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ABSTRACT

Better identification of individuals at high risk for type 2 diabetes mellitus (T2DM) requires risk-
prediction models incorporating novel predictors. Accordingly, this study aimed to evaluate the merits of 
including long-term systolic blood pressure variability (SBPV) in predicting T2DM incidence in a Japanese 
cohort of 3017 participants (2446 men, 571 women; age, 36–65 years) in 2007, who were followed up 
until March 2019. Consecutive SBP values, recorded between 2003 and 2007, were regressed annually 
for each participant. The slope and root-mean-square error of the regression line were calculated for each 
individual to represent SBPV. The significance of SBPV was examined by adding it to a multivariate Cox 
model incorporating age, sex, smoking status, regular exercise, family history of diabetes, body mass index, 
blood levels of triglycerides, high-density lipoprotein cholesterol, and fasting blood glucose. The c-index, net 
reclassification improvement (NRI), and integrated discrimination improvement (IDI) were used to compare 
the performance of the prediction models without (Model 1) and with (Model 2) SBPV. During the 9.8-
year follow-up period, 135 participants developed T2DM. Although a statistically significant difference in 
c-index between Model 1 (0.785) and Model 2 (0.786) was not found, the NRI (8.312% [p < 0.001]) and 
IDI (0.700% [p = 0.012]) demonstrated that the performance of Model 2 improved compared with Model 
1. In conclusion, results suggested that long-term SBPV slightly improved predictive utility for T2DM 
when added to a conventional prediction model. The study was registered at University Hospital Medical 
Information Network Clinical Trial registry (UMIN000052544, https://www.umin.ac.jp/).
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INTRODUCTION

Diabetes mellitus (DM) is the third-leading and most rapidly increasing contributor to the 
global burden of disease, as assessed by disability-adjusted life years among individuals 50–74 
years of age in 2019.1 The International Diabetes Federation has projected that the number of 
individuals diagnosed with DM will reach 643 million by 2030 and 783 million by 2045, posing 
an enormous challenge to individual well-being and public health.2 To mitigate the burden of type 
2 DM (T2DM) on society by reducing its incidence, it would be highly beneficial to develop 
preventive measures using risk prediction models to identify individuals with an elevated risk 
for T2DM.3-5

Long-term blood pressure variability (BPV), often referred to as “visit-to-visit BPV”, emerges 
over the span of months or years between clinic visits. Research has linked BPV to various 
adverse health outcomes including stroke, cognitive dysfunction, and all-cause mortality.6-8 We 
and others have recently reported an association between systolic BPV (SBPV) and the develop-
ment of subsequent T2DM.9,10 However, a statistically significant association does not necessarily 
indicate utility in prediction11 beyond a model incorporating conventional factors.12-14 As such, the 
present study aimed to investigate whether incorporating long-term SBPV data into an existing 
predictive model could improve prediction of the development of T2DM.

MATERIAL AND METHODS

Population
The Aichi Workers’ Cohort Study is a prospective cohort study of non-communicable diseases 

including diabetes and cardiovascular diseases. It began in 1997 by recruiting employees from 
2 worksites (a local government and a manufacturing company) in Aichi Prefecture, Japan. 
Because follow-up in the manufacturing company ended in 2002, the baseline year for the 
present analysis was set to 2007, which enabled the construction of a year–SBP regression line 
using up to five years’ of SBP data before the start of the follow-up. Baseline data for this 
analysis were collected in 2007 from 3520 participants (2879 men, 641 women) between 36 and 
65 years of age, with the majority engaged in clerical roles. All participants provided informed 
consent. Individuals with a history of diabetes at baseline (n = 176) and those lacking essential 
covariate information (n = 327) were excluded; ultimately, therefore, the analysis included data 
from 3017 participants. The study protocol was approved by the Ethics Review Committee of 
the Nagoya University Graduate School of Medicine, Nagoya, Japan (Approval number, 504-7). 
This study was registered with University Hospital Medical Information Network Clinical Trial 
registry (UMIN) Clinical Trials Registry (UMIN000052544, registered October 19, 2023).
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Measurements
Participant weight was recorded to the nearest 0.5 kg, and height was measured to the nearest 

0.1 cm. These measurements were performed with the participants wearing standard indoor attire 
without shoes. Body mass index (BMI) was calculated as weight in kilograms divided by height 
in meters squared (kg/m2). Venous blood samples were collected from participants who had 
fasted for a minimum of 8 h or overnight. Serological tests were performed to analyze fasting 
blood glucose (FBG), high-density lipoprotein cholesterol (HDL-c), and triglyceride (TG) levels.

BP readings were obtained in accordance with the Japanese Society of Hypertension Guidelines 
for the Management of Hypertension 2000 (JSH 2000). BP measurements were performed after 
a 5 min rest period. Participants were instructed to refrain from consuming coffee or tobacco 
for at least 30 min before the examination. The majority of BP measurements were acquired 
using automated oscillometric BP monitoring devices (specifically, BP-103i II and BP-103N II, 
Nippon Colin Co, Ltd, Tokyo, Japan) while participants were in a seated position. Typically, only 
1 BP measurement per individual was recorded, unless SBP was ≥140 mmHg and/or diastolic 
BP was ≥90 mmHg, in which case an additional measurement was performed, with the lower 
of the 2 values recorded.

Definition of risk factors
Age was considered to be a continuous variable. BMI was classified into 4 categories: <23; 

23 to <25 (reference); 25 to <27.5; and ≥27.5 kg/m2. Obesity was defined15 as BMI ≥25 kg/m2. 
Smoking status was dichotomized as non-current (reference) versus (vs) current. Regular exercise 
was defined as 60 min/day for ≥12 days/month. Alcohol consumption was estimated from the 
frequency of drinking and the amount of alcohol per occasion, which was divided into 4 groups: 
0 (reference); <23; 23 to <46; and ≥46 g/day. A family history of diabetes was defined as the 
presence of first-degree relatives(s) (parents, sibling[s], or children) with the disease. History of 
dyslipidemia was dichotomized as self-reported antihyperlipidemic medication use or physician-
diagnosed hyperlipidemia. Blood levels of TG and HDL-c were categorized into 2 groups: ≥40 
mg/dL (reference) or <40 mg/dL; and <150 (reference) or ≥150 mg/dL, respectively. FBG levels 
were grouped into 3 categories: <100 (reference); 100–110; and 110–126 mg/dL.

Baseline SBP was treated as a continuous variable. SBPV was assessed using 2 indices: SBP 
change trend; and root-mean-square error (RMSE). The SBP change trend, representing the slope 
of the year–SBP regression line from 2003 to 2007, was considered to be a continuous variable. 
The RMSE of SBP, which is the standard deviation of SBP around the year–SBP regression line, 
was divided into tertiles, in ascending order, as follows: T1 (reference), T2, and T3.16

Follow-up and ascertainment of incident T2DM
Participants were monitored until the occurrence of T2DM, cessation of employment, death, 

or until March 31, 2019, whichever occurred first. However, retirees who consented to participate 
via mail were included in the cohort. In cases of death during employment, confirmation was 
obtained through the worksite’s healthcare division or via notification by the next of kin during 
biennial postal follow-up surveys.

Cases of incident T2DM were identified through compulsory annual health check-ups con-
ducted at the workplace until retirement, as well as through questionnaire surveys administered 
during employment and post-retirement. The former was defined as an FBG level ≥126 mg/dL 
and, if available, a glycated hemoglobin (HbA1c) level ≥6.5% (in accordance with the United 
States National Glycohemoglobin Standardization Program method). However, HbA1c testing was 
only performed in patients with positive urinary glucose levels. A self-administered questionnaire 
survey was conducted approximately every 2 years from 2006 to 2019. Participants were requested 
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to report any medical history related to specific conditions, including T2DM. Those who reported 
a history of T2DM were further asked to provide information about the physician overseeing 
their disease management so that medical records could be verified.

Statistical analysis
A univariate Cox hazard model was used to determine hazard ratio (HR) and corresponding 

95% confidence interval (CI) for each predictor. A multivariable Cox proportional hazard model 
that forcedly entered variables, including sex, age, BMI, smoking status, alcohol consumption, 
regular exercise, family history of diabetes, history of dyslipidemia, baseline SBP, FBG, TG, 
and HDL-c, was used as a base model (Model 1). Model 2 included the variables from Model 
1 plus long-term SBPV. A backward elimination method, using p < 0.1, was used to confirm 
whether the SBPV variable remained in the model.

The prediction models were assessed for discrimination using c-index, which can have values 
from 0.5 (no discriminative ability) to 1.0 (perfect discrimination), with values <0.7, 0.7 to 
<0.8, and ≥0.8 considered to be poor, acceptable, and excellent discrimination, respectively.17 
The 2 c-indexes were compared by calculating the z-value to obtain a p-value (equation not 
shown).18 For the assessment of calibration—more specifically, how closely the predicted risks 
fit the actual risks—a calibration plot was used. Kaplan–Meier survival analysis was used to 
determine the T2DM event rate, which was then plotted against the event rate estimated by the 
prediction model. To draw a calibration plot, participants were categorized into 4 groups accord-
ing to quartile of the predicted rate.19 The slope and intercept of the regression line were used 
as calibration measures. The calibration slope indicates the extent to which the estimated risk 
matches the observed risk. Thus, the target value of the slope was 1, and that of the intercept 
was 0.20 The model was also calibrated using Greenwood-Nam-D’Agostino test, which is an 
extension of Hosmer–Lemeshow test for situations with censored survival data.21

Improvement in model performance was evaluated using categorical net reclassification 
improvement (NRI) and integrated discrimination improvement (IDI).22 The NRI quantified the 
appropriateness of the change in the predicted probabilities of T2DM between the 2 models. Re-
classification tables for participants who did (event group) and did not (nonevent group) develop 
T2DM were constructed using the 10-year risk categories <0.05, 0.05 to <0.10, and ≥0.10.23 The 
NRIs for the event and nonevent groups were calculated separately to yield the overall NRI. A 
z-score was calculated to determine whether the difference between the 2 models was statistically 
significant.18 The IDI is another—and, reportedly more sensitive—summary statistic of the area 
under the receiver operating characteristic curve (AUC) to evaluate the incremental value of an 
added predictor.24 The IDI can also be interpreted as the difference in the discrimination slopes 
between Models 1 and 2.25 This was calculated based on the probability predicted for each 
participant using the 2 models. The z-score was calculated to determine whether the differences 
between the 2 models were statistically significant.18

Several sensitivity analyses were performed, the first of which excluded participants who 
reported antihypertensive medication use in any year from 2003 to 2007 (n = 574) because 
the initiation of or adherence to antihypertensive therapy could be a source of long-term BPV. 
Second, an analysis that censored participants at 60 years of age was performed due to the 
dependence on self-reports for the ascertainment of T2DM incidence after retirement, by which 
annual mandatory health checkups were also conducted by the employer. Third, sex-stratified 
analysis was performed. Differences with p < 0.05 were considered to be statistically significant, 
and all analyses were performed using R version 4.2.1 (R Foundation for Statistical Computing, 
Vienna, Austria).



Nagoya J. Med. Sci. 87. 220–236, 2025� doi:10.18999/nagjms.87.2.220224

Zean Song et al

RESULTS

The mean age of the cohort at baseline was 48.7 years and the proportion of male participants 
was 81.1%. The prevalence of obesity (ie, BMI ≥25 kg/m2), current smoker, and alcohol consump-
tion ≥46 g/day were 19.8%, 21.7%, and 2.8%, respectively. Twenty-one percent of participants 
engaged in regular exercise, 3.1% had a family history of diabetes and 5.6% had a history of 
dyslipidemia. The mean baseline SBP was 124 mmHg. Of the participants, 3.8% had FBG values 
of 110–126 mmHg; 21.5% had TG values ≥150 mg/dL; and 5.1% had HDL-c levels <40 mg/
dL. The mean SBP change trend in the participants was 0.19 mmHg/year (Table 1). Thirty-five 
participants developed T2DM during a median follow-up of 9.8 years.

In the univariate models, sex, age, BMI, smoking status, alcohol consumption, history of 
dyslipidemia, baseline SBP, FBG, TG, and HDL-c, SBP change slope, and SBP RMSE were 
significantly associated with the incidence of T2DM. The multivariate Cox hazard model with a 
backward selection procedure confirmed that the SBP change slope and RMSE remained in the 
prediction model (Supplementary Table 1).

Table 1  Characteristics of participants and univariable HR (95% CI) for type 2 diabetes incidence,  
Aichi, Japan, 2007–2019

Risk factors Mean (SD) or N (%) Univariable HR (95% CI)

Age, year 48.7 (6.8) 1.04 (1.01–1.07)

Sex 

Female 571 (18.9) 1 (Reference)

Male 2446 (81.1) 1.95 (1.12–3.40)

Body mass index, kg/m2

<23.0 1654 (54.8) 1 (Reference)

23.0–<25.0 765 (25.4) 2.19 (1.42–3.38)

25.0–<27.5 429 (14.2) 2.94 (1.84–4.69)

≧27.5 169 (5.6) 5.47 (3.26–9.19)

Smoking status 

Non-current 2361 (78.3) 1 (Reference)

Current 656 (21.7) 1.49 (1.03–2.17)

Alcohol consumption, g/day

0 791 (26.2) 1 (Reference)

<23 1792 (59.4) 0.86 (0.58–1.27)

23–<46 351 (11.6) 0.93 (0.51–1.70)

≧46 83 (2.8) 2.15 (1.00–4.63)

Regular exercise

Yes 633 (21.0) 1 (Reference)

No 2384 (79.0) 0.98 (0.65–1.47)

Family history of diabetes

No 2922 (96.9) 1 (Refence)

Yes 95 (3.1) 1.23 (0.50–3.00)

History of dyslipidemia 

No 2849 (94.4) 1 (Reference)

Yes 168 (5.6) 2.14 (1.23–3.72)
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In Model 1, higher BMI (≥27.5 kg/m2, HR 3.62 [95% CI 2.09–6.28]), higher baseline SBP 
(HR 1.01 [95% CI 1.00–1.02), higher FBG (110 to <126 mg/dL, HR 8.13 [95% CI 4.82–13.7]), 
and lower HDL-c (HR 1.98 [95% CI 1.15–3.41]) were significantly associated with a higher 
incidence of T2DM. Model 2 results revealed that higher BMI (≥27.5 kg/m2, HR 3.51 [95% CI 
2.02–6.09]), higher FBG (110 to <126 mg/dL, HR 8.04 [95% CI 4.78–13.54]), lower HDL-c 
(HR 1.93 [95% CI 1.12–3.33]), and SBP RMSE tertile 3 (HR 1.77 [95% CI 1.13–2.77]) were 
significantly and positively associated with higher risks for developing T2DM (Table 2).

Baseline SBP, mmHg 124 (15) 1.03 (1.02–1.04)

Fasting blood glucose, mg/dL

<100 2411 (79.9) 1 (Reference)

100–<110 492 (16.3) 4.20 (2.89–6.09)

110–<126 114 (3.8) 9.77 (6.00–15.89)

Triglycerides, mg/dL

<150 2367 (78.5) 1 (Reference)

≧150 650 (21.5) 2.19 (1.54–3.11)

High-density lipoprotein cholesterol, mg/dL

≧40 2864 (94.9) 1 (Reference)

<40 153 (5.1) 3.06 (1.88–4.98)

SBP change trend, mmHg/year 0.19 (4.7) 1.04 (1.01–1.08)

SBP RMSE, mmHg

T1 1012 (33.5) 1 (Reference)

T2 999 (33.1) 1.49 (0.94–2.34)

T3 1006 (33.3) 1.99 (1.29–3.07)

HR: hazard ratio
CI: confidence interval
N: number
SD: standard deviation
SBP: systolic blood pressure
RMSE: root-mean-square error

Table 2  Multivariable Cox regression HR (95% CI) of the type 2 diabetes mellitus risk prediction model,  
Aichi, Japan, 2007–2019

Risk factors Model 1 HR (95% CI) Model 2 HR (95% CI)

Age, year 1.01 (0.98–1.04) 1.01 (0.98–1.04)

Sex 

Female 1 (reference) 1 (reference)

Male 1.12 (0.62–2.04) 1.22 (0.67–2.24)

Body mass index, kg/m2

<23.0 1 (reference) 1 (reference)

23.0–<25.0 1.55 (0.99–2.43) 1.56 (0.99–2.43)

25.0–<27.5 2.08 (1.28–3.39) 2.05 (1.26–3.34)

≧27.5 3.62 (2.09–6.28) 3.51 (2.02–6.09)
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Chi-squared values for the Greenwood-Nam-D’Agostino test for Model 1 and Model 2 
were 4.07 (p = 0.25) and 6.94 (p = 0.07), respectively (Table 3). The calibration slopes and 
intercepts for Model 2 were 1.083 and -0.079 (Figure 1), which confirmed that the model was 
well-calibrated.

Smoking status 

Non–current 1 (reference) 1 (reference)

Current 1.26 (0.84–1.87) 1.23 (0.83–1.84)

Alcohol consumption, g/day

0 1 (reference) 1 (reference)

<23 0.79 (0.52–1.18) 0.81 (0.54–1.22)

23–<46 0.68 (0.36–1.23) 0.71 (0.38–1.34)

≧46 1.52 (0.69–3.39) 1.59 (0.72–3.55)

Regular exercise

Yes 1 (reference) 1 (reference)

No 0.97 (0.64–1.47) 0.99 (0.65–1.50)

Family history of diabetes

No 1 (reference) 1 (reference)

Yes 1.10 (0.45–2.72) 1.15 (0.47–2.85)

History of dyslipidemia 

No 1 (reference) 1 (reference)

Yes 1.18 (0.67–2.10) 1.25 (0.70–2.22)

Baseline SBP, mmHg 1.01 (1.00–1.02) 1.00 (0.99–1.02)

Fasting blood glucose, mg/dL

<100 1 (reference) 1 (reference)

100–<110 3.48 (2.37–5.12) 3.51 (2.39–5.17)

110–<126 8.13 (4.82–13.71) 8.04 (4.78–13.54)

Triglycerides, mg/dL

<150 1 (reference) 1 (reference)

≧150 1.27 (0.86–1.87) 1.28 (0.87–1.89)

High–density lipoprotein cholesterol, mg/dL

≧40 1 (reference) 1 (reference)

<40 1.98 (1.15–3.41) 1.93 (1.12–3.33)

SBP change trend, mmHg/year – 1.02 (0.98–1.06)

SBP RMSE, mmHg

T1 – 1 (reference)

T2 – 1.29 (0.81–2.09)

T3 – 1.77 (1.13–2.77)

HR: hazard ratio
CI: confidence interval
SBP: systolic blood pressure
RMSE: root-mean-square error
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The c-indices for Models 1 and 2 were 0.785 (standard error = 0.020) and 0.786 (standard 
error = 0.022), respectively; the difference between the two c-indices, however, was not statisti-
cally significant (p = 0.386). The overall NRI was 0.083, with a positive value indicating that 
the addition of SBPV improved the prediction, and the degree of improvement was statistically 
significant (p < 0.001). More specifically, event and non-event reclassification table analyses 
indicated that the event NRI was 0.080, and the non-event NRI was 0.003 (Supplementary Tables 
2A and 2B). The IDI score was 0.007 (p = 0.018), indicating a significant improvement in the 
overall discriminative ability of the prediction model.

Fig. 1  Calibration plot for type 2 diabetes mellitus cases, showing predicted and observed 10-year risk 
 according to quartiles of Model 2 predicted 10-year risk

T2DM: type 2 diabetes mellitus

Table 3  Comparisons of the prediction models with or without SBP RMSE, Aichi, Japan, 2007–2019

Model 1 Model 2 p

c-index (standard error) 0.785 (0.020) 0.786 (0.022) 0.386

Greenwood-Nam-D’Agostino test (p-values) 4.07 (0.25) 6.94 (0.07)

NRI_event†, % 8.000

NRI_nonevent‡, % 0.312

NRI_overall§, % 8.312 <0.001

IDI, % 0.700 0.018

SBP: systolic blood pressure
RMSE: root-mean-square error
NRI: net reclassification improvement
IDI: integrated discrimination improvement
†NRI_event indicates the NRI calculated for event group.
‡NRI_nonevent indicates the NRI calculated for nonevent group.
§NRI_overall is the sum of NRI_event and NRI_nonevent indicates the total NRI for model 2 compared 
with Model 1.
Model 1 and Model 2 predictors are shown in Table 2.



Nagoya J. Med. Sci. 87. 220–236, 2025� doi:10.18999/nagjms.87.2.220228

Zean Song et al

An analysis that excluded participants who reported antihypertensive medication use in any 
year from 2003 to 2007 found that the c-indices of Models 1 and 2 were 0.798 and 0.800, 
respectively. The overall NRI and IDI values were 9.243% (p < 0.001) and 1.3% (p = 0.020), 
respectively (Supplementary Table 3). These results demonstrated the robustness of the findings. 
Second, an analysis of censored participants 60 years of age revealed that the discrimination 
between Models 1 and 2 was 0.817 (p = 0.023) and 0.818 (p = 0.023), respectively (Supplemen-
tary Table 4). The analysis restricted to male participants yielded similar results (Supplementary 
Tables 5 and 6).

DISCUSSION

This Japanese cohort study examined the value of long-term SBPV in predicting 10-year 
T2DM risk when added to a conventional prediction model. The addition of SBPV significantly 
improved predictive ability in terms of discrimination and calibration.

To our knowledge, this is the first study to explore the potential of SBPV as a predictor of 
T2DM incidence.26,27 Noble et al28 conducted a systematic review of 94 risk models to describe 
their statistical properties and clinical applications of published models. The previous risk models 
included similar components, such as age, sex, smoking, BMI, physical activity, SBP, family 
history of diabetes, FBG, TG, HDL-c, and had similar discriminatory properties, with AUCs 
ranging from 0.74 to 0.85.13,29-34 In the present study, we evaluated model performance using 
Harrell’s C (ie, c-index)18 and obtained a model that yielded a c-index of 0.786. Although the 
c-index did not increase (0.785 vs 0.786), the NRI and IDI revealed some improvement when 
SBPV was added as a predictor.35 This improvement meant that SBPV aided in the identification 
of individuals who would develop diabetes, thus enabling us to efficiently deliver preventive 
services.36 IDI, which would reflect the difference in the discrimination curves between 2 models, 
also indicated some improvement, although we caution that it could provide spurious results.37 
Collectively, our results suggest that the inclusion of SBPV as a predictor may slightly improve 
predictive capability.

However, limitations of the present study warrant further consideration. First, we were unable 
to conclude whether the model can be applied to women. Future studies should be conducted 
in different populations predominantly consisting of women. Second, although the present study 
found that SBPV could improve predictive ability, it is difficult to determine whether the 
improvement was significant from a preventive medicine or clinical perspective, because few 
studies have described the application and use of prediction models as interventions to change 
outcomes.38-40 Further research is required to examine the significance and utility of SBPV. Third, 
the single measurement of FBG and HbA1c levels used in the present study to define T2DM 
does not officially meet the diagnostic criteria of the Japan Diabetes Society.41 In addition, 
accurate classification of T2DM requires the measurement of islet-associated autoantibodies, 
such as glutamic acid decarboxylase.42 The same approach has been widely used in previous 
epidemiological studies in Japan43,44 and elsewhere.45,46 The T2DM cases in the present study 
may have included non-diabetic cases or those with slowly progressive insulin-dependent diabetes 
mellitus. Future prospective studies using larger databases, especially electronic medical records 
containing accurate T2DM diagnoses, should address this issue.47 Finally, even if additional BPV 
indicators are determined to be useful, more research investigating the pathogenesis of SBPV to 
determine reference threshold values of SBPV is required.

In conclusion, incorporating SBPV into a conventional model with predictors of BMI, TG, 
HDL-c, and FBG levels yielded a modest improvement in the predictive ability of the 10-year 
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T2DM risk model. Further research is necessary to explore the predictive power of SBPV for 
T2DM in different population settings as well as its practical application in preventive medicine.
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SUPPORTING INFORMATION

Supplementary Table 1  Multivariable Cox regression coefficients (standard errors) of the type 2 diabetes 
mellitus risk prediction model by backward elimination method for predictors selection,  

Aichi, Japan, 2007–2019

Predictors β (standard error) p values

Body mass index, kg/m2

<23 Reference 

23–<25 0.499 (0.226) 0.027

25–<27.5 0.771 (0.245) 0.002

≧27.5 1.302 (0.275) <0.001

Triglycerides, mg/dL

<150 Reference 

≧150 0.313 (0.194) 0.107

High–density lipoprotein cholesterol, mg/dL

<40 Reference 

≧40 –0.717 (0.267) 0.007

Fasting blood glucose, mg/dL 

<100 Reference 

100–<110 1.306 (0.191) <0.001

110–<126 2.140 (0.253) <0.001

SBP change trend, mmHg/year 0.029 (0.018) 0.101

SBP RMSE, mmHg

T1 Reference 

T2 0.278 (0.234) 0.234

T3 0.579 (0.223) 0.010

SBP: systolic blood pressure
RMSE: root-mean-square error

Supplementary Table 2A  Reclassification based on the 10-year predicted probability  
of T2DM incidence for event group

Predicted  
probability in  

Model 1

Predicted probability in Model 2

<0.05 <0.1 ≧0.1

<0.05 79 5 0

<0.1 1 14 6

≧0.1 0 0 20

Event group was defined as the participants who developed T2DM within or equal to 10 years. 
The predictors in Model 1 and Model 2 are shown in Table 2.
T2DM: type 2 diabetes mellitus
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Supplementary Table 2B  Reclassification based on the 10-year predicted probability  
of T2DM incidence for nonevent group

Predicted  
probability in  

Model 1

Predicted probability in Model 2

<0.05 <0.1 ≧0.1

<0.05 2166 79 1

<0.1 88 267 42

≧0.1 0 43 196

Nonevent group was defined as the participants who did not develop T2DM within or equal to 
10 years. The predictors in Model 1 and Model 2 are shown in Table 2.
T2DM: type 2 diabetes mellitus

Supplementary Table 3  Comparisons of the prediction models with or without SBP RMSE in a sample  
that excluded participants who reported antihypertensive medication use from 2003 to 2007

Model 1 Model 2 p

c-index (standard error) 0.798 (0.026) 0.800 (0.026) 0.93

Greenwood-Nam-D’Agostino test 2.46 (0.48) 3.60 (0.31)

NRI_event†, % 9.411

NRI_nonevent‡, % 0.168

NRI_overall§, % 9.579 <0.001

IDI, % 1.300 0.020

SBP: systolic blood pressure
RMSE: root-mean-square error
NRI: net reclassification improvement
IDI: integrated discrimination improvement
†NRI_event indicates the NRI calculated for event group.
‡NRI_nonevent indicates the NRI calculated for nonevent group.
§NRI_overall is the sum of NRI_event and NRI_nonevent indicates the total NRI for model 2 
compared with Model 1.
Model 1 and Model 2 predictors are shown in Table 2.

Supplementary Table 4  Multivariable Cox regression HR (95% CI) of the type 2 diabetes  
mellitus risk prediction model in an analysis that censored participants at 60 years of age,  

Aichi, Japan, 2007–2019

Risk factors Model 2 HR (95% CI)

Age, year 1.06 (1.02–1.10)

Sex 

Female 1 (reference)

Male 1.27 (0.67–2.42)
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Body mass index, kg/m2

<23.0 1 (reference)

23.0–<25.0 1.66 (0.99–2.77)

25.0–<27.5 2.98 (1.75–5.07)

≧27.5 3.86 (2.10–7.08)

Smoking status 

Non–current 1 (reference)

Current 1.22 (0.78–1.90)

Alcohol consumption, g/day

0 1 (reference)

<23 0.72 (0.45–1.13)

23–<46 0.69 (0.34–1.41)

≧46 1.68 (0.71–3.99)

Regular exercise

Yes 1 (reference)

No 1.05 (0.65–1.71)

Family history of diabetes

No 1 (reference)

Yes 1.38 (0.50–3.81)

History of dyslipidemia 

No 1 (reference)

Yes 0.69 (0.30–1.55)

Baseline SBP, mmHg 1.00 (0.99–1.02)

Fasting blood glucose, mg/dL

<100 1 (reference)

100–<110 3.40 (2.20–5.27)

110–<126 12.15 (6.98–21.14)

Triglycerides, mg/dL

<150 1 (reference)

≧150 1.04 (0.67–1.59)

High–density lipoprotein cholesterol, mg/dL

≧40 1 (reference)

<40 2.21 (1.22–4.03)

SBP change trend, mmHg/ year 1.02 (0.74–2.07)

SBP RMSE, mmHg

T1 1 (reference)

T2 1.24 (0.74–2.07)

T3 1.68 (1.01–2.77)

HR: hazard ratio
CI: confidence interval
SBP: systolic blood pressure
RMSE: root-mean-square error
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References End

Supplementary Table 5  Comparisons of the prediction models with or without SBP RMSE  
in female participants

Model 1 Model 2 p

c-index (standard error) 0.842 (0.056) 0.873 (0.042) 0.651

NRI_event†, % 17.848

NRI_nonevent‡, % –2.177

NRI_overall§, % 15.670 0.308

IDI, % 4.400 0.116

SBP: systolic blood pressure
RMSE: root-mean-square error
NRI: net reclassification improvement
IDI: integrated discrimination improvement
†NRI_event indicates the NRI calculated for event group.
‡NRI_nonevent indicates the NRI calculated for nonevent group.
§NRI_overall is the sum of NRI_event and NRI_nonevent indicates the total NRI for model 2 
compared with Model 1.
Model 1 and Model 2 predictors are shown in Table 2.

Supplementary Table 6  Comparisons of the prediction models with or without SBP RMSE  
in male participants

Model 1 Model 2 p

c-index (standard error) 0.771 (0.022) 0.775 (0.023) 0.923

NRI_event†, % 6.134

NRI_nonevent‡, % 0.377

NRI_overall§, % 6.511 0.056

IDI, % 0.500 0.022

SBP: systolic blood pressure
RMSE: root-mean-square error
NRI: net reclassification improvement
IDI: integrated discrimination improvement
†NRI_event indicates the NRI calculated for event group.
‡NRI_nonevent indicates the NRI calculated for nonevent group.
§NRI_overall is the sum of NRI_event and NRI_nonevent indicates the total NRI for model 2 
compared with Model 1.
Model 1 and Model 2 predictors are shown in Table 2.


