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With the increasing global prevalence of diabetes, predictive models are crucial for early interventions,
including elderly participants who are often underrepresented in existing models. Existing models,
however, are often derived from specific subpopulations or from individuals with prevalent diabetes,
which limits their generalizability to the broader population. This study aimed to develop and validate
a predictive model for type 2 diabetes mellitus (T2DM) onset using a large Japanese cohort including
elderly participants. Data from the Shizuoka Kokuho Database, comprising over 2.5 million people,
was used. The analysis included 463,248 adults aged 40 and above who underwent health checkups.
Participants were split into derivation (308,832) and validation datasets (154,416) in a 2:1 ratio.
Predictive factors, identified using Cox proportional hazards models, included demographics, clinical
parameters, and lifestyle factors. During a median follow-up period of 5.17 years, 16.9% of the
derivation group and 17.0% of the validation group developed T2DM. The model assigns weighted
scores to factors like age, sex, BMI, blood pressure, lipid profiles, liver enzymes, kidney function, and
lifestyle habits. The model achieved a Harrell’s c-index of 0.656 (95% confidence interval, 0.652-0.659)
in the validation dataset, indicating modest predictive performance. This model, based on routinely
collected health check-up data, may facilitate risk stratification and guide preventive interventions.
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The rising prevalence of diabetes, particularly type 2 diabetes mellitus (T2DM), poses a significant public health
challenge, affecting more than 400 million individuals worldwide!. Diabetes is a major contributor to a range
of severe health issues including cardiovascular and cerebrovascular diseases, peripheral neuropathy, blindness,
and renal impairment®. It also increases the risk for certain cancers, such as pancreatic cancer?. Diabetes
significantly elevates health care costs, with the worldwide economic impact reaching approximately U.S. $1.3
trillion (95% CI 1.3-1.4) in 2015, accounting for over 1.8% of the global GDP>. The incidence of T2DM among
the elderly continues to rise® highlighting its significance in this population.

In Japan, approximately 10 million people, or approximately one in every thirteen individuals, have been
diagnosed with this condition”®. The burden of T2DM in Japan is driven by unique factors such as rapid
population aging and increased metabolic risk at lower body mass index thresholds compared with Western
populations.

Despite these challenges, T2DM is a preventable disease®. Current best practices in T2DM management
include the use of antidiabetic drugs, lifestyle modifications such as healthy eating and daily physical activity,
and regular monitoring of arterial pressure and lipid levels®. Early preventive measures can yield substantial
economic benefits!®!! and are crucial for effective management, particularly for individuals with prediabetes.
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Furthermore, the nationwide annual health checkup system provides an unparalleled opportunity for large-scale
risk stratification and early intervention.

The application of predictive models in disease management is increasingly acknowledged for its potential
to delay T2DM onset”!2-15, thereby extending healthy life years and reducing economic burdens. However,
these models often face limitations given their reliance on hospital data and the scarcity of information from
healthy populations. In addition, existing model developed in Japan was constructed using logistic regression
frameworks!® and restricted to selected subgroups such as participants with long-term follow-up, which may
introduce selection bias and limit generalizability.

For predictive models to be effective, they require comprehensive datasets that include not only patients
but also healthy and elderly individuals, ensuring both high accuracy and practical applicability to the general
population.

To address these issues, the present study developed and validated a predictive model for the onset of T2DM
using medical checkup data from the general population, applying a Cox proportional hazards model that
incorporates time-to-event information and appropriately accounts for censoring.

Materials and methods

Data resource

Shizuoka prefecture, centrally located in Japan, has a population of nearly 3.7 million. The Shizuoka Kokuho
Database (SKDB) is a regionally based longitudinal cohort comprising data from 2,571,418 individuals residing
in this prefecture!’. Widely utilized in various studies'®?°, the SKDB provides comprehensive, personally
identifiable information by assigning a unique identifier to each participant. The SKDB is an administrative
claims database for beneficiaries in Shizuoka Prefecture’s municipal government insurance program and
includes beneficiaries of the National Health Insurance and the Late-Stage Elderly Medical Care System. The
dataset comprised basic subscriber information (e.g., sex, age, zip code, observation period, and reason for
disenrollment, including death) and claims from public health insurance organizations (i.e., the National Health
Insurance system for those below 75 years of age and the Late-Stage Elderly Medical Care System for those above
75 years of age). The Japanese Ministry of Health, Labour and Welfare recommends annual health checkups
for insured persons aged 40 years and older; the content that can be gathered during medical check-ups in
Japan is listed in Supplementary Table 1'7. The health-check questionnaire is an obligatory component of Japan’s
annual health examination for insured adults aged > 40 years. Participants complete the paper form on-site;
trained public-health nurses review answers and request clarification if needed, after which a physician conducts
the physical examination and finalises the record. The utility of the SKDB in real-world risk factor analysis is
underscored by its comprehensive data on mortality and follow-up attrition derived from the Basic Resident
Registration System. The Shizuoka Kokuho Database (SKDB) is updated annually. The latest release, SKDB2023,
covers the period from April 1, 2012, to September 30, 2021.

Study design and participant population

In this retrospective cohort study, we used a population-based approach, analyzing data from the SKDB 2023
version covering the period from April 1, 2012, to September 30, 2021. We secured access to the SKDB on
December 6, 2023, from which we extracted the dataset for our analysis. The index date was set as the first health
checkup that occurred at least one year after cohort entry, with a one-year baseline period established as shown
in Fig. 1. Demographic information and diabetes statuses were collected for one year preceding the index dates.
The inclusion criteria were: (1) adults aged > 40 years, (2) at least one annual health check-up during continuous
insurance enrolment of > 1 year, and (3) available baseline health check-up data and claims history during the
1-year baseline period. In the initial stages of our analysis, we excluded participants who were already diagnosed
with diabetes or who were prescribed antidiabetic agents. To assess risk factors in a relatively healthy population,
we applied the following exclusion criteria: (1) pre-existing diagnosis of type 2 diabetes mellitus or prescription
of antidiabetic medications at baseline, (2) HbAlc>6.5% at baseline, (3) eGFR <30 mL/min/1.73 m?, and (4)
history of any cancer (except non-melanoma skin cancer).

We then examined the association between various screening variables and the development of T2DM.
Identification of diabetic patients was based on the prescription of antidiabetic agents (Supplementary Tables 2
and Supplementary Table 3), including insulin and insurance claims coded as T2DM (E11, or E14). To enhance
the specificity of our T2DM identification, provisional diagnoses of T2DM were excluded.

We determined the presence of individual comorbidities using standard definitions from the Charlson-
Elixhauser comorbidity index*""?2. Our evaluation of specific comorbidities utilized data from a one-year period
prior to the index health checkups. A comorbidity was confirmed present if documented in the insurance claims
data.

Participants were followed from the date of their baseline health check-up until the earliest occurrence
of death, disenrollment from the insurance system, or the end of the study period (September 30, 2021).
Consequently, not all participants had a complete 8-year follow-up. Because this study was conducted using an
administrative claims and health check-up database, participant refusals did not occur. Loss to follow-up was
defined as disenrollment from the insurance system and was captured within the dataset.

Outcome and candidate predictive variables

The primary outcome assessed in this study was the time to onset of T2DM (Fig. 1). A case was classified as
T2DM if the patient was assigned a specific Japanese medical procedure code (Supplementary Table 3) following
the initial health checkup. In addition, because ICD-10 code E14 (unspecified diabetes mellitus) is often used
in Japan to indicate type 2 diabetes in both clinical and administrative data, we followed the approach of prior
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April 1, September 30,
2012 2021
T LLLI I LI Data avallablhty period -------------------------------- »}

Baseline period .
) Follow-up period
Cohort entry Index date End of follow-up
Date of registration to health Date of the first health checkup at Date of onset of diabetes, study end date
insurance or April 1, 2012, least 1 year after cohort entry. (September 30, 2021), or withdrawal from
whichever occurred later. NHI or LSEMCS, whichever occurred first.

Fig. 1. Study design and participant population. The index date was defined as the first date of medical
checkup during a period of continuous subscribership lasting at least one year following cohort entry. The
baseline period was established as one year. NHI, national health insurance; LSEMCS, late-stage elderly
medical care system; SKDB, Shizuoka Kokuho Database.

Japanese claims-based studies®>?* and classified individuals with either E11 (type 2 diabetes mellitus) or E14 as
having T2DM.

During the initial baseline period, comprehensive demographic data on patients were collected. Within
the framework of this study, age, sex, and items based on health checkup-derived variables were identified as
potential predictors.

These health checkups included various tests and measurements, including body mass index (BMI [kg/
m?]), systolic blood pressure (mmHg), diastolic blood pressure (mmHg), hematocrit (%), hemoglobin (g/
dL), erythrocyte count (10*/pL), triglyceride (mg/dL), HDL cholesterol (mg/dL), LDL cholesterol (mg/dL),
AST (IU/L), ALT (IU/L), y-GTP (IU/L), HbAlc (%), eGFR (mL/min/1.73 m?), uric acid (mg/dL), and urinary
protein (urine dipstick test).

Additional variables considered included prescribed medications for hypertension and hypercholesterolemia,
weight gains of > 10 kg since the age of 20, exercise habits, heavy drinking, and current habitual smoking. Heavy
drinking was defined as a daily alcohol consumption exceeding 360 mL. Current smokers were defined as those
who had smoked over 100 cigarettes or for at least 6 months and had continued smoking during the month
preceding the study.

Statistical analysis

Continuous variables were presented as mean + standard deviation, and categorical variables were summarized
with frequencies and percentages. The Wilcoxon rank-sum test was used to compare continuous variables
between two groups, while the chi-squared test was applied for categorical variables.

To develop a predictive scoring system for the onset of T2DM, two-thirds of all eligible individuals
were randomly allocated to the derivation dataset and the remaining one-third to the validation dataset.
Randomization was performed using a computer-generated random number sequence, ensuring that each
individual had an equal probability of being assigned to either cohort. This sampling process was conducted
once, and we subsequently compared baseline characteristics between the derivation and validation cohorts to
confirm their consistency.

Univariable and multivariable cause-specific Cox proportional hazards regression analyses were executed
using the derivation dataset to identify factors predictive of T2DM onset, treating deaths as censoring events.
Cumulative incidence functions were estimated considering death as a competing risk, consistent with previous
epidemiological studies?. These analyses produced HR, 95% confidence intervals (CIs), and p-values. Variables
with p-values below 0.05 in univariable analysis were included in the multivariable model. In selecting variables
for the multivariable analysis, if two variables exhibited a Spearman’s correlation coeflicient exceeding 0.4 in
absolute value, we chose the variable with greater clinical relevance. Clinical relevance was defined based on
both prior evidence of association with T2DM and practical interpretability for clinical and public health use.
We excluded variables from the multivariable model if they had more than 5% missing values in the health
checkup data. Variables significant in the multivariable analysis were identified as predictive factors.

Regression coefficients from the multivariable Cox proportional hazards model, representing the natural
logarithm of the hazard ratios (HRs), were used to derive predictive index scores. These coeflicients were
standardized by multiplying them by a constant factor and then rounded to create integer-based weighted
scores. The total predictive index was calculated as the sum of scores assigned to each predictive factor category.
To evaluate the validity of this scoring system, we randomly divided the study population into derivation and
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validation cohorts. Predictive performance was assessed in the validation cohort using Harrell’s c-index? to
measure model discrimination. In addition, we constructed cumulative incidence curves for T2DM onset across
score categories, accounting for death as a competing risk. This internal validation demonstrated consistent
predictive ability, with higher scores corresponding to increased risk of T2DM.

Given the non-random occurrence of missing covariates among participants, simple imputation of missing
data was avoided. All p-values were two-tailed, and results were reported alongside 95% CIs. A p-value of less
than 0.05 was considered statistically significant. All statistical analyses were conducted utilizing SAS version
9.4 (SAS Institute Inc., Cary, NC, USA) and EZR version 1.60 (Saitama Medical Center, Jichi Medical University,
Saitama, Japan), which serves as a graphical user interface for R¥,

Results
Characteristics of patients
Figure 2 presents a detailed flow chart outlining the selection process of the study cohort from the extensive
SKDB case dataset. Of the 2,571,418 individuals cataloged in the SKDB, 672,482 underwent health checkups and
had a one-year baseline. The analytical cohort was refined by excluding patients already diagnosed with T2DM
or on antidiabetic agents (58,642 cases), those with low eGFR (eGFR <30 mL/min/1.73 m?, 32,347 cases) or with
a history of any cancer (118,245 cases). This exclusion process resulted in 463,248 patients eligible for the study.
These patients were then randomly assigned to either the derivation or validation datasets, used to develop
and validate a predictive scoring system. The derivation dataset comprised 308,832 patients, while the validation
dataset included 154,416 patients. Comparative analysis of these groups revealed no significant disparities in
patient characteristics between the derivation and validation datasets, as detailed in Supplementary Table 4.

Predictive factors for type 2 diabetes mellitus

Table 1 presents the demographic and clinical characteristics of the patients in the derivation dataset. Over the
observation period (median [max]: 5.17 [8.50] years), 52,152 of the 308,832 individuals (16.9%) were diagnosed
with T2DM. The validation dataset (n=154,416) had a similar observation period of 5.14 years (median) with
a maximum of 8.50 years; during this time,17.0% of participants, or 26,279 individuals, received a T2DM
diagnosis.

2,571,418 individuals cataloged in the SKDB (April 1, 2012, to September 30, 2021)

Excluded
1,898,936 did not receive a medical checkup or received a medical checkup
without a 1-year baseline period

TN

A

672,482 underwent health checkups and had a baseline period of one year

Excluded

58,642 diagnosed with diabetes or prescribed antidiabetic during the baseline period
L eeennepl 32,347 low eGFR patients
118,245 a history of any cancer (apart from nonmelanoma skin cancer)

v

463,248 Analysis Data Set

Random sampling of 2:1

v \ 4

308,832 Derivation Dataset 154,416 Validation Dataset

Fig. 2. Flow diagram of this study. Among 2,571,418 individuals registered in the Shizuoka Kokuho Database
(SKDB) between April 1, 2012, and September 30, 2021, a total of 1,898,936 were excluded because they did
not undergo a medical checkup or lacked a 1-year baseline period. Of the remaining 672,482 participants,
those with pre-existing diabetes or antidiabetic prescriptions during the baseline period (n=>58,642), low
estimated glomerular filtration rate (eGFR) (n=32,347), or a history of cancer other than nonmelanoma

skin cancer (n=118,245) were excluded. The final analysis dataset included 463,248 individuals, which were
randomly divided into a derivation dataset (n=308,832) and a validation dataset (n=154,416) in a 2:1 ratio.
SKDB, Shizuoka Kokuho Database, eGFR: estimated glomerular filtration rate.
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Without diabetes mellitus | With diabetes mellitus
Variable Category or unit | n=256,680 n=>52,152 p-value
Age 1 year 66.21 (11.71) 69.54 (9.62) <0.001
<50 years 29,134 (11.4) 1943 (3.7) <0.001
50-<60 years 26,736 (10.4) 3696 (7.1)
Age as categorical variable 60-<70 years 102,453 (39.9) 21,445 (41.1)
70-<80 years 67,406 (26.3) 16,931 (32.5)
>80 years 30,951 (12.1) 8137 (15.6)
Sex Female 162,657 (63.4) 32,553 (62.4) <0.001
Health checkup
<18.5 26,492 (10.3) 4366 (8.4) <0.001
18.5-<22 98,130 (38.3) 17,051 (32.7)
BMI (kg/m?) 22-<25 83,113 (32.4) 17,710 (34.0)
25-<30 43,424 (16.9) 11,287 (21.7)
>30 5375 (2.1) 1702 (3.3)
<120 73,880 (28.8) 11,482 (22.0) <0.001
120-<130 63,647 (24.8) 12,733 (24.4)
Systolic blood pressure (mmHg) 130-<140 57,592 (22.4) 12,997 (24.9)
140-<150 32,593 (12.7) 7790 (14.9)
150-<160 15,966 (6.2) 3917 (7.5)
>160 12,939 (5.0) 3212 (6.2)
<70 75,990 (29.6) 14,140 (27.1) <0.001
70-<80 89,990 (35.1) 18,220 (35.0)
Diastolic blood pressure (mmHg) | 80-<90 65,467 (25.5) 14,218 (27.3)
90-<100 19,578 (7.6) 4222 (8.1)
>100 5581 (2.2) 1329 (2.5)
>50 4042 (1.9) 961 (2.2) <0.001
Hematocrit (%) 40-50 138,036 (65.0) 27,692 (64.2)
30-<40 69,096 (32.6) 14,333 (33.2)
<30 1100 (0.5) 177 (0.4)
>15.5 21,082 (9.9) 4381 (10.1) 0.504
13.5-<15.5 90,784 (42.8) 18,344 (42.5)
Hemoglobin (g/dL)
11.5-<13.5 88,312 (41.6) 17,975 (41.6)
<11.5 12,146 (5.7) 2475 (5.7)
>550 2432 (1.1) 529 (1.2) <0.001
450-<550 89,722 (42.2) 18,074 (41.9)
Erythrocyte count (10%/uL)
350-<450 116,610 (54.9) 23,687 (54.9)
<350 3692 (0.7) 892 (2.1)
<100 142,793 (55.6) 25,661 (49.2) <0.001
Triglyceride (mg/dL) 100-<150 67,987 (26.5) 14,980 (28.7)
>150 45,861 (17.9) 11,503 (22.1)
>40 245,430 (95.6) 48,982 (93.9) <0.001
HDL cholesterol (mg/dL)
<40 11,208 (4.4) 3161 (6.1)
<120 110,372 (43.0) 22,476 (43.1) 0.022
LDL cholesterol (mg/dL) 120-<140 64,818 (25.3) 12,893 (24.7)
>140 81,408 (31.7) 16,774 (32.2)
<30 223,423 (87.0) 43,504 (83.4) <0.001
AST (IU/L) 30-<50 29,187 (11.4) 7342 (14.1)
>50 4067 (1.6) 1306 (2.5)
<30 229,118 (89.3) 44,912 (86.1) <0.001
ALT (IU/L) 30-<50 21,246 (8.3) 5357 (10.3)
>50 6313 (2.5) 1883 (3.6)
<50 226,431 (88.2) 44,926 (86.2) <0.001
y-GTP (IU/L) 50-<100 21,672 (8.4) 5022 (9.6)
>100 8540 (3.3) 2194 (4.2)
Continued
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Without diabetes mellitus | With diabetes mellitus

Variable Category or unit | n=256,680 n=>52,152 p-value

<55 104,516 (41.1) 13,647 (26.4) <0.001
Hemoglobin Alc (%) 5.5-<6 129,659 (50.9) 26,029 (50.3)

6-<6.5 20,405 (8.0) 12,080 (23.3)

>60 (G1-2) 199,850 (77.9) 38,319 (73.5) <0.001
eGFR (mL/min/1.73 m?) 45-<60 (G3a) 48,945 (19.1) 11,501 (22.1)

30-<45 (G3b) 7885 (3.1) 2332 (4.5)

>9 1371 (0.6) 381 (0.8) <0.001

7-<9 21,154 (8.6) 5192 (10.3)
Uric acid (mg/dL)

5-<7 105,720 (42.8) 23,143 (45.8)

<5 118,741 (48.1) 21,850 (43.2)

- 222,284 (87.0) 44,040 (84.8) <0.001
Urinary protein + 21,788 (8.5) 4706 (9.1)

>+ 11,291 (4.4) 3174 (6.1)
Taking medication for common ailments
Medication for hypertension Presence 84,283 (32.8) 23,071 (44.2) <0.001
Medication for dyslipidemia Presence 59,680 (23.3) 16,781 (32.2) <0.001
Lifestyle habits
Habitual smoker? Presence 31,753 (12.4) 5847 (11.2) <0.001
Exercise habits* Presence 116,220 (50.0) 23,708 (50.4) 0.096
>10-kg weight gain since age 20 | Presence 61,806 (26.6) 15,225 (32.3) <0.001
Heavy drinking® Presence 11,750 (4.6) 2299 (4.4) 0.093

Table 1. Demographic profiles of patients in the derivation dataset (n=308,832). BMI Body mass index,

HDL High-density lipoprotein, LDL Low-density lipoprotein, AST Aspartate aminotransferase, ALT Alanine
aminotransferase, GTP Glutamyl transpeptidase. "Habitual smoker was defined as a person who has

smoked > 100 cigarettes or has been a habitual smoker for > 6 months and smoked for > 1 month. *Exercise
habit was defined a person who performed exercise that involved slight sweating for 30 min or more at least
twice a week for over 1 year. SHeavy drinking was defined as a person who consumes alcohol daily with a daily
intake exceeding 360 mL.

Table 2 outlines the results of both univariable and multivariable regression analyses conducted on the
derivation dataset. The univariate analysis identified several statistically significant predictors, including age,
gender, and 16 health checkup parameters, such as BMI, systolic blood pressure, and diastolic blood pressure.
Medications, specifically antihypertensive and lipid-lowering drugs, were also significant predictors. Additionally,
lifestyle factors, such as exercise habits, weight gain of > 10 kg after the age of 20, and heavy drinking emerged as
significant predictors in the analyses.

Among the pairs of variables exhibiting an absolute Spearman correlation coefficient greater than 0.4
(Supplementary Table 5), those with p-values < 0.05 were included in the multivariable model. Significant
correlations were observed between hematocrit, hemoglobin, and erythrocyte count, as well as between
hemoglobin and sex. Additionally, sex correlated with urinary acid levels, prompting its selection for further
analysis. Both systolic and diastolic blood pressures exhibited correlations; however, given its recognized role
as a risk factor for lifestyle-related diseases such as cardiovascular incidents across all age groups and sexes?,
systolic blood pressure was selected for inclusion. Despite ongoing debate regarding the roles of systolic versus
diastolic blood pressure in pathophysiology, the former is deemed more crucial in blood pressure assessment.
Furthermore, BMI and weight gains of > 10 kg after age of 20 were correlated, leading to the selection of BMI for
this study as its measured values are considered more reliable than self-reported weight. A correlation was noted
between AST and ALT, with both identified as risk factors for lifestyle-related diseases, including T2DM?%-33,
Research has shown that elevated AST levels can independently serve as a risk factor for such diseases®! .
Consequently, we chose to focus on AST in our study.

The multivariable regression analysis indicated that increasing age, male sex, a BMI over 22, systolic blood
pressure> 130 mmHg, triglyceride levels above 100 mg/dL, HDL cholesterol below 40 mg/dL, LDL cholesterol
above 140 mg/dL, AST levels over 30 IU/L, g-GTP over 50 IU/L, HbA1c levels exceeding 5.5%, reduced eGFR
below 60 mL/min/1.73 m?, and the presence of urinary protein at levels of [>+], along with medication use for
hypertension and dyslipidemia, exercise habits, and heavy drinking were all associated with an increased risk of
developing T2DM.

Predictive scoring system for the onset of type 2 diabetes mellitus

By applying HRs derived from the multivariable Cox regression model, we developed a scoring system that
predicts the onset of T2DM. This system assigns weighted scores to each predictive factor, as outlined in Table 3.
The distribution of scores is shown in Supplementary Fig. la (derivation) and 1c (validation). In the derivation
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Univariable model Multivariable model
Variable (reference) Category or unit | HR | 95% CI p-value | HR | 95%CI | p-value
Age 1 year 1.02 | 1.02-1.05 | <0.001
50-<60 years 1.67 | 1.58-1.77 | <0.001 1.47 | 1.39-1.55 | <0.001
60-<70 years 2.26 | 2.16-2.37 | <0.001 1.84 | 1.75-1.93 | <0.001
Age (<50)
70-<80 years 2.70 | 2.57-2.83 | <0.001 2.16 | 2.06-2.28 | <0.001
>80 years 2.82 | 2.68-2.96 | <0.001 2.19 | 2.07-2.32 | <0.001
Sex (women) Men 1.16 | 1.14-1.18 | <0.001 1.17 | 1.15-1.19 | <0.001
Health checkup
18.5-<22 1.03 | 1.00-1.05 | 0.091 0.98 | 0.94-1.01 | 0.190
22-<25 1.25 | 1.21-1.29 | <0.001 1.04 | 1.00-1.08 | 0.038
BMI (<18.kg/m?)
25-<30 1.56 | 1.51-1.62 | <0.001 1.15 | 1.11-1.20 | <0.001
>30 2.04 | 1.92-2.15 | <0.001 1.48 | 1.39-1.57 | <0.001
120-<130 1.22 | 1.19-1.25 | <0.001 1.01 | 0.98-1.04 | 0.496
130-<140 1.34 | 1.30-1.37 | <0.001 1.04 | 1.01-1.07 | <0.001
Systolic blood pressure (<120 mmHg) | 140-<150 1.42 | 1.38-1.46 |<0.001 | 1.06 | 1.03-1.10 | 0.010
150-<160 1.49 | 1.44-1.55 | <0.001 1.10 | 1.06-1.14 | <0.001
2160 1.59 | 1.53-1.65 | <0.001 1.17 | 1.12-1.22 | <0.001
70-<80 1.05 | 1.03-1.08 | <0.001
80-<90 1.13 | 1.10-1.15 | <0.001
Diastolic blood pressure (<70 mmHg)
90-<100 1.17 | 1.13-1.21 | <0.001
>100 1.38 | 1.30-1.46 | <0.001
40-<50 0.74 | 0.69-0.79 | <0.001
Hematocrit (=50%) 30-<40 0.72 | 0.68-0.77 | <0.001
<30 0.72 | 0.62-0.85 | <0.001
13.5-<15.5 0.90 | 0.87-0.93 | <0.001
Hemoglobin (>15.5 g/dL) 11.5-<13.5 0.85 | 0.83-0.88 | <0.001
<115 0.92 | 0.87-0.96 | <0.001
450-<550 0.82 | 0.75-0.89 | <0.001
Erythrocyte count (2550 10%/uL) 350-<450 0.76 | 0.70-0.83 | <0.001
<350 0.99 | 0.89-1.11 | 0.884
100-<150 1.20 | 1.18-1.23 | <0.001 1.03 | 1.00-1.05 | 0.029
Triglyceride (<100 mg/dL)
>150 1.40 | 1.37-1.43 | <0.001 1.09 | 1.06-1.11 | <0.001
HDL cholesterol (=40 mg/dL) <40 1.43 | 1.38-1.49 | <0.001 1.11 | 1.07-1.16 | <0.001
120-<140 0.95 | 0.93-0.97 | <0.001 0.98 | 0.96-1.01 | 0.204
LDL cholesterol (<120 mg/dL)
140- 1.00 | 0.98-1.02 | 0.787 1.04 | 1.02-1.06 | 0.001
30-<50 1.29 | 1.25-1.32 | <0.001 1.11 | 1.08-1.14 | <0.001
AST (<30 IU/L)
>50 1.75 | 1.66-1.85 | <0.001 1.37 | 1.29-1.46 | <0.001
30-<50 1.34 | 1.30-1.38 | <0.001
ALT (<30 IU/L)
=50 1.70 | 1.62-1.78 | <0.001
50-<100 1.24 | 1.20-1.27 | <0.001 1.07 | 1.04-1.11 | <0.001
y-GTP (<50 TU/L)
>100 1.41 | 1.35-1.47 | <0.001 1.23 | 1.17-1.29 | <0.001
5.5-<6 1.48 | 1.45-1.51 | <0.001 1.39 | 1.36-1.42 | <0.001
HbAlc (<5.5%)
6-<6.5 4.13 | 4.03-4.24 | <0.001 3.67 | 3.58-3.77 | <0.001
45-<60 G3a 1.20 | 1.17-1.22 | <0.001 1.01 | 0.99-1.03 | 0.424
eGFR (260 mL/min/1.73 m?)
30-<45 G3b 1.56 | 1.49-1.62 | <0.001 1.16 | 1.11-1.22 | <0.001
7-<9 0.81 | 0.73-0.90 | <0.001
Uric acid (>9 mg/dL) 5-<7 0.68 | 0.62-0.76 | <0.001
<5 0.56 | 0.50-0.62 | <0.001
+ 1.13 | 1.10-1.17 | <0.001 1.07 | 1.04-1.11 | <0.001
Urinary protein (-)
>+ 1.50 | 1.44-1.55 | <0.001 1.24 | 1.19-1.29 | <0.001
Taking medication for common ailments
Medication for hypertension (absence) | Presence 1.49 | 1.47-1.52 | <0.001 1.17 | 1.15-1.20 | <0.001
Medication for dyslipidemia (absence) | Presence 1.40 | 1.37-1.42 | <0.001 | 1.13 | 1.10-1.15 | <0.001
Lifestyle habits
Habitual smoker (absence) Presence 1.02 | 0.99-1.05 | 0.228
Exercise habits Presence 1.04 | 1.02-1.06 | <0.001 1.05 | 1.03-1.07 | <0.001
Continued
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Univariable model Multivariable model
Variable (reference) Category or unit | HR | 95% CI p-value | HR | 95%CI | p-value
>10-kg weight gain since age 20 Presence 1.37 | 1.35-1.40 | <0.001
Heavy drinking (absence) Presence 1.05 | 1.01-2.09 | 0.029 1.08 | 1.04-1.14 | 0.001

Table 2. Results from univariable and multivariable Cox proportional hazards regression analyses for type
2 diabetes mellitus. HR Hazard ratio, CI Confidence interval, BMI Body mass index, HDL High-density
lipoprotein, LDL Low-density lipoprotein, AST Aspartate aminotransferase, ALT Alanine aminotransferase,
GTP Glutamyl transpeptidase.

Variable (unit) Category Score
40-<50 years | 0
50-<60 years | 0.384
Age 60-<70 years | 0.609
70-<80 years | 0.772
>80 years 0.783

Sex Men 0.156
Health checkup
18.5-<22 -0.024
22-<25 0.039
BMI (kg/m?)
25-<30 0.14
>30 0.39

120-<130 0.009

130-<140 0.036
Systolic blood pressure (mmHg) | 140-<150 0.059
150-<160 0.093

>160 0.16

100-<150 0.025
Triglyceride (mg/dL)

>150 0.083
HDL cholesterol (mg/dL) <40 0.107

120-<140 -0.015
LDL cholesterol (mg/dL)

140- 0.037

30-<50 0.101
AST (IU/L)

=50 0.314

50-<100 0.07
y-GTP (IU/L)

>100 0.205

5.5-<6 0.329
Hemoglobin Alc (%)

6-<6.5 1.301

45-<60 G3a | 0.01
30-<45G3b | 0.149

eGFR (mL/min/1.73 m?)

+ 0.069
Urine protein

>+ 0.212
Therapeutic medication
Antihypertensive medication Presence 0.157
Dyslipidemia medication Presence 0.120
Lifestyle habits
Heavy drinking Presence 0.081
Exercise habits Presence 0.046

Table 3. Predictive scores for the onset of type 2 diabetes mellitus. BMI Body mass index, HDL High-density
lipoprotein, LDL Low-density lipoprotein, AST Aspartate aminotransferase, ALT Alanine aminotransferase,
GTP Glutamyl transpeptidase.

cohort, the median predictive index was 1.163 (range —0.039 to 4.039), whereas in the validation cohort, it was
1.165 (range —0.039 to 3.595). The distribution of these predictive scores across individuals in the derivation
and validation datasets is shown in Supplementary Fig. 1. In both datasets, an increase in the predictive score
correlates with a higher proportion of T2DM diagnoses (Supplementary Fig. 1b and 1d), demonstrating good
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Fig. 3. Cumulative incidence curves for the onset of diabetes mellitus classified by score category from
validation dataset. Patients were classified into the following score categories: less than 0.5, 0.5 to less than 1, 1
to less than 1.5, 1.5 to less than 2, 2 to less than 2.5, and 2.5 or higher.

calibration between predicted and observed risks. For the derivation dataset, the predictive score yielded an
HR of 2.64 (95% CI, 2.60-2.68) and a c-index of 0.652 (95% CI, 0.650-0.654). Additionally, the cumulative
incidence curves for the onset of T2DM, segmented by predictive score, are presented in Supplementary Fig. 2,
demonstrating a consistent rise in incidence with increasing scores.

In the validation dataset, which comprised 154,416 individuals, the predictive score attained a c-index of
0.656 (95% CI, 0.652-0.659) with an HR of 2.70 (95% CI, 2.64-2.76). The associated cumulative incidence
curves are shown in Fig. 3. Cumulative incidence rates of T2DM up to three years, classified by predictive score,
were as follows: 3.0% (95% CI, 2.7-3.4) for scores below 0.5, 5.7% (95% CI, 5.5-6.0) for scores ranging from 0.5
to below 1, 9.4% (95% CI, 9.1-9.6) for scores from 1 to below 1.5, 13.9% (95% CI, 13.4-14.4) for scores from 1.5
to below 2, 24.8% (95% CI, 23.9-25.7) for scores from 2 to below 2.5, and 32.4% (95% CI, 30.9-33.9) for scores
2.5 and above. Incidence rates after one and five years are presented in Supplementary Table 6. As shown in
Fig. 3, higher predictive scores were consistently associated with greater cumulative incidence, demonstrating
clear risk stratification across categories.

Discussion
Our study has developed a comprehensive predictive tool through meticulous analysis of a large dataset
comprising 463,248 patients from 2012 to 2021. This tool aims to identify individuals at imminent risk of
developing T2DM. Compared with previous Japanese studies”!%%, the originality of our work lies in its broader
and more heterogeneous cohort, inclusion of older adults, and the use of Cox regression analysis to appropriately
account for censoring. By employing categorical predictors and excluding individuals with baseline HbAlc >
6.5%, we targeted true incident cases and enhanced applicability to both clinical and public health practice.
The resulting score-based model is simple, provides absolute 1-, 3-, and 5-year risks, and can be used without
specialized computational tools.

Previous studies have identified multiple risk factors for the onset of T2DM, such as male sex, older
age, elevated BMI, high SBP, increased liver enzymes, elevated HbAlc levels, urinary protein, dyslipidemia,
hypertension, and exercise habits”?*3%34-3°  and our results are considered reasonable. These factors are
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well-documented across numerous studies and are in line with the risk factors listed in the Japanese diabetes
guidelines*’. However, a significant concern in Japan is the lack of comprehensive assessments of individual risks
for T2DM, despite known ethnic and regional variations in T2DM susceptibility*!. Our study addresses this gap
by reassessing these risk factors and incidence rates within a large-scale cohort in Japan, assigning weights to
each factor based on their contribution to T2DM onset.

Although several studies have previously developed predictive models for T2DM, they often involved smaller
sample sizes, focused on specific subgroups, or had limited generalizability”12?*4243_ In particular, Nanri et
al. and Sasagawa et al. reported models based on occupational health screening data’??, whereas our study
utilized health check-up data from the general population, thereby including a broader age distribution and
older individuals. Furthermore, we applied stricter exclusion criteria (e.g., pre-existing T2DM or HbAlc
> 6.5%), which may have influenced the baseline risk distribution and contributed to differences in model
performance. Another distinction is that while prior studies incorporated lifestyle questionnaire data, our model
was constructed using only routinely collected health check-up variables, enhancing its practical applicability
but potentially reducing discriminatory power. Finally, our analytic framework employed cause-specific Cox
proportional hazards models with competing risk methodology, in contrast to conventional Cox models used
previously. These methodological and population-level differences likely account for the observed variation
in discriminatory ability. Furthermore, we evaluated the calibration of the proposed predictive model. The
calibration plots demonstrated good agreement between predicted and observed risks, thereby supporting the
external validity of the model. Taken together, these findings highlight that direct comparisons across models
should be interpreted cautiously, but they also underscore the robustness and real-world relevance of our
approach.

In addition to these strengths, it is important to consider how our study differs from recently published
models, such as that of Xu et al.!®. While Xu et al. applied logistic regression and restricted the analysis to
participants with at least five years of follow-up, our study employed a Cox proportional hazards model to fully
utilize time-to-event information and include all eligible participants at baseline. The former approach may
introduce selection bias by excluding individuals with shorter follow-up, whereas our survival-based framework
appropriately handles censoring and provides incidence-based risk prediction. These methodological differences
limit direct comparison of C-index values between studies. Nonetheless, both Xu et al. and our study identified
similar predictors, including age, BMI, and HbAlc, underscoring the robustness of these risk factors across
different analytic strategies.

T2DM is known as a preventable disease’, and the benefits of prevention or early intervention have been
well-documented*. These considerations extend beyond the non-elderly population, as the prevalence of T2DM
among the elderly is on the rise globally®. In this context, prevention strategies for older adults are particularly
valuable. A key aspect of our study is the inclusion of older adults in the development of predictive models. The
benefits of predicting and preventing T2DM among the elderly are as follows: First, timely interventions can
mitigate the progression of T2DM and its complications, such as cardiovascular disease and renal impairment,
thereby enhancing quality of life for elderly individuals®®. Second, early prediction of T2DM can identify at-
risk individuals, facilitating interventions that prevent the onset of frailty—a crucial factor in maintaining
independence and alleviating healthcare burdens?. Third, by preventing the complications associated
with poorly managed T2DM, a considerable reduction in healthcare costs can be achieved?’. Therefore, the
development of predictive models that incorporate older adults not only enhances preventive care but also helps
in circumventing the costly treatments required for advanced T2DM complications.

Recent literature has advocated for the development of prediction models*®*°. We employed a random
splitting method to construct our prediction model. Collins et al. have highlighted potential drawbacks of split-
sample method, including reduced sample sizes and the risk of cherry-picking through repeated random splits
to achieve favorable outcomes*®. However, our study mitigates these concerns with a large dataset and a single
instance of random sampling. Furthermore, Dhiman et al., underscore that the split-sample method continues
to be widely used in developing prediction models®, reinforcing the validity of our methodology.

In Japan, two reports from the same cohort have presented data on T2DM prediction models. Nanri et al.
achieved C-indexes of 0.717 with a non-invasive model and 0.893 with an invasive model’, while Sasagawa et
al. reported a C-index of 0.872%. Notably, Nanri et al. did not include survival time at the three-year mark in
their model, whereas Sasagawa et al. employed survival analysis in their approach. However, the methods used
to calculate the C-index for evaluating predictive performance in these studies are not described, making direct
comparisons with our work challenging. Our model encompasses the entire study period and utilizes Harrell’s
C-index for assessing predictive performance. Given these differences, a direct comparison of predictive accuracy
between our model and those from the previous studies is not feasible.

Our predictive model differs from previous studies by Nanri et al.” and Sasagawa et al.” in key aspects. While
it demonstrated lower discrimination than those models, this likely reflects differences in study populations,
inclusion criteria, available predictors, and analytic methods. Although direct comparisons are difficult, a
notable strength of our study is that it is based on a general population including older adults, making it broadly
applicable at the population level. We excluded individuals with HbAlc>6.5% at baseline to focus on those
without diagnosed diabetes, enhancing early detection and intervention. Unlike prior studies targeting younger
occupational cohorts, our study included a general population aged 40 and above, with many elderly participants,
making our model applicable to a broader demographic. Additionally, our model utilizes data readily available
from routine health check-ups without requiring complex calculations, increasing its practicality for widespread
clinical use.

Machine learning and deep learning are increasingly utilized in the development of predictive models
Sasagawa et al. reported improved prediction accuracy with deep learning compared with traditional Cox
proportional hazards models®. Specifically, Cox proportional hazards-based models yielded an area under the
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receiver-operating characteristic curve (AUC) of 0.872 (95% CI; 0.858-0.886) for predicting T2DM mellitus.
In contrast, DeepSurv-based models achieved a slightly higher AUC of 0.878 (95% CI; 0.864-0.892), indicating
marginally better reclassification performance. However, the minimal difference in AUC suggests that the
benefits of using DeepSurv over Cox proportional hazards models may be limited, suggesting that the latter
could be adequately effective for constructing predictive models.

In developing the prediction model, we also considered constructing sex-specific models. However,
stratification by sex substantially reduced the sample size in each subgroup, which did not improve the C-index
and instead widened its standard error. Given our objective of creating a simple and broadly applicable screening
tool for the general population, we prioritized a unified model. Importantly, sex was included as a predictor in
this unified model, ensuring that sex-related differences in risk were appropriately accounted for.

As this is an observational study, conventional a priori power calculations are not directly applicable.
Following contemporary recommendations’, we justified the adequacy of the sample size not by relying on
arbitrary thresholds, but primarily through the precision of model performance estimates. Specifically, the
narrow 95% confidence intervals around the c-index in both the derivation and validation datasets indicate that
the estimates are stable and reproducible. In addition, we conducted post hoc power analyses (Supplementary
Table 7), which demonstrated that strong to moderate associations remain well detectable even at low exposure
prevalences, whereas weak associations become more difficult to detect in extremely rare exposures. Taken
together, these findings support that the study population is sufficiently large and appropriate to ensure robust
and reliable conclusions.

Our study presents 1-year, 3-year, and 5-year incidence rates for each predictive score category, calculated
using cumulative incidence functions that account for the competing risk of death. Figure 3 illustrates the
cumulative incidence of T2DM by predictive score category, showing clear stratification of risk. This finding
highlights the clinical utility of our model by providing easily interpretable probabilities that reflect different
levels of diabetes risk. Such visual representation reinforces the practical application of our risk score, supporting
clinicians in stratifying patients according to their risk and enabling individuals to better recognize their own
risk level. By presenting incidence rates in an accessible manner, our results may encourage more proactive
health management and lifestyle modifications.

In our study, we also evaluated the potential benefit of constructing sex-specific models. While men showed
a slightly higher C-index (0.673, 95% CI: 0.669-0.677) compared with women (0.647, 95% CI: 0.643-0.651),
these values were largely comparable to that of the unified model (0.652, 95% CI: 0.650-0.654). Importantly, the
confidence intervals overlapped substantially, indicating no statistically or clinically meaningful improvement
in discrimination. Moreover, stratification by sex reduced the sample size of each subgroup, resulting in wider
confidence intervals and decreased stability of the estimates. Consistent with established principles of prediction
model development, subgroup-specific models are generally recommended only when they provide clear
and reproducible improvements in predictive performance®’. Given our aim of developing a simple, broadly
applicable risk scoring system, we therefore prioritized a unified model while incorporating sex as a predictor to
account for sex-related differences in risk.

In this study, we included adults aged 40 and above to develop a predictive model applicable to a broad
population, encompassing both middle-aged and elderly individuals. While stratifying the analysis by variables
such as age groups or sex could highlight subgroup-specific risk factors, it would reduce the sample size within
each subgroup, potentially compromising the predictive performance and robustness of the model. While a
modified stratification strategy may need to be considered based on the method proposed by Yong et al.>2, we
believe that the current unified model is the most appropriate approach, balancing simplicity and predictive
performance. Therefore, we opted for a unstratified model that includes all eligible participants, enhancing the
practical applicability of our findings in diverse clinical settings.

Family history is a well-recognized risk factor for T2DM>-%. The absence of this variable in our study
may have reduced the model’s discriminative ability, as genetic predisposition could not be accounted for.
Nevertheless, our model maintains broad applicability by relying exclusively on routinely collected health
check-up data, which facilitates its feasibility and scalability for large populations. Future studies integrating
family history with health check-up information may further improve prediction performance and enhance
personalized risk stratification.

While our study offers valuable insights, it is important to recognize its limitations. First, the geographical
scope of our study was limited, as the database only included a subset of residents from Shizuoka prefecture.
Given that susceptibility to T2DM varies by ethnicity’®’, these results should be applied with caution to
populations other than Japanese. Additionally, our participant pool was limited to individuals enrolled in NHI
and LSEMCS, all of whom were undergoing health screenings. Consequently, generalizing these findings to a
broader population may not be advisable. Second, since our analysis was restricted to individuals aged 40 and
above, which may limit the applicability of our results to younger demographics. Third, we did not include
family history of T2DM in our current risk model because this information was not collected in the database.
However, it is noted that adults with a family history of T2DM tend to have higher BMI, waist circumference,
blood pressure, and glucose levels compared with those without>3-¢. Nanri et al. also noted that the predictive
power of risk models for T2DM that exclude family history was comparable to those that include it’, suggesting
that this omission may not compromise the model’s effectiveness. Furthermore, our dataset lacked information
on pregnancy, infertility treatments, and oral contraceptive pill (OCP) use because these are not covered by
public health insurance in Japan. However, since our participants were all aged 40 and above, with many being
elderly, the impact of these factors is likely minimal. Additionally, although steroid use can increase the risk
of T2DM, we couldn’t accurately identify steroid use from the claims data due to lack of detailed information.
Despite this, we found that diseases commonly treated with steroids, such as collagen diseases, were linked to
a higher risk of T2DM, indirectly accounting for thetential effects of steroid use. Fourth, the 95% confidence
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intervals for T2DM incidence rates presented in Fig. 3, Supplementary Fig. 2, and Supplementary Table 6
are intended for estimation rather than prediction. Therefore, when applying the predictive model in clinical
settings, this distinction must be considered. Fifth, the present scoring system is based on coeflicients with
decimal values, which may be cumbersome for manual calculation in clinical practice. While conversion to
integer scores could improve usability, it may also reduce model performance; therefore, we did not adopt this
approach. This remains a limitation of our study and warrants consideration for future refinements aimed at
clinical applicability. Despite these limitations, this study suggests that predicting individual risks of T2DM
onset for health screening participants could transform health awareness and facilitate early intervention in
T2DM management.

Conclusions

The predictive model developed in this study serves as a valuable tool for the early identification of individuals
at high risk for T2DM. Although the model demonstrates reliable predictive accuracy suitable for practical
use, future research should aim to broaden its demographic applicability and improve its predictive capacity
by incorporating more risk factors. Early identification of at-risk individuals can facilitate timely preventive
measures, which could substantially reduce the incidence and burden of T2DM.

Data availability

The datasets generated and analyzed during the current study are not publicly available due to data use restric-
tions imposed by Shizuoka Prefecture, but are available from the corresponding author on reasonable request
and with permission of Shizuoka Prefecture.
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