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Background: The rising global incidence of type 2 diabetes mellitus (T2DM) underscores the need for predictive models that en-
hance early detection and prevention across diverse populations. This study aimed to identify predictors of incident T2DM within 
a Han Chinese population, assess their impact across various age and sex demographics, and explore their applicability to Euro-
pean populations. 
Methods: Using data from about 65,000 participants in the Taiwan Biobank (TWB), we developed a predictive model, achieving 
an area under the receiver operating characteristic curve of 90.58%. Key predictors were identified through LASSO regression 
within the TWB cohort and validated using over 4 million records from Taiwan’s Adult Preventive Healthcare Services (APHS) 
program and the UK Biobank (UKB). 
Results: Our analysis highlighted 13 significant predictors, including established factors like glycosylated hemoglobin (HbA1c) 
and blood glucose levels, and less conventionally considered variables such as peak expiratory flow. Notable differences in the ef-
fects of HbA1c levels and polygenic risk scores between the TWB and UKB cohorts were observed. Additionally, age and sex-spe-
cific impacts of these predictors, detailed through APHS data, revealed significant variances; for instance, waist circumference 
and diagnosed mixed hyperlipidemia showed greater impacts in younger females than in males, while effects remained uniform 
across male age groups. 
Conclusion: Our findings offer novel insights into the diagnosis and management of diabetes for the Han Chinese and potentially 
for broader East Asian populations, highlighting the importance of ethnic and demographic diversity in developing predictive 
models for early detection and personalized intervention strategies.
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INTRODUCTION

The escalating global prevalence of type 2 diabetes mellitus 
(T2DM) has intensified the search for effective early detection 
and prevention strategies [1]. As a complex metabolic disorder 
influenced by a combination of genetic, environmental, and life-

style factors, T2DM presents significant challenges in risk pre-
diction and management [2]. Research has demonstrated the 
efficacy of lifestyle and pharmaceutical interventions in miti-
gating or postponing the onset of T2DM among high-risk 
groups, as demonstrated through randomized trials [3,4]. 
Nonetheless, while these interventions are crucial at a popula-
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tion level, there remains a gap in reaching high-risk individuals 
who may need more intensive, resource-heavy intervention 
approaches. The success in pinpointing to these individuals 
depends on the precision of risk models to accurately classify 
them as high risk [5].

Recent advancements in risk prediction models have signifi-
cantly improved our ability to identify both prevalent and inci-
dent T2DM. These models range from traditional regression-
based approaches to more sophisticated, computationally in-
tensive artificial intelligence techniques [6,7]. These models 
vary in their strategies of selecting risk factors: some rely solely 
on non-invasive predictors like family history, body mass in-
dex (BMI), age, and sex for a broader, more accessible screen-
ing strategy [8-10]. In contrast, others incorporate biomarkers 
such as fasting glucose, cholesterol levels, and polygenic risk 
scores (PRS) to refine and increase their predictive accuracy, 
aiming for a more precise identification of T2DM risk [11-13]. 

Despite the growth of T2DM risk prediction models, chal-
lenges remain in their generalizability and predictive perfor-
mance across varied ethnic backgrounds. Research indicates 
that various ethnic groups have unique biological, environ-
mental, and lifestyle risk profiles for T2DM development [14-
16]. Moreover, within the same population, the impact of risk 
factors can vary across different age and sex groups. For in-
stance, while the influence of metabolic risk factors such as 
obesity, prediabetes, and hyperlipidemia tends to decrease with 
age, lifestyle elements like sleep duration can exert more pro-
nounced effects in older individuals [17]. Acknowledging 
these ethnic, age, and sex differences is crucial for crafting per-
sonalized approaches in the primary prevention and manage-
ment of diabetes, underscoring the need for models that reflect 
the diversity of patient populations.

This study leverages data from the Taiwan Biobank (TWB), 
enriched with a broad range of predictive variables, to identify 
and incorporate risk factors into a comprehensive model for 
predicting the onset of T2DM. By comparing the effectiveness 
of this model with data from the UK Biobank (UKB), our re-
search seeks to evaluate the consistency of predictive factors 
across different ethnic groups. Significantly, the influence of 
these selected risk factors was also examined in a separate da-
taset from the Adult Preventive Healthcare Services (APHS) 
program in Taiwan, which includes over 4 million individuals. 
These individuals were categorized into 10 age groups, ranging 
from 40 to over 85 years, with a 5-year increment, and ana-
lyzed separately for males and females. This extensive analysis 

of risk factor effects across different demographics offers novel 
insights into diabetes management for the Han Chinese and, 
by extension, potentially for East Asian populations.

METHODS

Study populations
Our study populations were derived from three significant 
sources: the TWB, the UKB, and the Taiwan Health Promotion 
Administration’s APHS program. Initiated in 2008, TWB has 
enrolled over 150,000 individuals aged more than 20 years from 
Taiwan [18]. These participants provided comprehensive infor-
mation through questionnaires detailing their health status and 
family disease history. They also underwent extensive health 
checks, including physical examinations and blood and urine 
analyses at the time of recruitment. Of these participants, ap-
proximately 115,000 underwent genotyping using genome-wide 
association study single nucleotide polymorphism arrays. Sub-
sequently, their data were linked with their medical records from 
the National Health Insurance Research Database (NHIRD), 
spanning from 2009 to 2020. The NHIRD is a rich resource 
containing comprehensive medical records and expenditure 
claims from various healthcare services, including outpatient, 
inpatient, and ambulatory care, as well as pharmacy data for 
reimbursement purposes. We extracted data on diagnosis (us-
ing International Classification of Diseases, 9th Revision [ICD-
9] and ICD-10 codes) related to outpatient, ambulatory, and 
inpatient services both 3 years prior to and following their re-
cruitment into the study. 

The UKB is a large-scale biomedical database and research 
resource, representing one of the most comprehensive health 
initiatives undertaken in the UK. Established in 2006, it en-
compasses detailed genetic and health information from over 
500,000 volunteer participants aged between 40 and 69 years at 
the time of recruitment. Its goal is to facilitate research into the 
roles of genetic, environmental, and lifestyle factors in disease 
development. Participants have provided a wealth of data, in-
cluding blood samples, genetic profiles, detailed medical histo-
ries, and regular updates on their health status [19]. 

Lastly, the Taiwan Health Promotion Administration offers 
an APHS program, targeting individuals aged 40 to 65 for a 
health checkup every 3 years, and annually for those over 65. 
The services include questionnaires, physical examinations, 
and laboratory tests. From 2013 to 2018, we obtained APHS 
data on over 4 million individuals, ensuring there was no over-
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lap for the same individual across the studied years. This datas-
et was subsequently linked to the participants’ medical records 
in the NHIRD, from which diagnosis information was extract-
ed for 3 years before and another 3 years after their enrollment 
into the APHS program, mirroring the approach taken with 
the TWB cohort. More details about the quality control proce-
dures in the three study cohorts are provided in the Supple-
mentary Methods.

Outcome definitions
To ensure our study accurately identified new cases of T2DM, 
we excluded individuals who already had diabetes at the time 
of recruitment from all study cohorts. This exclusion applied 
to those with self-reported diabetes, a medical history indicat-
ing diabetes, or elevated glucose levels from initial blood tests, 
effectively removing cases of prevalent T2DM and allowing for 
the focus on incident T2DM. Detailed specifications regarding 
these exclusion parameters are elaborated in the Supplementa-
ry Methods. 

For the TWB cohort, we defined the incident T2DM within 
a 3-year post-recruitment window, requiring a minimum of 
three outpatient diabetes diagnoses or at least one diabetes-re-
lated hospitalization within a 365-day period, according to 
their ICD records [20]. This method ensured accurate identifi-
cation of incident T2DM cases, a protocol also applied to the 
APHS dataset to maintain outcome assessment consistency.

Regarding the UKB cohort, given the variability in the dura-
tion of ICD records accessible from general practitioner (GP) 
and inpatient data sources, we similarly defined the incidence 
of T2DM based on ICD codes within 3 years following partici-
pant recruitment. Additionally, data from three follow-up ques-
tionnaires were utilized to ascertain incident diabetes cases, 
thereby offering a comprehensive approach to identifying new 
onset T2DM within the study timeframe. More details about 
the definitions of incident T2DM in the TWB and UKB are 
also provided in the Supplementary Methods.

Prediction model construction in the Taiwan Biobank
The TWB, with its comprehensive collection of clinical fea-
tures including data from questionnaires, physical, and labora-
tory measurements, provided a more detailed dataset than the 
APHS dataset. This extensive dataset enabled the identification 
of significant predictors for the incidence of T2DM in the Han 
Chinese population. In addition, we incorporated the PRS for 
T2DM, calculated using the PRS-CSx algorithm [21]. To tackle 

the issue of missing data among our variables, we employed 
the mice package in R version  4.3.2 (R Foundation for Statisti-
cal Computing, Vienna, Austria) [22], which executes multi-
variate imputation by chained equations, ensuring a thorough 
approach to imputing missing data. More detailed explana-
tions for compiling the prediction features from the TWB are 
provided in the Supplementary Methods.

In constructing our prediction model, we allocated 80% of 
the samples to the training dataset and the remaining 20% to 
the testing dataset. This split resulted in 52,089 samples for 
training and 13,023 samples for testing. To pinpoint the most 
relevant features, we applied LASSO regression, selecting the 
optimal hyperparameter lambda through 10-fold cross-valida-
tion using the glmnet package in R. We adopted the lambda.1se 
criterion, which selects the most regularized model with the 
cross-validated error within one standard error of the mini-
mum, for feature selection. The features identified by LASSO 
regression were further evaluated using logistic regression 
within the training dataset. Only those features that surpassed 
the rigorous Bonferroni correction threshold were included in 
the final prediction model. We assessed the performance of our 
prediction model using the area under the receiver operating 
characteristic curve (AUC), which allowed us to measure the 
model’s accuracy in differentiating between individuals who 
would develop T2DM and those who would not.

Effects of the important features across different ethnicities 
and age and sex groups
We conducted a comparative analysis of the effects for key fea-
tures identified in the TWB against those derived from the 
UKB. This comparison aimed to explore the variations in the 
impact of these features on the incidence of T2DM across dif-
ferent ethnic groups. The effect sizes were calculated using lo-
gistic regression, incorporating the final set of features includ-
ed in our prediction model. Furthermore, the large sample size 
of the APHS dataset facilitated a detailed analysis of the effects 
for our predictive features across diverse age and sex demo-
graphics. The APHS cohort was divided by sex into male and 
female groups. Within each of these groups, we further catego-
rized samples based on age, with 5-year increments starting at 
age 40. Logistic regression analyses were then conducted with-
in each subgroup, employing the same set of features used in 
our primary prediction model, allowing for a nuanced under-
standing of how these factors influence T2DM risk across di-
verse demographic groups.
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Prediction model construction in the UK Biobank
We also used data from the UKB data to select significant fea-
tures and construct a prediction model, allowing us to com-
pare the selected features and model performance with those 
derived from the TWB. Detailed explanations for compiling 
the prediction features from the UKB are provided in the Sup-
plementary Methods. Similar to the process used for the TWB 
model, the UKB data were split into 80% of training and 20% 
of testing, followed by feature selection using LASSO and 
model construction via logistic regression. 

Ethics approval
Written informed consent for participants in the Taiwan Bio-
bank and UK Biobank studies was obtained from all partici-
pants. Research in this study was approved by the Institutional 
Review Board of the National Health Research Institutes in 
Taiwan (reference number: EC1091202-E).

RESULTS

Table 1 presents the demographic characteristics and health 
metrics of the samples from both the TWB and UKB, includ-
ing those stratified by age. The mean age at recruitment in the 
TWB (48.93 years) was notably younger than in the UKB 
(57.86 years), attributed to the TWB’s broader recruitment age 
range of 20 to 70 years, compared to the UKB’s focus on indi-
viduals aged 40 to 70 years. The incidence rate of T2DM within 
3 years post-recruitment was significantly higher in the TWB 
than in the UKB across the overall sample (3.81% vs. 1.37%), a 
pattern consistent across different age categories.

Moreover, while the TWB recorded fasting glucose levels, it 
showed higher average blood glucose and glycosylated hemo-
globin (HbA1c) levels compared to the UKB, which measured 
random glucose levels. This difference may contribute to the 
observed higher incidence of diabetes in the TWB. In contrast, 

Table 1. Characteristics of participant groups across all ages and by age stratification in the Taiwan and UK Biobanks

Characteristic
All <40 years 40–49 years 50–59 years 60–70 years

TWB UKB TWB TWB UKB TWB UKB TWB UKB

Sample sizea 65,112 (35.8) 86,484 (43.7) 19,409 (31.2) 15,225 (34.8) 15,534 (38.9) 17,391 (31.45) 27,508 (41.6) 13,087 (39.9) 43,442 (46.8)

Incident T2DM cases 2,485 (3.81) 1,187 (1.37) 301 (1.55) 402 (2.64) 121 (0.77) 885 (5.08) 325 (1.18) 897 (6.85) 741 (1.70)

Age, yr 48.93±10.77 57.86±7.73 34.77±2.87 44.93±2.60 45.20±2.70 55.01±2.55 54.97±2.88 63.80±2.80 64.21±2.84

BMI, kg/m2 24.02±3.68 27.55±4.67 24.01±4.26 24.12±3.72 27.32±5.12 23.85±3.35 27.69±4.88 24.02±3.21 27.54±4.36

WHR 0.86±0.06 0.87±0.09 0.83±0.06 0.85±0.06 0.85±0.09 0.86±0.06 0.87±0.09 0.88±0.06 0.88±0.09

Hypertension (self-reported) 6,068 (9.31) 26,761 (30.94) 434 (2.22) 813 (5.33) 2,402 (15.46) 2,091 (12.02) 7,676 (27.90) 2,730 (20.86) 16,683 (38.40)

Hyperlipidemia/High  
cholesterol (self-reported)b

3,596 (5.52) 12,354 (14.28) 313 (1.61) 486 (3.19) 609 (3.92) 1,295 (7.44) 2,864 (10.41) 1,502 (11.47) 8,881 (20.44)

Essential hypertension (ICD)c 3,141 (4.82) 6,028 (6.97) 222 (1.14) 363 (2.38) 444 (2.85) 1,112 (6.39) 1,559 (5.66) 1,444 (11.03) 4,025 (9.26)

Mixed hyperlipidemia (ICD)c 972 (1.49) 448 (0.51) 80 (0.41) 135 (0.88) 34 (0.21) 352 (2.02) 123 (0.44) 405 (3.09) 291 (0.66)

Fasting/random blood glucose, 
mg/dLd

93.04±12.09 90.03±13.24 89.50±9.79 92.08±11.49 87.26±12.35 94.95±13.99 89.37±12.62 96.10±11.09 91.44±13.72

HbA1c, % 5.62±0.48 5.40±2.60 5.46±0.41 5.56±0.45 5.20±2.50 5.71±0.52 5.30±2.50 5.75±0.45 5.40±2.60

SBP, mm Hg 118.51±17.74 139.15±19.27 110.82±14.02 115.17±15.98 129.15±16.43 120.99±17.25 136.83±18.17 129.16±18.77 144.09±19.22

DBP, mm Hg 73.16±11.06 82.65±10.45 70.08±10.37 72.91±11.39 81.35±10.76 74.61±10.99 83.42±10.47 75.26±10.58 82.63±10.28

Family history of diabetes 21,640 (33.23) 16,727 (19.34) 5,401 (27.8) 5,509 (36.18) 3,380 (21.75) 6,579 (37.82) 5,870 (21.33) 4,151 (31.71) 7,477 (17.21)

Total cholesterol, mg/dL 196.52±35.44 221.80±43.90 185.17±33.25 193.28±33.80 214.50±39.50 205.24±35.66 226.30±42.50 203.24±35.38 221.50±45.90

Triglycerides, mg/dL 111.96±87.33 155.10±87.90 100.60±91.84 112.57±86.45 145.70±95.90 119.17±92.27 156.50±91.00 115.03±71.05 157.60±82.50

LDL-C, mg/dL 122.08±31.60 138.60±33.50 114.67±30.63 120.10±31.04 134.20±31.00 127.71±31.69 142.00±32.60 126.35±31.22 138.10±34.60

HDL-C, mg/dL 54.93±13.38 56.30±14.60 54.27±13.01 54.45±13.20 54.60±13.80 55.90±13.74 56.80 ±14.80 55.15±13.50 56.70±14.70

PEF, L/sec 4.25±2.29 2.73±0.77 4.63±2.32 4.52±2.31 3.12±0.79 3.99±2.22 2.82±0.75 3.73±2.16 2.53±0.72

Values are presented as number (%) or mean±standard error.
TWB, Taiwan Biobank; UKB, UK Biobank; T2DM, type 2 diabetes mellitus; BMI, body mass index; WHR, waist-to-hip ratio; ICD, International Classification of 
Diseases; HbA1c, glycosylated hemoglobin; SBP, systolic blood pressure; DBP, diastolic blood pressure; LDL-C, low-density lipoprotein cholesterol; HDL-C, high-
density lipoprotein cholesterol; PEF, peak expiratory flow.
aTotal number and percentage of male participants, bHyperlipidemia for the TWB and high cholesterol for the UKB, cDiseases identified based on ICD codes in 
medical records, dFasting blood glucose for the TWB and random blood glucose for the UKB.
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mean BMI readings in the UKB exceeded those in the TWB 
across both the total and age-stratified samples, despite similar 
mean waist-to-hip ratio (WHR) values between the two co-
horts. Furthermore, the UKB reported higher percentages of 
self-reported hypertension and clinically diagnosed hyperten-
sion than the TWB. A greater proportion of UKB participants 
also reported high cholesterol levels compared to those in the 
TWB reporting hyperlipidemia, though the prevalence of clin-
ically diagnosed hyperlipidemia was greater in the TWB. No-
tably, a higher percentage of TWB participants had a family 
history of diabetes than those in the UKB. However, mean 
blood pressure and lipid levels were generally higher in the 
UKB than in the TWB, indicating variances in cardiovascular 
risk factors between the two populations.

Fig. 1 presents our analysis flowchart and summarizes the 
findings. For predictive modeling of T2DM, the TWB samples 
were used for feature selection and model training. The LASSO 
regression analysis conducted on the training data from the 
TWB successfully identified 16 features selected from 441 fea-
tures as potential predictors of incident T2DM over a 3-year 
period. Upon further analysis using logistic regression to joint-

ly evaluate these 16 features, 13 were found to have P values 
less than the adjusted threshold of 3.125E-03 (accounting for 
the multiple testing correction for 16 features). The beta esti-
mates along with their 95% confidence intervals (CI) for these 
13 statistically significant features are depicted in Fig. 2. 

Fig. 2 further explores the effects of the 13 features identi-
fied, comparing these with estimates from the UKB as outlined 
in the cross-ethnic comparison section of Fig. 1. Among these 
features, 11 consistently emerged as significant predictors in 
the UKB as well, with their effect sizes distinctly differing from 
zero. This uniform significance underscores their potential as 
reliable indicators of T2DM risk across diverse populations. 
However, exceptions were noted for self-reported hyperlipid-
emia and clinically diagnosed mixed hyperlipidemia, which 
were not significant in the UKB. Remarkably, the effect size at-
tributed to HbA1c levels presented a notable discrepancy be-
tween the cohorts, being significantly higher in the UKB (3.14) 
as compared to the TWB (2.55). Conversely, the effect size for 
blood glucose was higher in the TWB (0.61) than in the UKB 
(0.18). This difference likely reflects the measurement methods 
used: fasting glucose in the TWB, a more direct indicator of 

Fig. 1. Analysis flowchart and summary of findings. Predictive modeling linked the Taiwan Biobank to the National Health Insur-
ance Research Database (NHIRD), analyzing approximately 65,000 samples across 441 features. Data was divided into training 
(80%) and testing (20%) datasets. LASSO regression with 10-fold cross-validation identified 13 significant features from the train-
ing dataset, achieving an area under the receiver operating characteristic curve (AUC) of 90.58%. Cross-ethnic comparisons were 
conducted using data from the UK Biobank, linked with general practitioner (GP) and hospital inpatient records, covering about 
86,000 samples. Of the 13 features, 11 were significant in the UK Biobank, with eight showing similar effects and three showing dif-
ferent effects; two features were nonsignificant. Subgroup analysis utilized data from Taiwan’s Adult Preventive Healthcare Services 
(APHS) program, involving over 4.3 million samples, to assess feature effects across various age and sex groups. BMI, body mass 
index; SGPT, serum glutamate pyruvate transaminase; WHR, waist-to-hip ratio; HbA1c, glycosylated hemoglobin. 
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T2DM, versus random glucose in the UKB. Moreover, the PRS 
for T2DM exhibited a significantly larger effect size in the 
TWB (0.91) than in the UKB (0.23), suggesting differential ge-
netic influences on diabetes risk between the two populations. 
This nuanced analysis underscores the importance of consid-
ering both genetic and clinical factors in predicting diabetes 
risk, while also highlighting the potential variability in their 
impact across different ethnic groups.

Fig. 3 demonstrates the stepwise enhancement in the AUC 
values achieved by progressively integrating the 13 significant 
features identified from the TWB. These features were added 
to the predictive model in order of their significance, as deter-
mined by association P values from the TWB training dataset, 
with their prediction performance evaluated in both the TWB 
testing dataset and the entire UKB datasets. HbA1c levels and 
blood glucose concentrations emerged as the most significant 
predictors, standing first and second in terms of significance. 
Their inclusion in the predictive model yielded AUC percent-

ages of 88.00% for the TWB and 82.61% for the UKB, indicat-
ing robust predictive capabilities. The addition of peak expira-
tory flow (PEF) as the third most significant predictor further 
enhanced model performance, elevating the AUC to 88.99% in 
the TWB, though it offered a negligible improvement in the 
UKB, slightly enhancing the AUC to 82.62%. Interestingly, the 
PRS was identified as the fourth most significant feature in the 
TWB, outranking other traditional predictors such as age, 
WHR, and family history of diabetes. This underscores the 
growing importance of genetic factors in predicting diabetes 
risk. However, it’s noteworthy that the incremental AUC gains 
attributed to PRS and subsequent features were relatively mod-
est in both the TWB and UKB datasets.

Table 2 details the AUC values for the overall sample as well 
as for samples stratified by age groups in the TWB. For the 
overall sample, the model achieved an AUC of 90.58%. Nota-
bly, the AUC values displayed a trend of decline with increas-
ing age. This trend was highlighted by the highest AUC of 

Fig. 2. Comparison of the effect sizes of risk factors for type 2 diabetes mellitus incidence between the Taiwan and UK Biobanks. 
Note that variables such as blood glucose, peak expiratory flow (PEF), polygenic risk score (PRS), age, body mass index (BMI), 
triglycerides, and serum glutamate pyruvate transaminase (SGPT) have been standardized. HbA1c, glycosylated hemoglobin; 
ICD, International Classification of Diseases; WHR, waist-to-hip ratio; CI, confidence interval.
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92.11% observed in individuals under 40 years of age, and the 
lowest AUC of 83.62% found in the age group of 60 to 70 years. 
This diminishing AUC with advancing age can primarily be at-
tributed to a decrease in sensitivity, which dropped from 
82.60% in the <40 age group to 66.66% in the 60 to 70 age 
group. In contrast, specificity remained relatively stable across 
the age groups, ranging from 84.82% to 90.68%. This pattern 
suggests that while the model’s ability to correctly identify 
those without T2DM (specificity) remains high across ages, its 
ability to correctly identify those with T2DM (sensitivity) de-
creases as age increases.

For predictive modeling of T2DM in the UKB dataset, LAS-

SO regression was also applied to the training data, successful-
ly narrowing down 47 features from an initial pool of 18,300 as 
potential predictors for incident T2DM over a 3-year period. 
These selected features were further examined using logistic 
regression, which revealed that 12 of them had P values below 
the adjusted threshold of 1.063E-03, accounting for multiple 
testing corrections. The beta estimates and their 95% CI for 
these 11 statistically significant features are illustrated in Sup-
plementary Fig. 1. Among the features identified, several over-
lapped with those found using the TWB dataset, including 
HbA1c, glucose, PRS, family history of diabetes, BMI, serum 
glutamate pyruvate transaminase (SGPT), WHR, and predia-

Table 2. AUC values, sensitivity, and specificity of the prediction model in the Taiwan Biobank testing dataset

Variable AUC Sensitivity Specificity

Overall 90.58 (89.15–92.02) 78.34 (71.65–86.61) 85.88 (77.08–91.20)

<40 years 92.11 (87.13–97.09) 82.60 (71.74–95.65) 90.68 (78.34–98.17)

40–49 years 91.12 (87.53–94.70) 86.45 (76.02–93.75) 84.82 (81.80–93.10)

50–59 years 89.40 (86.95–91.84) 77.61 (68.66–83.08) 84.89 (83.30–91.78)

60–70 years 83.62 (79.92–87.31) 66.66 (61.21–79.39) 88.03 (78.35–90.32)

Values are presented as estimate (95% confidence interval).
AUC, area under the receiver operating characteristic curve.

Fig. 3. Stepwise enhancement in area under the receiver operating characteristic curve (AUC) values by progressively adding the 
significant features to the prediction models in the Taiwan and UK Biobanks. HbA1c, glycosylated hemoglobin; PEF, peak expira-
tory flow; PRS, polygenic risk score; WHR, waist-to-hip ratio; BMI, body mass index; ICD, International Classification of Diseas-
es; TG, triglyceride; SGPT, serum glutamate pyruvate transaminase.
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betes. Additionally, the UKB analysis highlighted other popu-
lation-specific features, such as high-density lipoprotein cho-
lesterol (HDL-C) and reticulocyte count. The model’s perfor-
mance in the testing dataset achieved an AUC of 88.69% (95% 
CI, 85.43% to 91.12%), which is comparable to the 90.58% 
AUC reported using the TWB dataset.

Supplementary Table 1 presents the demographic character-
istics and health metrics of the APHS samples, stratified by age 
and sex. Notably, the APHS samples displayed a consistently 
higher T2DM incidence rate within the same age group com-
pared to those from the TWB (e.g., 5.25% in the APHS vs. 
2.64% in the TWB for the 40 to 49 age group). A contributing 
factor to this discrepancy could be the APHS’s methodology, 
which did not exclude individuals with undiagnosed diabe-
tes—defined as those lacking a medical history of diabetes but 
presenting elevated fasting glucose and HbA1c levels at base-
line—due to the unavailability of fasting glucose and HbA1c 
measurements at enrollment. This approach differs from that 
of the TWB and likely influenced the higher T2DM incidence 
observed in the APHS. Similar patterns were observed in the 
rates of self-reported and clinically diagnosed hypertension. 
Additionally, average triglyceride (TG) levels were elevated in 
the APHS cohort relative to the TWB. Conversely, the APHS 
exhibited lower rates of self-reported and clinically diagnosed 
hyperlipidemia, as well as reduced mean low-density lipopro-
tein cholesterol levels, when compared to the TWB. 

We proceeded to analyze the odds ratios for eight out of the 
13 significant features to understand their impact on the inci-
dence of T2DM across different age and sex groups in the 
APHS (as outlined in the subgroup analysis section in Fig. 1). 
Given the dataset’s constraints, specifically the unavailability of 
HbA1c, PEF, PRS, and family history of diabetes in the APHS 
data, these factors were excluded from this comparison. Addi-
tionally, the analysis of age was omitted as it had been stratified 
by age groups. Instead of WHR, which could not be assessed 
due to the absence of hip circumference measurements, waist-
line measurements were considered. Our findings revealed 
distinct patterns in how these six features influenced the inci-
dence of T2DM across various demographics, with the find-
ings detailed in Fig. 4.

Notably, odds ratios for blood glucose were generally higher 
in females than in males across most age groups, aligning 
closely in those over 80 years old. For self-reported hyperlipid-
emia, odds ratios were initially higher in females than in males 
in those under 55, but this trend reversed between the ages of 

55 and 80, with males exhibiting higher odds ratios; the rates 
then equalized in individuals older than 80. Furthermore, the 
impact of clinically diagnosed mixed hyperlipidemia was pre-
dominantly significant in females, with most male odds ratios 
approximating 1, indicating a negligible association. Similarly, 
the odds ratios for TG were consistently higher in females than 
in males, with significant positive effects in males only ob-
served in those aged over 70.

In the case of waistline measurements, the odds ratios showed 
a decrease with advancing age in females, whereas in males, 
they remained consistent across all age groups. BMI-related 
odds ratios exhibited minimal variation between males and fe-
males across different ages, with a noted decrease in the odds 
ratios up until the age of 55, after which they stabilized. SGPT 
levels maintained general consistency across different age 
groups for both sexes, except in females under 55, where the 
odds ratios were elevated compared to those over 55. Lastly, for 
clinically diagnosed prediabetes, similar odds ratios were ob-
served between males and females, with consistent results 
across various age groups. 

DISCUSSION

In this study, leveraging the comprehensive clinical dataset 
provided by the TWB, we meticulously constructed a predic-
tive model for incident T2DM over a forecast period of 3 years. 
Through rigorous selection and analysis, 13 significant predic-
tors of T2DM were identified, covering a range of metrics from 
blood and body measurements to detailed disease histories. 
Furthermore, we undertook a comparative analysis with the 
UKB, examining the effect sizes of these predictors across the 
two cohorts. Remarkably, most identified predictors showed 
consistent effect sizes between the TWB and UKB, suggesting 
a degree of universal applicability in these metrics as indicators 
of T2DM risk across diverse populations. Furthermore, using 
the large APHS dataset, the effects of these predictors across 
different age and sex groups were examined in detail.

In our analysis, a significantly higher incidence rate of T2DM 
was observed in the TWB compared to the UKB. One possible 
reason is the difference in how incident T2DM was defined be-
tween the two cohorts. In the TWB, the NHIRD records of out-
patient and inpatient visits fully covered the 3-year follow-up 
period for each participant, and the disease was defined solely 
using ICD codes. In contrast, in the UKB, GP records had dif-
ferent end dates for coverage across Scotland (May 2017), Wales 
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Fig. 4. Odds ratios and their 95% confidence intervals (CIs) of risk predictors in different age and sex groups. (A) Blood glucose, (B) 
hyperlipidemia, (C) mixed hyperlipidemia (International Classification of Diseases [ICD]), (D) triglyceride, (E) waist circumference, 
(F) body mass index (BMI), (G) serum glutamate pyruvate transaminase (SGPT), and (H) prediabetes.� (Continued to the next page)
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(September 2017), and England (ranging from August 2016 to 
June/July 2017), while the end dates of hospital inpatient data 
were August 2022, May 2022, and October 2022 for Scotland, 
Wales, and England, respectively. Hence, in addition to using 
ICD records, self-reported diabetes from follow-up question-
naires was also considered to define incident T2DM in the UKB. 

Additionally, the declining trend in the incidence of clinically 
diagnosed T2DM in the UK, particularly after 2013, may con-
tribute to the observed difference. A retrospective cohort study 
from the UK reported that the incidence rate of new clinical di-
agnoses of T2DM decreased by a third from its peak in 2013 
[23], a trend also confirmed by two other studies [24,25]. This re-
duction may be partially explained by the shift towards diagnos-
ing more cases of prediabetes rather than T2DM, as evidenced 
by the tripling of prediabetes diagnoses during the same period. 
The reliance on HbA1c alone, which may have lower sensitivity 
in detecting diabetes compared to fasting glucose, particularly in 
older adults and certain ethnic groups, could also lead to an un-
derestimation of diabetes incidence in the UK [23], further ex-
plaining the lower observed rates compared to the TWB. 

Conversely, the incidence of clinically diagnosed T2DM 
showed an increasing trend from 2005 to 2014 in Taiwan, like-
ly due to the increasing prevalence of obesity and metabolic 
syndrome [26]. Notably, the incidence rate of clinically diag-
nosed T2DM among the 60 to 79 age group in the UK during 
2009 to 2018 ranged from 12.49 to 13.69 per 1,000 person-
years in males and 8.85 to 11.01 in females [23], whereas sig-
nificantly higher rates were observed in Taiwan (25.52 to 26.91 

per 1,000 person-years in males and 25.26 to 26.78 in females) 
[26]. This observation aligns with the fact that the proportion 
of diagnosed diabetes in the UK for the years 2021 to 2022 was 
about 6.4% [27], whereas it reached approximately 9.32% in 
Taiwan in 2014 [28]. 

The younger mean recruitment age in TWB hints at an earli-
er onset or identification of diabetes within the Taiwan popula-
tion, which may reflect distinct genetic susceptibilities or life-
style patterns predisposing to this condition. Higher levels of 
blood glucose and HbA1c in TWB participants point to a 
greater tendency towards glucose intolerance, suggesting that, 
despite lower average BMI values, this group may have a dis-
tinct metabolic profile that raises their risk of diabetes. Inter-
estingly, while traditional risk factors such as BMI, hyperten-
sion, and hyperlipidemia presented more prominently in the 
UKB cohort, the higher incidence of diabetes in the TWB, 
particularly among those with a family history of the disease, 
accentuates the potential contribution of genetic predisposi-
tion. The disparities in healthcare practices, accessibility, and 
preventive measures between the two regions may also play a 
crucial role in these observed differences in the incidence rates.

The predictive model developed in this study demonstrates 
several key advantages over traditional methods like glucose or 
HbA1c measurements, particularly in the areas of early detec-
tion and personalized medical strategies. Unlike methods that 
rely solely on glucose levels or HbA1c, this model incorporates 
a broad spectrum of predictors including genetic factors, PEF, 
and detailed metabolic profiles, allowing for a more nuanced 

Fig. 4. Continued.
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understanding of diabetes risk. This comprehensive approach 
enables the detection of T2DM risk at earlier, potentially as-
ymptomatic stages. Moreover, the inclusion of non-traditional 
predictors like PEF and various metabolic indicators provides 
a more holistic assessment of an individual’s risk, beyond what 
can be ascertained through traditional blood tests alone. By le-
veraging these diverse predictors, the model facilitates more 
tailored and potentially more effective intervention strategies, 
enhancing the ability to manage or even prevent diabetes in a 
targeted manner.

In our analysis, we identified a combination of modifiable 
and non-modifiable risk factors as significant predictors for in-
cident T2DM, each with distinct clinical implications. Modifi-
able risk factors, including elevated HbA1c, blood glucose, hy-
perlipidemia, high TG, elevated SGPT, increased BMI, and 
WHR, as well as the presence of prediabetes, underscore the 
importance of lifestyle and medical interventions in diabetes 
prevention. These factors can be effectively managed through 
dietary changes, increased physical activity, weight loss, and 
pharmacological treatments, which have been shown to signif-
icantly reduce the risk of progressing to T2DM [29-31]. On the 
other hand, non-modifiable factors such as age, family history 
of diabetes, and PRS highlight the need for early screening and 
personalized risk assessments in individuals predisposed to di-
abetes. By categorizing these risk factors, our findings support 
a dual approach in clinical practice: aggressively managing 
modifiable factors while closely monitoring those with non-
modifiable risks to mitigate the overall incidence of T2DM.

Our analysis identified HbA1c and blood glucose as the top 
2 significant predictors in the TWB, leading to an AUC of 
87.36% in TWB and 82.61% in UKB. These two predictors 
have been consistently included in other prediction models 
based on Asian populations [9] and were also selected in the 
prediction model trained using the UKB data in our and other 
studies [12,32]. These results underscore the importance of 
HbA1c and blood glucose as independent predictors of risk, 
highlighting their critical role in assessing the risk of T2DM. 
Their combined use alone demonstrated substantial accuracy 
in prediction. In fact, in the ‘Standards of Care in Diabetes: 2024’  
published by the American Diabetes Association [33], HbA1c 
was modified as the top of the testing priority for the diagnosis 
of diabetes followed by fasting glucose, supporting our analysis 
findings. However, a recent study based on pooled global data 
showed that relying solely on either fasting plasma glucose or 
HbA1c might significantly underestimate the true burden of 

diabetes, particularly in low- and middle-income countries 
where diagnosis rates are currently low [34]. This finding fur-
ther supports our advocacy for including both glycemic indi-
cators in regular health examinations, such as the APHS pro-
gram in Taiwan, to enhance the risk prediction of T2DM.

In addition to HbA1c and blood glucose, our analysis high-
lighted lung function, measured by PEF, as the third most sig-
nificant predictor for T2DM in TWB, with its significance also 
confirmed in the UKB. This aligns with prior research indicat-
ing that measures of lung function, including forced expiratory 
volume in 1 second (FEV1), forced vital capacity (FVC), and 
the FEV1/FVC ratio, are associated with the risk of developing 
T2DM [35,36]. Despite such associations, lung function pa-
rameters have seldom been integrated into T2DM risk predic-
tion models. This oversight may stem from the historical focus 
on metabolic factors to the exclusion of respiratory health in-
dicators. Our findings, therefore, advocate for a broader, multi-
disciplinary approach in constructing T2DM risk models, sug-
gesting that incorporating lung function measures could en-
hance predictive accuracy and offer new insights into the sys-
temic nature of T2DM pathophysiology.

To further address the potential impact of smoking and lung 
function on our findings, we conducted additional analyses 
within the TWB and UKB datasets. In TWB, smoking was sig-
nificantly associated with T2DM incidence when only age was 
included as a covariate (odds ratio of 1.40 for current smokers 
vs. others, P=5.14E-124). However, smoking was not selected 
by the LASSO regression model, likely due to its correlations 
with other factors such as WHR, PEF, BMI, TG, and SGPT, 
suggesting its influence on T2DM risk may be indirectly cap-
tured through these variables, particularly lung function. Simi-
larly, our analysis in UKB demonstrated that PEF is influenced 
by a wide range of factors, including age, sex, BMI, smoking, 
metabolic markers like HbA1c, and environmental exposures 
such as PM2.5 (Supplementary Table 2). These findings indi-
cate that PEF reflects the cumulative effects of age, lifestyle, and 
metabolic factors, rather than serving as a direct mechanistic 
link to T2DM. Given the variability and multifactorial influ-
ences on PEF, its relationship with T2DM risk likely reflects 
broader systemic changes. Smoking, for example, induces pul-
monary and systemic immunological changes that contribute 
to lung dysregulation and reduced lung function, while age-re-
lated declines in PEF and obesity-related changes in lung me-
chanics further highlight its complex associations with meta-
bolic risk [37]. By framing PEF as an integrative marker of 
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health influenced by diverse factors, rather than focusing on 
direct mechanisms, our findings underscore the importance of 
considering lung function and related variables in T2DM risk 
prediction models. Future research using longitudinal designs 
and comprehensive pulmonary function testing is warranted 
to better characterize these interactions and enhance the pre-
dictive utility of PEF for metabolic risk assessment.

Our analysis highlights the contrasting impact of HbA1c 
levels and the PRS for T2DM incidence between the TWB and 
the UKB. The pronounced effect of HbA1c in the UKB com-
pared to the TWB suggests possible differences in metabolic 
profiles or diabetes progression stages at baseline. On the other 
hand, the greater impact of PRS in the TWB reflects the poten-
tial for genetic risk factors to exhibit variable influence de-
pending on the population’s genetic architecture. Additionally, 
research has shown that PRS yields a higher odds ratio per 
standard deviation change for prevalent T2DM in TWB sam-
ples compared to European samples [38]. Such findings under-
score the importance of considering ethnic and genetic diver-
sity in T2DM research and highlight the need for further stud-
ies to explore these variations in risk factors across different 
populations.

The feature selection procedure using the UKB identified 
several population-specific variables that were not selected in 
the TWB, including HDL-C, reticulocyte count, and vascular/
heart problems. These findings are consistent with previous 
studies using the UKB, which have also identified HDL-C and 
reticulocyte count as important predictors for future T2DM 
[39,40]. The identification of these additional features in the 
UKB highlights the influence of population-specific factors in 
diabetes risk prediction. This suggests that while there are core 
predictors common across populations, such as HbA1c, glu-
cose, and BMI, the inclusion of population-specific variables 
can enhance the predictive accuracy of models tailored to dif-
ferent ethnic groups.

The stratification of our predictive model’s accuracy by age 
groups underscores the nuanced dynamics between age, sex, 
and diabetes risk factors, revealing an intricate landscape of 
risk prediction across demographics. Notably, younger indi-
viduals exhibit higher predictive accuracy, primarily due to 
their increased sensitivity compared to older age groups. This 
enhancement in predictive accuracy among younger age groups 
may stem from the relative influence of other environmental 
and lifestyle factors that become more significant in older pop-
ulations. Further exploration into the impact of various risk 

factors across different age and sex categories reveals that fac-
tors like self-reported hyperlipidemia and BMI have more pro-
nounced effects in the younger demographic. Intriguingly, 
specific factors, such as waist circumference and clinically di-
agnosed mixed hyperlipidemia, show greater impacts uniquely 
in younger females, whereas their effects remain uniform 
across male age groups. This suggests that gender-specific 
physiological factors, possibly influenced by hormonal varia-
tions, significantly affect metabolic risk factors [41]. Addition-
ally, the decline in the predictive power of waist circumference 
with advancing age in females could be attributed to post-
menopausal changes, which alter body fat distribution and 
metabolic function. These insights advocate for the develop-
ment of tailored predictive models that adapt to the unique 
risk profiles of different demographic segments, thereby en-
hancing the precision of diabetes risk prediction and offering 
potential pathways for more effective intervention strategies.

This study’s findings must be interpreted within the context 
of its methodological limitations, particularly those stemming 
from the diversity in cohort characteristics. The TWB, UKB, 
and APHS program each have unique participant profiles, di-
agnostic criteria, and follow-up procedures. Specifically, the 
definition of diabetes and the diagnostic tools employed (e.g., 
fasting glucose vs. HbA1c measurements) differed notably be-
tween the cohorts. Such variations can lead to differential clas-
sification of diabetes cases, potentially skewing the incidence 
rates and the perceived effectiveness of the predictors used in 
our models. Additionally, the cohorts’ follow-up intervals and 
the timing of assessments were not uniform, which may im-
pact the longitudinal analysis of risk factor emergence and the 
progression of T2DM. Environmental factors, such as regional 
differences in diet, healthcare access, and lifestyle, which sig-
nificantly influence diabetes risk, were also challenging to con-
trol across the international cohorts. These discrepancies can 
affect both the baseline risk and the progression of diabetes, 
complicating cross-population comparisons and the applica-
bility of findings to other settings. Moreover, the retrospective 
design of our study introduces potential biases associated with 
the reliance on historical medical records and self-reported 
data. Such data sources are susceptible to inaccuracies due to 
recall bias or incomplete documentation, which could affect 
the results’ validity. Despite these challenges, our study con-
tributes to the understanding of diabetes predictors in diverse 
populations and underscores the need for context-specific dia-
betes risk assessments and predictive modeling.
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In conclusion, our comprehensive analysis within the TWB 
and comparative insights with the UKB have illuminated criti-
cal aspects of T2DM risk prediction and the multifaceted na-
ture of its determinants. By integrating a wide range of clinical, 
metabolic, and genetic predictors, we have developed a robust 
model that underscores the importance of a multifactorial ap-
proach to understanding and predicting T2DM. Our findings 
highlight not only the significant predictors such as HbA1c, 
blood glucose, and lung function (PEF) but also the intricate 
variations in their effects across different populations, age 
groups, and sexes. This research emphasizes the critical need 
for personalized and population-specific risk assessment mod-
els that consider the unique genetic, environmental, and life-
style factors contributing to T2DM risk. Moving forward, our 
work advocates for the inclusion of a broader spectrum of risk 
factors in predictive models and underscores the potential 
benefits of incorporating such models into preventive health-
care strategies. By doing so, we aim to enable earlier identifica-
tion and intervention for individuals at high risk of T2DM, ul-
timately contributing to better health outcomes and reducing 
the global burden of this chronic disease.
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SUPPLEMENTARY METHODS

Data quality control for study cohorts
Taiwan Biobank
Since its establishment in 2008, the Taiwan Biobank (TWB) 
has gathered samples from over 150,000 individuals aged 20 
and older. About 115,000 of these participants have been geno-
typed using the TWB1.0 and TWB2.0 genome-wide associa-
tion study (GWAS) single nucleotide polymorphism (SNP) ar-
rays. The TWB1.0 chip contains about 653,000 SNPs designed 
on the Axiom Genome-Wide Array Plate system, and the 
TWB2.0 chip expands this design to approximately 750,000 
SNPs. We followed standard GWAS quality control (QC) pro-
cedures, which involved removing SNPs not in Hardy-Wein-
berg Equilibrium, removal of duplicate samples, elimination of 
closely related participants, and exclusion of individuals whose 
genetic sex did not match their reported gender. After QC, the 
samples were imputed using the Michigan Imputation Server 
with the 1000 Genomes Project Phase 3 as the reference, focus-
ing on SNPs with an Rsq greater than 0.3 and a minor allele 
frequency (MAF) over 1%. Subsequent analyses included over 
7.3 million SNPs. Each participant's data in the TWB were 
linked to their medical records from the National Health In-
surance Research Database (NHIRD), which covers the period 
from 2009 to 2020. The NHIRD provides extensive records 
and expenditure claims for various healthcare services, includ-
ing outpatient, inpatient, ambulatory care, and pharmacy ser-
vices for reimbursement purposes. We extracted data related 
to diagnoses (using International Classification of Diseases, 
9th Revision [ICD-9] and ICD-10 codes) for outpatient, am-
bulatory, and inpatient services from 3 years before and after 
each participant's recruitment into the study.

UK Biobank
The UK Biobank (UKB) is an extensive, prospective study that 
initially enrolled more than 500,000 participants aged 40 to 69 
during 2006–2010. Like the TWB, these individuals were gen-
otyped using GWAS SNP arrays. Approximately 230,000 indi-
viduals were linked to their general practitioner (GP) records, 
and about 450,000 were linked to their hospital inpatient data. 
QC was first performed on the GWAS data according to the 
protocols established by Bycroft et al. [1]. This included the ex-
clusion of heterozygosity outliers, individuals with atypical sex 
chromosome configurations not classified as XX or XY, and 

non-relatives. Our analysis primarily focused on the white 
British population, which reduced our sample size to 339,455 
participants. Consistent with the TWB cohort procedures, we 
included individuals who had GP or hospital inpatient records 
for at least 3 years before and after their recruitment dates, nar-
rowing down the analysis dataset to 86,484 individuals. For the 
GP records, Read V2 and V3 codes were converted to System-
atized Nomenclature of Medicine-Clinical Terms (SNOMED-
CT) using the lookup table provided by the NHS Digital Tech-
nology Reference data Update Distribution (TRUD) [2]. These 
SNOMED-CT codes were then mapped to ICD-9 using both 
one-to-one and one-to-many mapping tables from the Unified 
Medical Language System (UMLS) [3]. The imputed geno-
types were utilized to calculate the polygenic risk scores (PRS), 
adhering to methods detailed by Bycroft et al. [1] and consid-
ering only those with imputation quality scores above 0.3.

Adult Preventive Healthcare Services program data
The Taiwan Health Promotion Administration offers an Adult 
Preventive Healthcare Services (APHS) program, targeting in-
dividuals aged 40 to 65 for a health checkup every 3 years, and 
annually for those above 55, indigenous people over 55, polio 
survivors over 35, and all individuals over 65. The program 
provides a subsidy of 520 Taiwan dollars (TWD) per case (an 
additional 200 TWD for those eligible for hepatitis B and C 
screening). The services include questionnaires (medical, fam-
ily, and medication history, health behaviors, depression 
screening), physical examinations (general checkup, height, 
weight, blood pressure, body mass index [BMI], waist circum-
ference), laboratory tests (urinalysis for protein, estimated glo-
merular filtration rate calculation, blood biochemistry tests in-
cluding glutamate oxaloacetate transaminase, glutamate pyru-
vate transaminase, creatinine, blood sugar, lipids), and hepati-
tis B and C screening for those aged 45 to 79 (40 to 79 for in-
digenous people). It also offers health consultations on smok-
ing cessation, alcohol moderation, betel nut avoidance, regular 
exercise, maintaining healthy weight, diet, accident prevention, 
and oral health care. We obtained APHS data on over 4 million 
individuals from 2013 to 2018. Given that individuals may 
participate in the APHS program multiple times, we retained 
only the first enrollment record for each individual when mul-
tiple records were present to maintain consistency and prevent 
duplication in our analyses.
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Definitions of existing and incident type 2 diabetes 
mellitus
In the TWB, existing diabetes was defined as individuals who 
either self-reported having diabetes, had NHIRD records with 
ICD-9 codes beginning with the initial three digits of 250 or 
ICD-10 codes starting with E08–E13 within 3 years prior to the 
baseline, or had abnormal glucose levels (fasting glucose ≥126 
mg/dL or glycosylated hemoglobin [HbA1c] ≥6.5%). Similar-
ly, for the UKB, existing diabetes was determined for individu-
als who self-reported having diabetes, had GP or hospital re-
cords with ICD-9 codes starting with 250 or ICD-10 codes 
starting with E08–E13, or had abnormal glucose levels (HbA1c 
≥6.5%). It is important to note that fasting glucose levels were 
not used as diagnostic criteria here because the UKB measured 
only random glucose levels. Finally, in the APHS program data, 
existing diabetes was identified in individuals who self-report-
ed as having diabetes or who had NHIRD records with ICD-9 
codes starting with 250 or ICD-10 codes starting with E08–E13 
within 3 years prior to their enrollment. Blood glucose and 
HbA1c were not used as criteria since only random glucose 
was measured and HbA1c testing was not conducted. Individ-
uals identified with existing diabetes were excluded from fur-
ther analyses to focus on incident cases.

In both the TWB and the APHS data, incident type 2 diabe-
tes mellitus (T2DM) was defined as those who had a minimum 
of three outpatient diabetes diagnoses or at least one diabetes-
related hospitalization within a 365-day period, according to 
their ICD records in the NHIRD. The diagnosis was based on 
the same ICD codes as those used for existing diabetes. For the 
UKB, incident T2DM was defined as those who had a mini-
mum of two outpatient diabetes diagnoses or at least one dia-
betes-related hospitalization within a 365-day period, accord-
ing to their ICD records in the GP or hospital records. Further-
more, participants were considered to have incident T2DM if 
they self-reported diabetes in at least one of the three follow-
up questionnaires within 3 years after the baseline.

Calculation of polygenic risk scores in the Taiwan and UK 
Biobanks
We used PRS-CSx [4] to compute the posterior effect sizes of 
the GWAS SNPs for both European and East Asian popula-
tions. PRS-CSx utilizes a Bayesian regression framework fea-
turing a continuous shrinkage prior to estimate the effect sizes. 
It incorporates GWAS summary statistics from various ances-

tries into a unified shrinkage prior, adjusting for ancestry-spe-
cific allele frequencies and linkage disequilibrium (LD) pat-
terns. We used publicly available T2DM summary statistics 
from extensive GWAS studies, including 74,124 T2DM cases 
and 824,006 controls from the European DIAbetes Genetics 
Replication And Meta-analysis (DIAGRAM) consortium [5], 
and 77,418 T2DM cases and 356,122 controls from the East 
Asian Asian Genetic Epidemiology Network (AGEN) study 
[6] for PRS-CSx. The LD reference panels, which PRS-CSx 
constructed from the 1000 Genomes Project Phase 3 samples, 
were employed. These panels facilitated the calculation of pos-
terior effect sizes for SNPs that correlate to HapMap3 SNPs 
with MAF greater than 1%. PRS-CSx generated both ancestry-
specific and cross-ancestry posterior effect sizes. For further 
analyses, we utilized the ancestry-specific posterior effect sizes 
calculated for Europeans and East Asians.

We computed the population-specific PRS using the samples 
from the UKB and TWB. For each individual i, the PRS calcu-
lation in the was performed as follows:

                    N

PRSi =∑ wkdki

                  k = 1

In this equation, wk represents the posterior effect size of 
SNP k, derived from the N SNPs analyzed using PRS-CSx. The 
term dki denotes the dosage of SNP k in individual i. We uti-
lized the ‘—score’ option in PLINK2 to compute the PRS.

Risk prediction features for type 2 diabetes mellitus
In the TWB, significant risk predictors for T2DM were identi-
fied by compiling a comprehensive list of variables from survey 
data, body measurements, and laboratory tests. The survey 
data included basic demographic information such as age, sex, 
and socioeconomic status, along with health behaviors like al-
cohol consumption, smoking habits, and physical activity lev-
els. It also incorporated self-reported conditions involving 
first-degree relatives, such as hypertension, hyperlipidemia, 
and glaucoma. Body measurements taken into account includ-
ed BMI, blood pressure, and lung function tests. From the lab-
oratory tests, variables such as fasting glucose, HbA1c, red 
blood cell counts, creatinine, and microalbumin levels were 
analyzed. Missing values were imputed using the “mice” pack-
age in R version 4.3.2 (R Foundation for Statistical Computing, 
Vienna, Austria) [7], which applies multivariate imputation by 
chained equations. Additionally, features related to T2DM co-
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morbidities were extracted from the medical records in the 
NHIRD covering the 3 years before participants’ recruitment. 
These comorbidities included:

∙ Obesity (ICD-9 code 278)
∙ �Various heart diseases (ICD-9 codes 410–414, 420–425, 
427, 429)
∙ Chronic heart failure (ICD-9 code 428)
∙ Ischemic stroke (ICD-9 code 434)
∙ Sleep apnea (ICD-9 code 780.57)
∙ Gestational diabetes (ICD-9 code 648.8)
∙ Polycystic ovary syndrome (ICD-9 code 256.4)
∙ Frozen shoulder (ICD-9 code 726)
∙ Hemochromatosis (ICD-9 code 275.03)
∙ Kidney failure (ICD-9 codes 584, 585)
∙ Dementia (ICD-9 codes 290, 294)
∙ Acanthosis nigricans (ICD-9 code 701.2)
∙ Blindness (ICD-9 code 369)
∙ Prediabetes (ICD-9 code 790.29)
∙ �Essential hypertension (ICD-9 codes 401, 401.0, 401.1, 
401.9)
∙ Mixed hyperlipidemia (ICD-9 code 272.2)

Altogether, 441 variables were considered in this study.
For the UKB, we compiled a similar list of potential predic-

tive features from survey questionnaires, body measurements, 
and laboratory tests. Features with more than 20% missing 
data were excluded, and missing values were imputed using 
the ‘mice’ package in R. Features related to T2DM comorbidi-

ties, as mentioned above, were defined using ICD-9 and ICD-
10 codes from hospital inpatient and GP data. A total of 18,300 
features were compiled.
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Supplementary Table 1. Characteristics of participant groups across all ages and by age stratification in the Adult Preventive 
Healthcare Services data 

Characteristic All 40–49 years 50–59 years 60–69 years 70–79 years >79 years

Sample sizea 4,368,325 (43) 1,222,837 (42.43) 1,349,041 (42.2) 1,074,167 (43.5) 509,516 (43.95) 212,764 (46.68)

Incident T2DM cases 486,020 (11.13) 64,173 (5.25) 128,292 (9.51) 174,929 (16.29) 86,643 (17.0) 31,968 (15.03)

Age, yr 57.71±11.67 44.38±3.0 54.46±2.86 64.0±2.71 74.02±2.8 84.11±3.62

BMI, kg/m2 24.69±3.93 24.65±4.28 24.72±3.84 24.89±3.73 24.67±3.71 23.85±3.74

Waistline, cm 83.34±10.65 82.16±11.38 82.81±10.43 84.21±10.13 85.03±10.12 85.1±10.38

Hypertension (self-reported) 908,673 (20.8) 115,022 (9.41) 230,835 (17.11) 282,604 (26.31) 188,674 (37.03) 91,516 (43.01)

Hyperlipidemia/High cholesterol  
(self-reported)

216,078 (4.95) 35,564 (2.91) 66,022 (4.89) 70,960 (6.61) 32,417 (6.36) 11,105 (5.22)

Essential hypertension (ICD)b 513,921 (11.76) 36,104 (2.95) 101,727 (7.54) 149,016 (13.87) 152,189 (29.87) 74,882 (35.19)

Mixed hyperlipidemia (ICD)b 73,842 (1.69) 6,633 (0.54) 16,910 (1.25) 23,814 (2.22) 19,526 (3.83) 6,959 (3.27)

Random blood glucose, mg/dL 104.2±39.1 99.16±35.74 104.56±40.59 107.8±41.36 106.86±38.09 106.28±35.52

SBP, mm Hg 129.48±19.28 123.35±17.9 128.18±18.6 132.91±18.88 136.68±19.28 138.43±20.41

DBP, mm Hg 78.73±12.12 77.95±12.76 79.5±12.14 79.43±11.55 78.11±11.43 76.3±12.02

Total cholesterol, mg/dL 198.96±39.96 194.74±38.71 204.25±40.33 201.55±40.19 194.82±39.29 186.57±38.65

Triglycerides, mg/dL 141.59±132.84 146.55±161.37 147.38±140.28 138.56±109.44 128.83±91.17 122.17±79.63

LDL-C, mg/dL 114.55±38.22 110.3±37.2 118.04±39.15 117.29±38.49 112.76±37.11 107.28±35.69

HDL-C, mg/dL 55.1±17.39 54.73±16.95 55.74±17.75 55.22±17.38 54.82±17.44 53.34±17.34

Values are presented as number (%) or mean±standard error.
T2DM, type 2 diabetes mellitus; BMI, body mass index; ICD, International Classification of Diseases; SBP, systolic blood pressure; DBP, diastolic 
blood pressure; LDL-C, low-density lipoprotein cholesterol; HDL-C, high-density lipoprotein cholesterol.
aTotal number and percentage of male participants, bDiseases identified based on ICD codes in medical records.
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Supplementary Table 2. Associations between peak expiratory 
flow and type 2 diabetes mellitus risk factors in the UK Biobank

Variable Estimate SE P value

Age –0.061 0.001 0

Sexa –2.760 0.021 0

BMI 0.012 0.002 2.89E-10

Smoking (current)b –0.606 0.026 3.34E-122

Smoking (ever)b 0.024 0.015 1.22E-01

NO2 0.001 0.019 9.68E-01

NOx –0.028 0.018 1.18E-01

PM2.5 –0.045 0.015 2.22E-03

PM10 –0.007 0.008 4.24E-01

HbA1c –0.258 0.023 1.71E-28

Glucose 0.003 0.001 8.07E-07

Reticulocyte count –0.539 0.199 6.76E-03

WHR –1.603 0.128 4.47E-36

Vascular/heart problem –0.329 0.047 1.71E-12

HDL-C –0.001 0.001 1.35E-01

Family history of diabetes 0.065 0.018 2.47E-04

Polygenic risk score –0.048 0.059 4.18E-01

SGPT 0.001 0.001 2.83E-01

Prediabetes –0.362 0.221 1.01E-01

SE, standard error; BMI, body mass index; HbA1c, glycosylated hemoglo-
bin; WHR, waist-to-hip ratio; HDL-C, high-density lipoprotein cholester-
ol; SGPT, serum glutamate pyruvate transaminase.
aMale is the baseline, bNever-smoking is the baseline.
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Supplementary Fig. 1. The effect sizes and their 95% confidence intervals (CIs) for the risk factors identified in the UK Biobank. 
Note that variables such as blood glucose, reticulocyte count, high-density lipoprotein cholesterol (HDL-C), polygenic risk score 
(PRS), and serum glutamate pyruvate transaminase (SGPT) have been standardized. HbA1c, glycosylated hemoglobin; BMI, 
body mass index; WHR, waist-to-hip ratio; ICD, International Classification of Diseases.
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