendix 1.

These summary statistics were computed after exclud-
ing the first 24 hours in each consecutive block of CGM
recordings, as recommended by the manufacturer because
glucose readings on the first day were typically lower
compared to subsequent days. In cases where participants
wore more than 1 device, we merged CGM recordings from
different blocks after eliminating data from the “warm-up”
period, given the negligible time gaps between them. During
this process, 11 participants were subsequently removed due
to insufficient CGM data captured by their devices, prevent-
ing the calculation of meaningful CGM summary statistics.
Two participants were removed due to invalid HbA . values.
Consequently, the final dataset comprises information from
406 participants with an average CGM recording length of 12
days.

We categorized these 406 participants based on their
diabetic status into those with prediabetes and those with
normoglycemia and prediabetes, thereby enabling a compa-
rative analysis between groups. Specifically, for categorical
variables such as sex and ethnicity, we used the Pearson
chi-square test, while for continuous variables, we explored
potential differences in group means through nonparamet-

JMIR Diabetes 2026 | vol. 11 1e81520 1 p. 3
(page number not for citation purposes)


https://diabetes.jmir.org/2026/1/e81520

JMIR DIABETES

ric Mann-Whitney U tests. P values were computed and a
significance level of .05 was applied for interpretation.

Prediction models were then constructed to assess
individual prediabetes risk. We explored three distinct sets of
predictors in our analysis (Table S1 in Multimedia Appendix
1):

1. Demographic data encompassing age and gender, and

2 fundamental clinical measurements, namely BMI and
waist-hip ratios (henceforth referred to as “Demo”);

2. A combination of all the CGM summary statistics and

the Demo data specified in set 1 (“CGM”);

3. The CGM dataset listed in set 2, supplemented with the

numerical HbA . value (“HbA.”).

The performances of these models were compared with
HbA . =5.7% alone to classify prediabetes as the benchmark
for comparison.

For each of these data configurations, we employed 2
classification algorithms: logistic regression (LR) and support
vector machine (SVM). To address potential concerns of
overfitting, we implemented repeated random subsampling

Lee et al

validation strategies, and evaluated the average prediction
performance across 1000 randomly selected test sets, utilizing
key metrics such as misclassification rates, specificity, and
sensitivity.

In addition to our primary prediction models, we
introduced a specialized 2-step prediction strategy. This
approach categorized individuals with HbA[. =5.7% as
having prediabetes and focused exclusively on predicting the
prediabetes risk among individuals with HbA . <5.7%. The
predictor sets employed for this targeted analysis included
the CGM dataset (set 2) and the HbA;. dataset (set 3).
We explored whether this segregation would enhance risk
prediction process, allowing for a more nuanced understand-
ing of prediabetes risk among individuals with relatively
low HbA|. levels. A sensitivity analysis was additionally
conducted regarding the segregation threshold of 5.7%, but
the alternative thresholds failed to yield better prediction
accuracy in terms of misclassification rates (Tables S2-S3
in Multimedia Appendix 1). An overview of the methods is
summarized in Figure 1.

Figure 1. Graphical overview of methods and analysis of CGM data. CGM: continuous glucose monitoring; HbA.: glycated hemoglobin.
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Results

Participant Demographics and Baseline
Clinical and CGM Measurements

Demographic information and clinical glucose measurements
of the 406 Asian participants without diabetes are summar-
ized in Table 1. Within this cohort, 189 (46.6%) individuals
were categorized as prediabetic. The majority of the cohort
were women (n=236, 58.1%) and individuals of Chinese
ethnicity (n=267, 65.8%), with no significant differences

Lee et al

observed in terms of sex and ethnic group distribution
between the normoglycemia and prediabetes groups. The age
of participants spanned from 33 to 74 years, with half falling
between 42 and 57 years old. Those in the prediabetes group
were ~6 years older and had a slightly greater BMI and
waist-to-hip ratio than those in the normoglycemia group;
the prevalence of obesity was 32.3% and 19.8% respectively,
under the Singapore classification system [21]. Fasting and
2-hour OGTT glucose levels and HbA . were significantly
greater in prediabetic than normoglycemic individuals (Table
1 and Figure S1 in Multimedia Appendix 1).

Table 1. Demographics and baseline clinical glucose measurements in Asians without diabetes. Comparison between normoglycemia and prediabetes

groups was performed using the Pearson chi-square test for categorical variables (sex and ethnicity), and the Mann-Whitney U test for continuous

variables (ie, all but sex and ethnicity).

Variable Total (N=406) Normoglycemia (n=217) Prediabetes (n=189) P value
Sex, n (%) 40

Male 170 (41.9) 95 (43.8) 75 (39.7)

Female 236 (58.1) 122 (56.2) 114 (60.3)
Ethnicity, n (%) 46

Chinese 267 (65.8) 143 (65.9) 124 (65.6)

Malay 57 (14.0) 27 (124) 30 (15.9)

Indian 63 (15.5) 34 (15.7) 29 (15.3)

Others 19 (4.7) 13 (6.0) 6(32)
Age (years), median (IQR) 49 (42-57) 46 (40-55) 52 (46-60) <001
BMI (kg/m?), median (IQR) 24.7 (21.9-27.6) 24.0 (22.0-27.0) 25.0 (22.0-29.0) 01
Waist-to-hip ratio, median (IQR) 0.87 (0.82-0.91) 0.86 (0.81-0.90) 0.88 (0.83-0.92) 009
Fasting glucose (mmol/L), median (IQR) 5.0 (4.6-5.2) 48(4.6,5.1) 52(4.8-54) <.001
2-hour OGTT? glucose (mmol/L), median (IQR) 6.9 (5.8-8.2) 6.1 (5.2-6.9) 8.3(7.2:9.3) <001
HbA > (%), median (IQR) 55(53-5.7) 53(5.2-5.5) 57(55-59) <001

30GTT: oral glucose tolerance test.
PHbA | glycated hemoglobin.

With respect to glucose features derived from the CGM data,
the prediabetes group displayed larger variability in glucose
levels over time compared to the normoglycemia group,
substantiated by significant differences in group means for
most measurements related to spread and glucose excursion;
only the minimum glucose was not significantly different
between the 2 groups (Figure 2 and Table S4 in Multimedia
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Appendix 1). Notably, our assessment of time-in-range
focused on the interval of 3.0-7.8 mmol/L. This choice
stemmed from the consideration that the conventional cut-off
for time-in-range (3.9-10 mmol/L) did not appear pertinent in
this nondiabetic population, given the minimal divergence in
the proportions of time spent outside this interval between the
2 groups (Table S5 in Multimedia Appendix 1).
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Figure 2. Continuous glucose monitoring (CGM) glucose metrics in Asians with normoglycemia (NG) and prediabetes (PD). Significant differences
were observed in all metrics except for the minimum glucose. CV: coefficient of variation; MAGE: mean amplitude of glycemic excursion.
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Feasibility of Diagnosing Prediabetes
Utilizing CGM Features

We set the benchmark for comparison using the prediabetes
cut-off defined by HbA . 25.7%, resulting in a specificity of
100%, sensitivity of 60%, and a misclassification rate of 18%.
The Demo model, which incorporated basic demographic
information and obesity-related measures (age, gender, BMI,
and waist-to-hip ratio) that are known risk factors for T2DM
(Table S1 in Multimedia Appendix 1), demonstrated limited
efficacy in distinguishing prediabetes from normoglycemia
(Figure 3 and Table 2). The predictive performance greatly
improved with the inclusion of CGM features in the model

https://diabetes.jmir.org/2026/1/e81520

p(CGM=<3.0) (%)

20 30

Fall rate (mmol/L/h)

(CGM model), with a prediction sensitivity of 60%-63%
becoming comparable to that using HbA . =5.7% (Table 2).
The diagnostic capability further increased when the HbA .
value was added as a predictor to the CGM model (HbA
model), yielding a higher specificity of 78%-80% and a
sensitivity of 71%-74%, and hence a substantially lower
misclassification rate of 23%-25% (Table 2). Notably, the
sensitivity achieved by the HbA | prediction model surpassed
that obtained when using HbA . =5.7% as a single threshold
of 60%. In addition, the choice of classification algorithms
did not fundamentally impact the predictive performance for
all 3 models (Figure 3 and Table 2).
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Figure 3. Receiver operating characteristic curves of the 3 model variants utilizing (A) logistic regression or (B) support vector machine as the
classification algorithm. Model Demo: age, gender, BMI, and waist-hip ratio; Model CGM: Demo + CGM features; Model HbA |.: Demo + CGM +

HbA .. CGM: continuous glucose monitoring; HbA |: glycated hemoglobin.

True positive rate

_(A) Logistic regression

0.2

04 06 0.8
False positive rate

0.8

0.6

0.4

0.2

_(B) Support vector machine

= Demo

CGM (Demo + CGM)

—— HbA,, (Demo + CGM + HbA, )

0 0.2

| | | |
04 06 08 1

False positive rate

Table 2. Prediction accuracy of prediabetes, in terms of misclassification rates, specificity, and sensitivity, for model variants using distinct predictor

sets and classification algorithms. The data are presented as the mean and 95% confidence intervals, derived from 1000 random splits into training

and testing sets.

Model

Misclassification (%)

Specificity (%)

Sensitivity (%)

ROC AUCP

Demo, mean (95% CI)
LRC
svmd

CGME®, mean (95% CI)
LR
SVM

HbA [, mean (95% CI)
LR
SVM

37.1(36.8-374)
38.0(37.7-38.3)

32.3(32.0-32.6)
319 (31.6-32.2)

23.2(23.0-23.5)
25.2(249-25.4)

HbA | =5.7% cut-off (benchmark) 18.5

70.7 (70.4-71.1)
71.6 (71.3-72.0)

744 (74.1-74.8)
72.7(72.3-73.1)

79.5(79.1-79.8)

779 (77.5-78.2)
100

53.7(53.3-54.2)
50.9 (50.4-51.3)

59.9 (59.5-60.3)
62.8 (62.4-63.3)

73.6 (73.2-74.0)

71.3 (70.9-71.7)
60.3

0.658 (0.654-0.661)
0.648 (0.644-0.651)

0.723 (0.719-0.726)
0.740 (0.736-0.743)

0.838 (0.836-0.841)

0.829 (0.826-0.831)
0.802

Model Demo: age, gender, BMI and waist-hip ratio; Model CGM: Demo + CGM features; Model HbA |.: Demo + CGM + HbA ..
PROC AUC: area under the receiver operating characteristic curve.

°LR: logistic regression.

dSVM: support vector machine.
®CGM: continuous glucose monitoring.
fHbA |: glycated hemoglobin.

Enhancing Prediction Efficacy Through
the 2-Step Approach

We extended our analysis to assess whether stratifying the
population based on their HbA . levels could improve the
detection of prediabetes using a 2-step approach where
those with HbA . =5.7% were automatically categorized as
having prediabetes, thereby focusing the prediction capability
on those with HbA|. <5.7%. Overall, this 2-step approach
outperformed the benchmark for comparison using the
prediabetes cut-off defined by HbA|. =5.7%, and signifi-
cantly improved the predictive performance in the HbAi.
model of both algorithms where LRroc ayc increased from

https://diabetes.jmir.org/2026/1/e81520

0.838 to 0.866 and SVMRoc auc increased from 0.829 to
0.876 (Tables 2 and 3 and Figure 4). In the LR HbA[.
model, there was an increase in sensitivity from 73.6% to
75.7%, resulting in a net reduction of the misclassification
rate from 23.2% to 22.3%. A similar trend was also observed
when SVM was used (Tables 2 and 3). Interestingly, the
inclusion of the HbA{. value as a variable in the 2-step
approach did not improve the predictive performance in both
the LR (area under the receiver operating characteristic curve
[ROC AUC] of CGM: 0.872 vs ROC AUC of HbA.: 0.866)
and SVM (ROC AUC of CGM: 0.881 vs ROC AUC of
HbA|.: 0.876) models (Table 3). Assessment of predictive
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performance using the area under the precision recall curve
yielded a similar outcome (Table 3). Nonlinear models such
as random forest and Extreme Gradient Boosting were also
explored (Table S6 in Multimedia Appendix 1) but were not

Lee et al

superior in predictive performance compared to the LR and
SVM models in the 2-step approach (Table S7 in Multimedia
Appendix 1 vs Table 3). Thus, LR and SVM were chosen for
their ease of interpretability and clinical usability.

Table 3. Prediction accuracy of prediabetes, including misclassification rate, specificity, and sensitivity, for all data points within the testing sets.
This evaluation was conducted for model variants that used the 2-step prediction strategy and drew inference from all data points in the training
sets, irrespective of their glycated hemoglobin (HbA ;) levels. The data are presented as the mean and 95% confidence intervals, derived from 1000

random splits into training and testing sets.

Model? Misclassification (%)  Specificity (%) Sensitivity (%) ROC AUCP PRC AUCC
CGMY, mean (95% CI)
LR® 22.5(22.2-22.7) 744 (74.1-74.8) 81.1 (80.7-81.4) 0.872 (0.869-0.874) 0.893 (0.891-0.895)
svMmf 23.1(22.8-234) 72.7(72.3-73.1) 81.8 (81.4-82.2) 0.881 (0.879-0.883) 0.899 (0.897-0.901)
HbA |, mean (95% CI)
LR 22.3(22.0-225) 79.5(79.1-79.8) 75.7 (75.3-76.1) 0.866 (0.863-0.868) 0.889 (0.887-0.891)
SVM 219 (21.6-22.1) 77.9 (77.5-78.2) 78.4 (78.0-78.8) 0.876 (0.874-0.879) 0.898 (0.896-0.900)

Model Demo: age, gender, BMI, and waist-hip ratio; Model CGM: Demo + CGM features; Model HbAlc: Demo + CGM + HbAlc.

barea under the receiver operating characteristic curve.

Carea under the precision recall curve.
dCGM: continuous glucose monitoring.
°LR: logistic regression.

fSvm: support vector machine.
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Figure 4. The receiver operating characteristic and precision recall curves comparing the original model HbA . with the 2-step approach utilizing
logistic regression or support vector machine as the classification algorithm. HbA . =5.7% cut-off to classify prediabetes was used as the benchmark

for comparison. CGM: continuous glucose monitoring; HbA.: glycated hemoglobin.
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To further assess the feasibility of using CGM data to
accurately identify individuals with prediabetes whose HbA |
were in the normoglycemic range, we next focused on
individuals with HbA . levels <5.7% (n=292) and compared
the prediction outcomes for this subpopulation. We set the
benchmark for comparison using the prediabetes cut-off
defined by HbA (. =5.7%, resulting in a specificity of 100%,
sensitivity of 0%, and a misclassification rate of 25.7%. The

Support vector machine

I [ I [
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= HbA,. model (Demo + CGM + HbA,,)
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Recall

ROC AUC and area under the precision recall curve values
of the models were significantly higher than 0.5 and the
test results yielded a slightly higher misclassification rate
of 30%-32%, a lower specificity of 73%-80%, but a much
higher sensitivity rate of 40%-54% compared to the bench-
mark. SVM was slightly superior to LR in overall predictive
performance and the omission of HbA . value as a variable
resulted in a better model performance (Table 4).

Table 4. Prediction accuracy, including misclassification rates, specificity, and sensitivity, for those in the testing sets with glycated hemoglobin
(HbA () <5.7%. This evaluation was conducted for model variants that utilized the 2-step prediction strategy and drew inference from all data points
in the training sets, irrespective of their HbA1 levels. The data are presented as the mean and 95% confidence intervals, derived from 1000 random
splits into training and testing sets.

Misclassification

Model? (%) Specificity (%) Sensitivity (%) ROC AUCP PRC AUC*

CGMY, mean (95% CI)
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Misclassification
Model? (%) Specificity (%) Sensitivity (%) ROC AUCP PRC AUC*
LR® 31.1(30.8-31.5) 744 (74.1-74.8) 52.6 (51.9-53.3) 0.679 (0.674-0.683)  0.655 (0.650-0.659)
svmf 32.0(31.6-32.3) 72.7 (72.3-73.1) 544 (53.7-55.1) 0.703 (0.698-0.707)  0.640 (0.636-0.645)
HbA |, mean (95% CI)
LR 30.8 (30.5-31.1) 79.5(79.1-79.8) 39.2 (38.5-39.9) 0.663 (0.659-0.668)  0.657 (0.652-0.661)
SVM 30.3 (30.0-30.6) 779 (77.5-78.2) 459 (45.2-46.6) 0.690 (0.686-0.695)  0.634 (0.629-0.638)
HbA | =5.7% cut-off (benchmark) 25.7 100 0 0 0

Model Demo: age, gender, BMI, and waist-hip ratio; Model CGM: Demo + CGM features; Model HbA |.: Demo + CGM + HbA .

barea under the receiver operating characteristic curve.

Carea under the precision recall curve.
dCGM: continuous glucose monitoring.
°LR: logistic regression.

fSVM: support vector machine.

Discussion

Our findings demonstrate that combining CGM data together
with HbA, greatly improved the sensitivity of detecting
prediabetes. The best strategy was a 2-step approach where
those with HbA . =5.7% were classified as having predia-
betes, and the model was then used to detect those with
prediabetes in the remaining population with HbA, <5.7%
(who, otherwise, would have been classified as normoglyce-
mic by HbAj; alone). In this study, if HbA{. alone was
used to detect presence of prediabetes, of those who had
HbA . <5.7%, 26% were prediabetic either by fasting and/or
2-hour plasma glucose, and would have been misclassified
as normoglycemic. We feel that the compromise of losing
specificity for a much higher sensitivity is a good strategy
for prediabetes screening, as it will increase the chances of
detecting those at risk of T2DM, while the false positives
will still benefit from a diabetes prevention program that
improves their lifestyle and diet choices. These findings can
be implemented in a clinical setting, where general practition-
ers are able to improve HbA.’s detection of prediabetes by
adding the CGM into their arsenal of screening tools.

Our model to identify prediabetes had a sensitivity of
81.8% and specificity of 72.7%, a performance comparable
to other CGM modeling studies. Acciaroli et al [14] reported
an 86% sensitivity in identifying those with impaired glucose
tolerance in a Caucasian population, while Kaufman et al
[15] reported an 86% sensitivity and a specificity of 71%-
78% in identifying those with prediabetes from a study in
India. Comparing the 2 classification algorithms employed in
our study, SVM performed slightly better than LR, and the
addition of HbA . as a variable greatly improved the CGM
model. This was as expected since HbA is, by definition,
one of the parameters for prediabetes classification in the
ADA criteria used in this study [18]. However, in the 2-step
approach where those with HbA. =5.7% were automati-
cally categorized as having prediabetes, further addition of
HbA|. as a variable was no longer beneficial to the CGM
model. While we performed robust internal validation through
repeated random subsampling to minimize overfitting, we
acknowledge this does not substitute for external validation in
independent cohorts. External validation would be needed to

https://diabetes.jmir.org/2026/1/e81520

assess generalizability to other Asian populations and health
care settings.

While the current consensus for time-in-range among
patients with diabetes is 3.9-10.0 mmol/L, there is an
emerging secondary measure, termed time-in-tight-range
of 3.9-7.8 mmol/L, which is believed to better represent
normoglycemia [22,23]. Nondiabetic participants of Western
descent have an average time-in-tight-range of 96%-97%
[24,25]. However, in a Chinese population, the correspond-
ing proportion was only 93% [26]. Moreover, it has been
reported that nondiabetic individuals have a nonnegligible
time spent in the hypoglycemic range of <3.9 mmol/L,
calling to question whether the 3.9 mmol/L cut-off is relevant
in persons without diabetes [24,26,27]. In our population,
the amount of time spent in <3.9 mmol/L was 2.9% with
the range almost exclusively in 3.0-3.9 mmol/L. While we
acknowledge that there have been reports of the Freestyle
Libre CGM sensor underperforming in the hypoglycemic
range [28], reducing the lower bound cut-off from 3.9 to
3.0 mmol/L supports the current recommendation of using
30 mmol/L to define clinically important hypoglycemia
instead [22]. Hence, our recommended target time-in-range
was 3.0-7.8 mmol/L, which captured an average of 96.3%
of time spent in this glucose range in an Asian nondiabetic
population.

As the CGM provides real-time biofeedback to the user,
monitoring with the CGM would serve a dual purpose of
diagnosis and motivation for individuals to engage in healthy
lifestyle behaviors, which in turn could improve glucose
control. For prediabetic individuals, the use of CGM would
be highly useful, as lifestyle modifications may be even more
effective in reducing T2DM risk than metformin therapy
(Diabetes Prevention Program) [29]. A short 10-day CGM
along with exposure to activity and dietary insights, even
without any specific dietary recommendations, was sufficient
to significantly improve the time-in-range (3.0-7.8 mmol/L)
in nondiabetic individuals [30]. However, we acknowledge
that we did not assess behavioral changes of the partici-
pants in this study and this claim would require prospective
validation. In recent times, there is an increasing accepta-
bility of CGM among the public even in the absence of
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diabetes [31], rating it useful to improving their lifestyle
[27]. Furthermore, CGM may represent a more acceptable
alternative for diabetes screening than the current gold-stand-
ard OGTT. In a gestational diabetes screening study, the
pregnant participants perceived CGM as significantly more
acceptable than the OGTT [32].

The main strengths of our study are the substantial sample
size (for a clinical study) in which the major Asian groups of
East, South, and Southeast Asia were represented, and the
OGTT in addition with HbA;. were performed to accu-
rately determine the participant’s glycemic status. However,
because the numbers of participants from other ethnicities
such as Malay and Indian were low, we could not perform
a subpopulation analysis to investigate whether the accuracy
of the algorithm was affected by ethnicity. One limitation
from our study design is that participants were not blinded
to their own CGM data, which may have promoted health-
ier behaviors and improved their glucose profiles over the
course of the recording period. Thus, the CGM profile may
less accurately reflect the glycemic status from the OGTT
and HbA . tests performed earlier (within 3 months). Our
study population also did not include those with more severe
hyperglycemia, that is, T2DM, hence it cannot provide a
comprehensive discrimination between the varying degrees of
glucose dysregulation and the possibility of detecting T2DM
at the early stage of the disease. Lastly, while our study

Lee et al

reported a prevalence of prediabetes at 47%, this is only
3%=-9% higher than other Asian studies with a Chinese-major-
ity population, ranging from 38%-44% [33,34]. For Yue et al
[34] in particular, while their population demographics was
approximately 10 years older than our study, their criteria
for prediabetes only included impaired fasting glucose and
HbA . 5.7%-6.4%, while the impaired glucose tolerance was
not taken into consideration; hence, the true prevalence for
that study would have been higher than 44%. A single CGM
assessment of 12 to 14 days in this cross-sectional study was
sufficient to obtain adequate representation of the glucose
variability that was distinguishable between the normoglyce-
mia and prediabetes groups in this cohort. However, as CGM
patterns may vary with seasonal changes, dietary patterns,
or life circumstances, which a single assessment may not
capture, future longitudinal work could examine whether
repeated CGM assessments improve risk stratification or
predict progression from prediabetes to T2DM.

In conclusion, the addition of CGM to HbA|. in a 2-step
approach, using either LR or SVM, greatly improved the
sensitivity of detecting those at risk of T2DM in an Asian
population. Given the benefits of the CGM to optimize
lifestyle behaviors and its growing interest and acceptability
among the nondiabetic population, CGM is an increasingly
promising alternative to the classic OGTT for screening
individuals at risk for T2DM in clinical practice.

Acknowledgments

The authors express their heartfelt thanks to the following: study participants for their participation, the Assessing the
Progression to Type-2 Diabetes (APT-2D) study team for participant recruitment and conducting the clinical procedures, the
Investigational Medicine Unit and Outpatient Parenteral Antibiotic Therapy unit of the National University Hospital for the
usage of the clinical facilities, Saw Swee Hock School of Public Health of the National University of Singapore, and the
National University Health System Regional Health System for their assistance in participant recruitment.

Funding

This work was supported by the National Medical Research Council (NMRC), Ministry of Health (MOH) Industry Alignment
Fund [NMRC/MOHIAFCat1/0048/2016] and Janssen Pharmaceuticals Inc. (USA). In-kind contributions were supported by
the National University Hospital (NUH) and the National University of Singapore (NUS). The funders had no role in the
writing of the manuscript or the decision to submit it for publication. The funders had no role in the data collection, analysis
or interpretation, 24 trial design or participant recruitment. The authors were not paid to write this article by a pharmaceutical
company or any other agency. All authors had full access to the full data in the study and accept responsibility to submit for
publication.

Data Availability

The data are not publicly available due to ethical restrictions but can be made available upon reasonable request with the
submission of an appropriate research plan, and pending approval by the corresponding and senior authors.

Authors’ Contributions

MHL, ML and SAT were involved in the study design, MHL, ML, EF and SAT were involved in the conduct of the study
and data collection. SJ and ARC performed the prediction modellingmodeling, MHL, SJ and EF drafted the manuscript. All
authors were responsible for the data interpretation, critical review and intellectual input, and approving the final version of
the manuscript. MHL and SJ are the guarantors of this work and, as such, had full access to all the data in the study and takes
responsibility for the integrity of the data and the accuracy of the data analysis. Michelle H. Lee and Shihui Jin are co-first
authors and contributed equally to the manuscript.

Conflicts of Interest

SAT is a board member and shareholder in NOVI Health (Singapore); has served on the advisory board for Novo Nordisk,
Eli Lilly, Janssen, Boehringer-Ingelheim, Merck, Abbott and Astra Zeneca; is a member of the speaker’s bureau for Eli
Lilly, Boehringer-Ingelheim, DKSH, Merck, Abbott and Astra Zeneca; has received research support from Janssen, Merck

https://diabetes.jmir.org/2026/1/e81520 JMIR Diabetes 2026 | vol. 11 181520 I p. 11

(page number not for citation purposes)


https://diabetes.jmir.org/2026/1/e81520

JMIR DIABETES Leeetal

and National Medical Research Council (NMRC), Singapore. MHL is an employee in NOVI Health (Singapore). APSK

has received research grants and/or speaker honoraria from Abbott, Astra Zeneca, Bayer, Boehringer Ingelheim, Dexcom,
Eli-Lilly, Kyowa Kirin, Merck Serono, Nestle, Novo-Nordisk, Pfizer and Sanofi. The remaining authors have no conflicts of
interest to declare that are relevant to the content of this article. We recognize that financial relationships with continuous
glucose monitor (CGM) manufacturers could theoretically influence study design or interpretation. To address this concern, we
used gold-standard American Diabetes Association (ADA) criteria as our reference standard, followed pre-specified analytical
protocols, and included co-authors without industry relationships in all critical analytical and interpretive decisions.

Multimedia Appendix 1

Supplementary methods and results.
[DOCX File (Microsoft Word File), 386 KB-Multimedia Appendix 1]

References

1. Diabetes Control and Complications Trial Research Group, Nathan DM, Genuth S, et al. The effect of intensive
treatment of diabetes on the development and progression of long-term complications in insulin-dependent diabetes
mellitus. N Engl J Med. Sep 30, 1993;329(14):977-986. [doi: 10.1056/NEJM199309303291401] [Medline: 8366922]

2. Intensive blood-glucose control with sulphonylureas or insulin compared with conventional treatment and risk of
complications in patients with type 2 diabetes (UKPDS 33). UK Prospective Diabetes Study (UKPDS) Group. Lancet.
Sep 12, 1998;352(9131):837-853. [doi: 10.1016/S0140-6736(98)07019-6] [Medline: 9742976]

3.  Gillery P. A history of HbAlc through Clinical Chemistry and Laboratory Medicine. Clin Chem Lab Med. Jan
2013;51(1):65-74. [doi: 10.1515/cclm-2012-0548] [Medline: 22992284]

4. American Diabetes Association. Diagnosis and classification of diabetes mellitus. Diabetes Care. Jan 2010;33 Suppl
1(Suppl 1):S62-9. [doi: 10.2337/dc10-S062] [Medline: 20042775]

5. Kodama S, Horikawa C, Fujihara K, et al. Use of high-normal levels of haemoglobin A(1C) and fasting plasma glucose
for diabetes screening and for prediction: a meta-analysis. Diabetes Metab Res Rev. Nov 2013;29(8):680-692. [doi: 10.
1002/dmrr.2445] [Medline: 23963843]

6.  Guo F, Moellering DR, Garvey WT. Use of HbA lc for diagnoses of diabetes and prediabetes: comparison with
diagnoses based on fasting and 2-hr glucose values and effects of gender, race, and age. Metab Syndr Relat Disord. Jun
2014;12(5):258-268. [doi: 10.1089/met.2013.0128] [Medline: 24512556]

7.  Sinha N, Mishra TK, Singh T, Gupta N. Effect of iron deficiency anemia on hemoglobin Alc levels. Ann Lab Med. Jan
2012;32(1):17-22. [doi: 10.3343/alm.2012.32.1.17] [Medline: 22259774]

8. Bergenstal RM, Gal RL, Connor CG, et al. Racial differences in the relationship of glucose concentrations and
hemoglobin Alc levels. Ann Intern Med. Jul 18, 2017;167(2):95-102. [doi: 10.7326/M16-2596] [Medline: 28605777]

9.  Olczuk D, Priefer R. A history of continuous glucose monitors (CGMs) in self-monitoring of diabetes mellitus. Diabetes
Metab Syndr. 2018;12(2):181-187. [doi: 10.1016/j.dsx.2017.09.005] [Medline: 28967612]

10. Holzer R, Bloch W, Brinkmann C. Continuous glucose monitoring in healthy adults-possible applications in health care,
wellness, and sports. Sensors (Basel). Mar 5, 2022;22(5):2030. [doi: 10.3390/s22052030] [Medline: 35271177]

11. Lalani B, Herur R, Zade D, et al. Applications of artificial intelligence and machine learning in prediabetes: a scoping
review. J Diabetes Sci Technol. Jul 8, 2025;8:19322968251351995. [doi: 10.1177/19322968251351995] [Medline:
40626375]

12. Hall H, Perelman D, Breschi A, et al. Glucotypes reveal new patterns of glucose dysregulation. PLoS Biol. Jul
2018;16(7):¢2005143. [doi: 10.1371/journal.pbio.2005143] [Medline: 30040822]
13. Mao Y, Tan KXQ, Seng A, Wong P, Toh SA, Cook AR. Stratification of patients with diabetes using continuous glucose

monitoring profiles and machine learning. Health Data Sci. 2022;2022:9892340. [doi: 10.34133/2022/9892340]
[Medline: 38487483]

14.  Acciaroli G, Sparacino G, Hakaste L, et al. Diabetes and prediabetes classification using glycemic variability indices
from continuous glucose monitoring data. J Diabetes Sci Technol. Jan 2018;12(1):105-113. [doi: 10.1177/
1932296817710478] [Medline: 28569077]

15. Kaufman JM, van Veen L, Fossat Y. Screening for impaired glucose homeostasis: a novel metric of glycemic control.
Mayo Clin Proc Digit Health. Jun 2023;1(2):189-200. [doi: 10.1016/j.mcpdig.2023.02.008] [Medline: 40206722]

16. Cichosz SL, Kronborg T, Laugesen E, et al. From stability to variability: classification of healthy individuals,
prediabetes, and type 2 diabetes using glycemic variability indices from continuous glucose monitoring data. Diabetes
Technol Ther. Jan 2025;27(1):34-44. [doi: 10.1089/dia.2024.0226] [Medline: 39115921]

17. Diabetes Atlas. 10th ed. International Diabetes Federation; 2021.

https://diabetes jmir.org/2026/1/¢81520 JMIR Diabetes 2026 | vol. 111e81520 | p. 12
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=diabetes_v11i1e81520_app1.docx
https://jmir.org/api/download?alt_name=diabetes_v11i1e81520_app1.docx
https://doi.org/10.1056/NEJM199309303291401
http://www.ncbi.nlm.nih.gov/pubmed/8366922
https://doi.org/10.1016/S0140-6736(98)07019-6
http://www.ncbi.nlm.nih.gov/pubmed/9742976
https://doi.org/10.1515/cclm-2012-0548
http://www.ncbi.nlm.nih.gov/pubmed/22992284
https://doi.org/10.2337/dc10-S062
http://www.ncbi.nlm.nih.gov/pubmed/20042775
https://doi.org/10.1002/dmrr.2445
https://doi.org/10.1002/dmrr.2445
http://www.ncbi.nlm.nih.gov/pubmed/23963843
https://doi.org/10.1089/met.2013.0128
http://www.ncbi.nlm.nih.gov/pubmed/24512556
https://doi.org/10.3343/alm.2012.32.1.17
http://www.ncbi.nlm.nih.gov/pubmed/22259774
https://doi.org/10.7326/M16-2596
http://www.ncbi.nlm.nih.gov/pubmed/28605777
https://doi.org/10.1016/j.dsx.2017.09.005
http://www.ncbi.nlm.nih.gov/pubmed/28967612
https://doi.org/10.3390/s22052030
http://www.ncbi.nlm.nih.gov/pubmed/35271177
https://doi.org/10.1177/19322968251351995
http://www.ncbi.nlm.nih.gov/pubmed/40626375
https://doi.org/10.1371/journal.pbio.2005143
http://www.ncbi.nlm.nih.gov/pubmed/30040822
https://doi.org/10.34133/2022/9892340
http://www.ncbi.nlm.nih.gov/pubmed/38487483
https://doi.org/10.1177/1932296817710478
https://doi.org/10.1177/1932296817710478
http://www.ncbi.nlm.nih.gov/pubmed/28569077
https://doi.org/10.1016/j.mcpdig.2023.02.008
http://www.ncbi.nlm.nih.gov/pubmed/40206722
https://doi.org/10.1089/dia.2024.0226
http://www.ncbi.nlm.nih.gov/pubmed/39115921
https://diabetes.jmir.org/2026/1/e81520

JMIR DIABETES Leeetal

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

American Diabetes Association Professional Practice Committee. 2. Classification and Diagnosis of Diabetes: Standards
of Medical Care in Diabetes-2022. Diabetes Care. Jan 1, 2022;45(Suppl 1):S17-S38. [doi: 10.2337/dc22-S002] [Medline:
34964875

Nanditha A, Ma RCW, Ramachandran A, et al. Diabetes in Asia and the Pacific: implications for the global epidemic.
Diabetes Care. Mar 2016;39(3):472-485. [doi: 10.2337/dc15-1536] [Medline: 26908931]

Magkos F, Lee MH, Lim M, et al. Dynamic assessment of insulin secretion and insulin resistance in Asians with
prediabetes. Metab Clin Exp. Mar 2022;128:154957. [doi: 10.1016/j.metabol.2021.154957] [Medline: 34942192]
WHO Expert Consultation. Appropriate body-mass index for Asian populations and its implications for policy and
intervention strategies. Lancet. Jan 10, 2004;363(9403):157-163. [doi: 10.1016/S0140-6736(03)15268-3] [Medline:
14726171]

Battelino T, Alexander CM, Amiel SA, et al. Continuous glucose monitoring and metrics for clinical trials: an
international consensus statement. Lancet Diabetes Endocrinol. Jan 2023;11(1):42-57. [doi: 10.1016/S2213-
8587(22)00319-9] [Medline: 36493795]

Passanisi S, Piona C, Salzano G, et al. Aiming for the best glycemic control beyond time in range: time in tight range as
a new continuous glucose monitoring metric in children and adolescents with type 1 diabetes using different treatment
modalities. Diabetes Technol Ther. Mar 2024;26(3):161-166. [doi: 10.1089/dia.2023.0373] [Medline: 37902743]

Shah VN, DuBose SN, Li Z, et al. Continuous glucose monitoring profiles in healthy nondiabetic participants: a
multicenter prospective study. J Clin Endocrinol Metab. Oct 1,2019;104(10):4356-4364. [doi: 10.1210/jc.2018-02763]
[Medline: 31127824]

Rodriguez-Segade S, Rodriguez J, Camifia F, et al. Continuous glucose monitoring is more sensitive than HbAlc and
fasting glucose in detecting dysglycaemia in a Spanish population without diabetes. Diabetes Res Clin Pract. Aug
2018;142:100-109. [doi: 10.1016/j.diabres.2018.05.026] [Medline: 29807103]

Zhou J, Li H, Ran X, et al. Reference values for continuous glucose monitoring in Chinese subjects. Diabetes Care. Jul
2009;32(7):1188-1193. [doi: 10.2337/dc09-0076] [Medline: 19389816]

Sofizadeh S, Pehrsson A, Olafsdéttir AF, Lind M. Evaluation of reference metrics for continuous glucose monitoring in
persons without diabetes and prediabetes. J Diabetes Sci Technol. Mar 2022;16(2):373-382. [doi: 10.1177/
1932296820965599] [Medline: 33100059]

Zhou Y, Mai X, Deng H, et al. Discrepancies in glycemic metrics derived from different continuous glucose monitoring
systems in adult patients with type 1 diabetes mellitus. J Diabetes. Jul 2022;14(7):476-484. [doi: 10.1111/1753-0407.
13296] [Medline: 35864804]

Knowler WC, Barrett-Connor E, Fowler SE, et al. Reduction in the incidence of type 2 diabetes with lifestyle
intervention or metformin. N Engl J Med. Feb 7, 2002;346(6):393-403. [doi: 10.1056/NEJMoa012512] [Medline:
11832527]

Dehghani Zahedani A, Shariat Torbaghan S, Rahili S, et al. Improvement in glucose regulation using a digital tracker
and continuous glucose monitoring in healthy adults and those with type 2 diabetes. Diabetes Ther. Jul
2021;12(7):1871-1886. [doi: 10.1007/s13300-021-01081-3] [Medline: 34047962]

Liao Y, Schembre S. Acceptability of continuous glucose monitoring in free-living healthy individuals: implications for
the use of wearable biosensors in diet and physical activity research. JIMIR Mhealth Uhealth. Oct 24,2018;6(10):e11181.
[doi: 10.2196/11181] [Medline: 30355561]

Di Filippo D, Henry A, Bell C, et al. A new continuous glucose monitor for the diagnosis of gestational diabetes
mellitus: a pilot study. BMC Pregnancy Childbirth. Mar 18, 2023;23(1):186. [doi: 10.1186/s12884-023-05496-7]
[Medline: 36932353]

Wang L, Peng W, Zhao Z, et al. Prevalence and treatment of diabetes in China, 2013-2018. JAMA. Dec 28,
2021;326(24):2498-2506. [doi: 10.1001/jama.2021.22208] [Medline: 34962526]

Yue L, Tian Y, Ma M, et al. Prevalence of prediabetes and risk of CVD mortality in individuals with prediabetes alone or
plus hypertension in Northeast China: insight from a population based cohort study. BMC Public Health. Feb 15,
2024;24(1):475. [doi: 10.1186/s12889-024-17996-y] [Medline: 38360567]

Abbreviations

ADA: American Diabetes Association

APT-2D: Assessing the Progression to Type-2 Diabetes

CGM: continuous glucose monitoring

CGM-APT2D: Continuous Glucose Monitoring to Assess Glucose Dysregulation in Progression to Type-2 Diabetes
HbA 1.: glycated hemoglobin

LR: logistic regression

OGTT: oral glucose tolerance test

https://diabetes.jmir.org/2026/1/e81520 JMIR Diabetes 2026 | vol. 11 181520 | p. 13

(page number not for citation purposes)


https://doi.org/10.2337/dc22-S002
http://www.ncbi.nlm.nih.gov/pubmed/34964875
https://doi.org/10.2337/dc15-1536
http://www.ncbi.nlm.nih.gov/pubmed/26908931
https://doi.org/10.1016/j.metabol.2021.154957
http://www.ncbi.nlm.nih.gov/pubmed/34942192
https://doi.org/10.1016/S0140-6736(03)15268-3
http://www.ncbi.nlm.nih.gov/pubmed/14726171
https://doi.org/10.1016/S2213-8587(22)00319-9
https://doi.org/10.1016/S2213-8587(22)00319-9
http://www.ncbi.nlm.nih.gov/pubmed/36493795
https://doi.org/10.1089/dia.2023.0373
http://www.ncbi.nlm.nih.gov/pubmed/37902743
https://doi.org/10.1210/jc.2018-02763
http://www.ncbi.nlm.nih.gov/pubmed/31127824
https://doi.org/10.1016/j.diabres.2018.05.026
http://www.ncbi.nlm.nih.gov/pubmed/29807103
https://doi.org/10.2337/dc09-0076
http://www.ncbi.nlm.nih.gov/pubmed/19389816
https://doi.org/10.1177/1932296820965599
https://doi.org/10.1177/1932296820965599
http://www.ncbi.nlm.nih.gov/pubmed/33100059
https://doi.org/10.1111/1753-0407.13296
https://doi.org/10.1111/1753-0407.13296
http://www.ncbi.nlm.nih.gov/pubmed/35864804
https://doi.org/10.1056/NEJMoa012512
http://www.ncbi.nlm.nih.gov/pubmed/11832527
https://doi.org/10.1007/s13300-021-01081-3
http://www.ncbi.nlm.nih.gov/pubmed/34047962
https://doi.org/10.2196/11181
http://www.ncbi.nlm.nih.gov/pubmed/30355561
https://doi.org/10.1186/s12884-023-05496-7
http://www.ncbi.nlm.nih.gov/pubmed/36932353
https://doi.org/10.1001/jama.2021.22208
http://www.ncbi.nlm.nih.gov/pubmed/34962526
https://doi.org/10.1186/s12889-024-17996-y
http://www.ncbi.nlm.nih.gov/pubmed/38360567
https://diabetes.jmir.org/2026/1/e81520

JMIR DIABETES Leeetal

ROC AUC: area under the receiver operating characteristic curve
SVM: support vector machine
T2DM: type 2 diabetes mellitus

Edited by Ivan Steenstra; peer-reviewed by Gilbert Lim, Massoud Amini; submitted 30.Jul.2025; final revised version
received 09.Mar.2026; accepted 11.Mar.2026; published 27 Apr.2026

Please cite as:

Lee MH, Jin S, Febriana E, Lim M, Baig S, Ali SH, Ang IYH, Loh TP, Nastar A, Chia KS, Kong APS, Magkos F, Cook AR,
Toh SA

Integration of Continuous Glucose Monitoring With HbAj. to Improve the Detection of Prediabetes in Asian Individuals:
Model Development Study

JMIR Diabetes 2026,11:e81520

URL: hitps://diabetes jmir.org/2026/1/e81520

doi: 10.2196/81520

© Michelle H Lee, Shihui Jin, Eveline Febriana, Maybritte Lim, Sonia Baig, Shahmir H Ali, Ian Yi Han Ang, Tze Ping Loh,
Ashna Nastar, Kee Seng Chia, Alice Pik-Shan Kong, Faidon Magkos, Alex R Cook, Sue-Anne Toh. Originally published
in JMIR Diabetes (https://diabetes.jmir.org), 27.Apr.2026. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in JMIR Diabetes, is properly cited.
The complete bibliographic information, a link to the original publication on https://diabetes.jmir.org/, as well as this copyright
and license information must be included.

https://diabetes.jmir.org/2026/1/e81520 JMIR Diabetes 2026 | vol. 11 181520 | p. 14
(page number not for citation purposes)


https://diabetes.jmir.org/2026/1/e81520
https://doi.org/10.2196/81520
https://diabetes.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://diabetes.jmir.org/
https://diabetes.jmir.org/2026/1/e81520

	Integration of Continuous Glucose Monitoring With HbA1c to Improve the Detection of Prediabetes in Asian Individuals: Model Development Study
	Introduction
	Methods
	Study Participants
	Ethical Considerations
	Experimental Procedures
	Sample Analysis
	Data and Statistical Analyses

	Results
	Participant Demographics and Baseline Clinical and CGM Measurements
	Feasibility of Diagnosing Prediabetes Utilizing CGM Features
	Enhancing Prediction Efficacy Through the 2-Step Approach

	Discussion


