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ABSTRACT
Objectives  This study aimed to develop risk prediction 
equations for the 5-year incidence of diabetes among 
the Japanese population using health check-up data. We 
hypothesised that demographic and laboratory data from 
health check-ups could predict diabetes onset with high 
accuracy.
Design  Retrospective cohort study.
Setting  Data from a health examination in Japan between 
2008 and 2016.
Participants  Data were analysed from 31 084 participants 
aged 30–69 years. The presence of baseline diabetes and 
endocrine disease was included in the exclusion criteria, 
as were participants with missing data for the analysis. 
The study population was randomly divided into derivation 
and validation cohorts in a 1:1 ratio.
Primary outcome measures  The primary outcome 
was the incidence of diabetes at the 5-year follow-up, 
defined as a fasting blood glucose level ≥126 mg/dL, 
glycosylated haemoglobin A1c (National Glycohemoglobin 
Standardization Program (NGSP)) ≥6.5%, or initiation of 
diabetes treatment. Predictor variables included age, sex, 
body mass index, blood pressure, underlying diseases, 
lifestyle factors and laboratory measurements. The primary 
measure was the area under the receiver operating 
characteristic curve (AUC) for the predictive equations.
Results  In the derivation cohort, diabetes incidence was 
5.0%. The prediction equation incorporating age, sex, 
body mass index, fasting blood glucose and glycosylated 
haemoglobin A1c showed good discriminatory ability with 
an AUC of 0.89, sensitivity of 0.81 and specificity of 0.81 in 
the validation cohort.
Conclusions  The equation with laboratory measures 
effectively predicted the 5-year diabetes risk in the general 
Japanese population. It has potential clinical utility for 
identifying individuals at high risk of diabetes and guiding 
preventive interventions.

INTRODUCTION
Diabetes is a major health problem worldwide. 
According to the latest epidemiological data, 
the number of adults with diabetes globally 
reached approximately 537 million in 2021.1 
In Japan, a 2023 survey reported that the total 

number of patients currently receiving treat-
ment for diabetes was 5.52 million.2 These 
figures highlight the urgent need for effec-
tive prevention and management strategies 
to address the growing burden of diabetes 
both globally and in Japan. Complications 
of diabetes include cardiovascular disease, 
kidney disease, blindness, neuropathy and 
lower limb amputation, all of which signifi-
cantly reduce patients’ quality of life and 
increase the risk of death.3 4 These complica-
tions not only affect individual health but also 
contribute to a substantial economic burden 
due to increased healthcare costs and loss of 
productivity.5 Identifying individuals at high 
risk of developing diabetes and providing 
preventive interventions are important not 
only for maintaining individual health but 
also from a healthcare economic perspec-
tive.6 7

In some cases of diabetes, autoimmune 
mechanisms and genetic factors contribute 
significantly to its pathogenesis.8 9 However, 
in many cases, lifestyle has a significant 
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impact on its development.10 Obesity, physical inactivity, 
unhealthy diet and smoking are all well-documented risk 
factors for the development of type 2 diabetes.11 To assess 
the risk of developing diabetes, we need to take a compre-
hensive approach that focuses on multiple risk factors, 
not just on a single risk factor.12 In Japan, annual health 
check-ups to prevent lifestyle-related diseases have been 
recommended for people over 40 years of age since 2008, 
during which a wide range of anthropometric indices, 
lifestyle-related questionnaires and basic blood data are 
collected. These check-ups provide a unique opportunity 
for healthcare providers to identify individuals at high 
risk of developing diseases.

It would be clinically useful to create risk models for 
predicting diabetes using variables measured during 
these health check-ups. Various risk models have been 
developed to predict the onset of diabetes, incorporating 
factors such as age, body mass index (BMI), family history, 
blood pressure (BP) and lipid profile.13 14 However, the 
applicability of these models to the Japanese popula-
tion remains uncertain owing to differences in genetic, 
environmental and lifestyle factors. Several studies have 
proposed diabetes prediction models for the Japanese 
population, demonstrating reasonable predictive accu-
racy.13 15–19 However, some models lack rigorous valida-
tion, raising concerns about their generalisability.

The purpose of this study is to develop predictive equa-
tions specific to the Japanese population that calculate 
the risk of developing diabetes 5 years later based on indi-
vidual health examination information. Additionally, this 
study emphasises the importance of model calibration to 
enhance reliability and clinical utility. These equations 
may be useful for lifestyle interventions and careful moni-
toring at the individual level and for the development of 
preventive methods such as medical resource allocation 
at the population level.

METHODS
Study population
We used data from individuals aged 30–69 years who had 
annual health check-ups at Kagoshima Kouseiren Hospital 
between April 2008 and March 2016. The majority of 
participants had check-ups annually, as recommended by 
Japanese health welfare policy. First, the first visit during 
the period was defined as baseline data, and second, data 
from 5 years after the baseline were picked up to obtain 
outcomes. To develop models for predicting future 
diabetes incidence, we excluded individuals who already 
had diabetes at the baseline time point. Diabetes at base-
line was defined based solely on clinical and laboratory 
data collected at the initial health check-up, not based 
on time-series information or medical history prior to 
the baseline year. Specifically, individuals were excluded 
if they met any of the following criteria at baseline: (1) 
use of antidiabetic medications (oral antihyperglycaemic 
drugs, insulin or GLP-1 receptor agonists), (2) fasting 
blood glucose (FBG) ≥126 mg/dL or (3) HbA1c (National 

Glycohemoglobin Standardization Program (NGSP)) 
≥6.5%. Only participants who did not meet any of these 
criteria at their first health check-up were included in the 
analysis cohort. We also excluded individuals who were 
being treated for or had a history of endocrine disor-
ders, which could have a direct impact on blood glucose 
levels. We also excluded those with missing data used in 
the analysis. Participants were randomly divided equally 
into two groups, one as a derivation cohort to develop 
equations to predict diabetes 5 years later and the other 
as a validation cohort to assess the validity of the equation 
obtained from the derivation cohort.

The data were anonymised, and all participants were 
given the option to opt out of the study. This study was 
conducted in accordance with the Declaration of Helsinki 
and approved by the Institutional Ethics Committees of 
the Graduate School of Medical and Dental Sciences, 
Kagoshima University.

Patient and public involvement
Patients and the public were not directly involved in the 
design, conduct or analysis of this study. However, the 
study was designed to address outcomes that are relevant 
to patients and the findings will be disseminated to partic-
ipants via newsletters and website.

Risk factors and definition of outcome
Height and weight were measured using reliable 
measuring devices, and BMI was calculated as weight 
(kg) divided by height squared (m2). BP was measured 
after participants had been sitting quietly for 5 min. Self-
administered questionnaires were used to collect infor-
mation on smoking, alcohol consumption, habitual 
exercise and family diabetes history, which was then 
classified as follows: smokers (currently smoking) or 
non-smokers (never smoked or smoked in the past), 
chance drinkers (≤10 days per month) or usual drinkers 
(>10 days per month), habitual exercisers (>30 min per 
day) and those with a family history of diabetes. Informa-
tion on the presence of hypertension, dyslipidaemia and 
hyperuricaemia, as well as medications for these condi-
tions, was also collected with a self-administered question-
naire. Blood samples were taken after an overnight fast. 
Serum triglyceride, low-density lipoprotein cholesterol, 
high-density lipoprotein cholesterol, blood glucose, uric 
acid and creatinine levels were measured using stan-
dard laboratory methods. The diseases were defined as 
follows: hypertension, use of antihypertensive agents 
or systolic blood pressure ≥140 mm Hg, diastolic blood 
pressure ≥90 mm Hg according to the 2019 Japanese 
Society of Hypertension guidelines; dyslipidaemia, use of 
lipid-lowering agents, serum triglycerides ≥150 mg/dL, 
low-density lipoprotein cholesterol ≥140 mg/dL or high-
density lipoprotein cholesterol <40 mg/dL; and hyperuri-
caemia, use of uric acid lowering agents, serum uric acid 
>7.0 mg/dL.

The outcome was defined as diabetes after 5 years. 
In some cases, HbA1c levels were measured using the 
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Japanese Diabetes Society (JDS) guidelines. In research 
and clinical contexts, conversion of HbA1c values from 
the JDS reference to the NGSP reference is often neces-
sary to standardise measurements and compare data 
internationally. The commonly used conversion formula 
is as follows20:

	﻿‍ HbA1c (NGSP) = 1.02HbA1c (JDS) + 0.25‍�

This conversion equation was established based on 
comparative studies and calibration methodologies to 
align the JDS measurements with the NGSP reference, 
ensuring consistency and accuracy in HbA1c reporting. 
Diabetes was defined as any of the following: (1) use 
of antidiabetic agents (oral antihyperglycaemic drugs, 
insulin and GLP-1 receptor agonists) and (2) HbA1c 
(NGSP) >6.5%.

Statistical analysis
With the exception of blood glucose and lipid levels, 
which were expressed as median (first quartile, third 
quartile), all continuous variables (age, BMI, BP and labo-
ratory tests) were expressed as mean±SD. Proportions 
(percentages) were used to express categorical variables, 
such as illnesses and lifestyle factors. Student’s unpaired 
t-test, Wilcoxon test and χ2 test were used to examine 
differences between the derivation and validation cohorts 
for normally distributed continuous variables, skewed-
distribution continuous variables and categorical data, 
respectively.

Univariate logistic regression analysis was performed 
in the derivation cohort to estimate the ORs and 95% CIs 
for the incidence of diabetes after 5 years for each vari-
able. Two different models were considered in the multi-
variate analysis: one model included eight factors that 
did not require blood sampling (age, sex, BMI, current 
smoking, usual alcohol drinking, exercise habits, family 
history of diabetes and hypertension) as covariates, 
and the other model was composed of 12 factors that 
additionally included four factors that required blood 
sampling (dyslipidaemia, hyperuricaemia, FBG and 
HbA1c). Factors significantly associated with diabetes 

after 5 years were extracted, and two risk prediction 
equations were developed using the beta coefficient for 
each factor.

The two risk prediction equations were then applied to 
the validation cohort to calculate the area under the curve 
(AUC) using receiver operating characteristic (ROC) 
curve analysis to determine the cut-off values, sensi-
tivity and specificity. Calibration plots were constructed 
to assess the agreement between the predicted and 
actual observed probabilities. All statistical analyses were 
conducted using the JMP Pro V. 16 (SAS Institute, Cary, 
NC, USA), and calibration was done with R V. 4.2.2 (The 
R Foundation for Statistical Computing, Vienna, Austria) 
and the RMS package. Statistical significance was set at 
p<0.05.

RESULTS
Baseline characteristics of the study population
Figure 1 shows a flowchart of the inclusion and exclusion 
criteria for this study. The study included 33 173 individ-
uals aged 30–69 who had undergone a health check-up 
during the study period and for whom data were also 
available 5 years later. A total of 2089 participants were 
excluded (baseline diabetes, 1391; baseline endocrine 
disease, 176; and participants with missing variables, 
552). Finally, we used the data of 31 084 participants (age, 
54.9±10.0 years; male, 50.1%) for analysis.

Table 1 shows the baseline characteristics for the deri-
vation and validation cohorts. The mean age of the deri-
vation cohort was 54.9±10.0 years and 49.8% were men, 
while the mean age of the validation cohort was 54.8±10.1 
years and 50.3% were men. There were no significant 
differences in baseline characteristics between the two 
cohorts. After 5 years (median, 5.0 years; first quartile, 4.7 
years; third quartile, 5.6 years), we found 770 (5.0%) and 
778 (5.0%) cases of diabetes in the derivation and valida-
tion cohorts, respectively.

Figure 1  Flowchart of the study population. A total of 2089 individuals were excluded, and data from 31 084 individuals were 
used in the final analysis.
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Association between individual risk factors and diabetes after 
5 years
We performed a logistic regression analysis on the popu-
lation in the derivation cohort. The associations between 
diabetes after 5 years and possible risk factors are shown 
in table 2. In the univariable model, older age, male sex, 
greater BMI, current smoking, habitual alcohol drinking, 
family history of diabetes, hypertension, dyslipidaemia, 
hyperuricaemia, higher FBG and higher HbA1c were 
positively associated with the incidence of diabetes.

Development of diabetes prediction equations
The results of multivariable logistic regression analysis 
using the 12 factors that required blood sampling are 
shown in table 2. Male sex (OR 1.33, p=0.028), greater 
BMI (OR 1.09, p<0.001), greater FBG (OR 1.12, p<0.001) 
and greater HbA1c levels (OR 12.77, p<0.001) were posi-
tively associated with the risk of diabetes, whereas older 
age (OR 0.98, p=0.015) was negatively associated with 
the risk of diabetes. We developed the following equa-
tions using five factors that were significantly associated 
with the outcome: age (continuous, years), sex (categor-
ical: male=1; female=0), BMI (continuous: kg/m2), FBG 

(continuous: mg/dL) and HbA1c (NGSP) (continuous: 
%).

	﻿‍

p = 1/(1 + exp(−(−30.3726 − 0.0184 × age + 0.2876

×sex + 0.0905 × BMI + 0.1101

×FBG + 2.5471 × HbA1c))) ‍�

The median probability obtained by applying the equa-
tion to the derivation cohort was 0.011 (interquartile 
0.004, 0.037), the AUC of the ROC curve for diabetes after 
5 years was 0.90, the sensitivity was 0.84, and the specificity 
was 0.82 at a cut-off value of 0.048. When the risk equation 
was applied to the validation cohort, the median proba-
bility was 0.011 (interquartile 0.004, 0.036), the AUC of 
the ROC curve for diabetes after 5 years was 0.89, and 
the sensitivity was 0.81 and specificity was 0.81 at a cut-off 
value of 0.044 (figure 2A). Figure 3A shows the calibra-
tion plot obtained when the risk equation was applied to 
the validation cohort, which confirmed good calibration. 
There was a tendency to slightly underestimate the inci-
dence of diabetes after 5 years for scores between 0.1 and 
0.5. Conversely, there was an overestimation for scores 

Table 1  Baseline characteristics of study population in the derivation and validation cohorts

Derivation cohort Validation cohort P value

n=15 542 n=15 542

Age, years 54.9±10.0 54.8±10.1 0.230

Men, n (%) 7737 (49.8) 7817 (50.3) 0.364

BMI, kg/m2 23.3±3.3 23.2±3.2 0.238

SBP, mm Hg 124.4±18.7 124.1±18.9 0.188

DBP, mm Hg 76.8±11.5 76.5±11.3 0.075

Hypertension, n (%) 4291 (27.6) 4252 (27.4) 0.620

Dyslipidaemia, n (%) 6894 (44.4) 6934 (44.7) 0.644

Hyperuricaemia, n (%) 2183 (14.1) 2103 (13.6) 0.190

Current smoking, n (%) 1536 (9.9) 1568 (10.1) 0.545

Habitual drinking, n (%) 3059 (19.7) 3019 (19.4) 0.567

Habitual exercise, n (%) 3229 (31.6) 3335 (32.0) 0.603

Family history, n (%) 1229 (7.9) 1150 (7.4) 0.092

Triglyceride, mg/dL 90(65, 130) 90(64, 132) 0.998

LDL-C, mg/dL 122.1±30.8 122.9±31.2 0.067

HDL-C, mg/dL 60.7±14.9 60.8±14.9 0.719

BG, mg/dL 96(90, 103) 95(90, 103) 0.214

HbA1c (NGSP), % 5.5±0.3 5.5±0.3 0.255

UA, mg/dL 5.3±1.5 5.3±1.5 0.323

Baseline characteristics of study population in the derivation and validation cohorts. Continuous variables are expressed as mean±SD, 
except for triglyceride and blood glucose levels, which are expressed as median (first quartile, third quartile). Categorical variables, including 
cardiovascular risk factors and lifestyle variables, are expressed as number of subjects and proportions (percentages). Differences between 
the derivation and validation cohorts for normally distributed continuous variables, skewed-distribution continuous variables, and categorical 
variables were analysed using the Student’s unpaired t-test, Wilcoxon test and χ2 test, respectively.
BG, blood pressure; BMI, body mass index; DBP, diastolic blood pressure; HbA1c, glycosylated haemoglobin; HDL-C, high-density 
lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; NGSP, National Glycohemoglobin Standardization Program; SBP, systolic 
blood pressure; UA, uric acid.
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above 0.5 (although this was less than 2% of the total 
population).

Results of multivariate logistic regression analysis using 
eight factors that did not require blood sampling are 
also presented in table 2. Older age, male, greater BMI 
and hypertension were positively associated with diabetes 
risk. The following equation was developed using these 
four factors: age (continuous, years), gender (category: 

male=1, female=0), BMI (continuous: kg/m2) and hyper-
tension (category: hypertension=1, no hypertension=0).

	﻿‍

p = 1/(1 + exp(−(8.4968 + 0.0200 × age + 0.5096

×sex + 0.1522 × BMI + 0.4644 × hypertension)))‍�

The ROC curve for diabetes at 5 years obtained by 
applying this equation to the derivation cohort had an 
AUC of 0.70, a sensitivity of 0.78, and a specificity of 0.51 in 

Figure 2  Receiver operating characteristics curves when the risk equations predicting 5 year diabetes incidence are applied 
to the validation cohort. Receiver operating characteristics curves when the risk equations predicting 5 year diabetes incidence 
are applied to the validation cohort are shown. (A) The equation that requires blood sampling and (B) The equation that does not 
require blood sampling. AUC, area under the curve.

Table 2  The associations between diabetes after 5 years and risk factors

Risk factors

Univariable

Multivariable

Without blood sampling With blood sampling

OR (95% CI) P value OR (95% CI) P value β coefficient OR (95% CI) P value β coefficient

Age, years 1.02 (1.01–1.02) <0.001 1.02 (1.01–1.03) 0.002 0.0200 0.98 (0.97–0.99) 0.015 −0.0184

Male sex 1.75 (1.51–2.04) <0.001 1.66 (1.34–2.07) <0.001 0.5096 1.33 (1.03–1.72) 0.028 0.2876

BMI, kg/m2 1.16 (1.14–1.18) <0.001 1.16 (1.13–1.20) <0.001 0.1522 1.09 (1.06–1.13) <0.001 0.0905

Current smoking 1.82 (1.49–2.21) <0.001 1.26 (0.72–2.20) 0.421 0.90 (0.49–1.65) 0.736

Habitual drinking 1.37 (1.16–1.62) <0.001 0.88 (0.56–1.40) 0.595 0.61 (0.38–1.00) 0.051

Habitual exercise 1.21 (0.98–1.50) 0.083 1.08 (0.87–1.35) 0.489 1.13 (0.88–1.43) 0.342

Family history 1.71 (1.37–2.14) <0.001 0.71 (0.33–1.55) 0.391 0.45 (0.20–1.02) 0.056

Hypertension 2.17 (1.87–2.51) <0.001 1.53 (1.23–1.90) <0.001 0.4244 1.15 (0.90–1.47) 0.263

Dyslipidaemia 1.88 (1.62–2.18) <0.001 – – – 1.17 (0.93–1.48) 0.189

Hyperuricaemia 1.68 (1.40–2.01) <0.001 – – – 0.96 (0.70–1.31) 0.780

FBS, mg/dL 1.15 (1.14–1.16) <0.001 – – – 1.12 (1.10–1.13) <0.001 0.1101

HbA1c (NGSP), % 56.90 (43.88–
73.78)

<0.001 – – – 12.77 (8.58–
19.01)

<0.001 2.5471

The ORs and 95% CIs for 5 year diabetes incidence after 5 years using univariable and multivariable logistic regression analysis were 
shown. In multivariable model, the ORs were adjusted for the following variables: age, sex, body mass index and blood pressure 
categories, current smoking, habitual alcohol drinking, habitual exercise, family history, diabetes, dyslipidaemia and hyperuricaemia.
BMI, body mass index; BP, blood pressure; FBS, fasting blood sugar; NGSP, National Glycohemoglobin Standardization Program.
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the validation cohort, which had an AUC of 0.71, a sensi-
tivity of 0.75 and specificity of 0.54 (figure 2B). Figure 3B 
shows the calibration plot, confirming good calibration.

DISCUSSION
We developed equations that predict the incidence 
of diabetes after 5 years using health check-up data. 
One equation consisted of five factors requiring blood 
sampling: age, gender, BMI, FBG and HbA1c, while the 
other one consisted of four factors not requiring blood 
sampling: age, gender, BMI and presence of hypertension. 
The former showed good discrimination performance 
with an AUC of 0.89 and good calibration, while the latter 
showed poor discrimination performance with an AUC 
of 0.71. We developed risk equations composed of simple 
indicators that are applicable to the Japanese population 
and are easy to use in clinical practice. The primary goal 
of diabetes prevention is to maintain the patient’s quality 
of life and improve prognosis by preventing the devel-
opment of macrovascular and microvascular complica-
tions. Since these complications develop over time after 
the onset of diabetes, it is reasonable and meaningful to 
predict risk and implement preventive interventions from 
young to middle age. For these reasons, this study aimed 
to develop a risk prediction model for a relatively young 
population aged 30–69 years.

Several risk models have been reported to predict the 
development of diabetes in various countries and ethnic 
populations.21 22 Since the prevalence of diabetes and the 
contribution of factors involved in its development are 
not the same for each racial group, the models need to be 
based on Japanese data to be applicable to the Japanese 
population. There have been few reports on diabetes 
prediction scores in Japanese patients. Sasai et al followed 
up with more than 53 000 people aged 40–69 years who 

underwent physical examinations and created a diabetes 
risk prediction sheet based on their results. This was the 
first report on diabetes prediction in Japan, but there has 
been no discussion on the discriminative power of the 
scores generated.15 Heianza et al examined the discrimi-
natory power of risk scores based on non-laboratory assess-
ments alone and risk scores, including fasting glucose 
and HbA1c levels, based on data from 7654 non-diabetic 
patients aged 40–75 years. They reported that the risk 
score, including both fasting glucose and HbA1c, showed 
good discriminative power for 5 year diabetes onset (AUC 
0.887, 95% CI 0.871 to 0.903).16 Nanri et al created a 
score to predict the 3 year incidence of diabetes in more 
than 37 000 men and women aged 30 years or older and 
reported that the non-invasive model had an AUC of 
0.734, and the invasive model had an AUC of 0.882.17 
In 2018, Hu et al reported a model predicting the 7 year 
risk of type 2 diabetes with AUC 0.73 for the non-invasive 
model and AUC 0.89 for the invasive model.18 Regarding 
the prediction equation, there is only one report on the 
Japanese population by Xu et al in 2023.19 They devel-
oped an equation to predict type 2 diabetes at 5 years in 
one cohort and applied it to another cohort, achieving 
an AUC of 0.643 in a non-invasive model and 0.845 in an 
invasive model including FBG and HbA1c levels. There 
was no significant advantage of the prediction equation 
created in this study that included items requiring blood 
sampling over the results of the external validation by Xu 
et al. However, our study advances the field by providing 
models with a focus on practical implementation and 
validated calibration. What is notable in common with 
these Japanese risk scores is that HbA1c and FBG levels 
have a very large impact on discriminability. For both 
risk scores, there were large AUC differences between 
the invasive and non-invasive models. While age, BMI 

Figure 3  Calibration plots on predicting diabetes incidence after 5 years. Calibration when prediction equations were applied 
to the validation cohort. (A) The equation that requires blood sampling. (B) The equation that does not require blood sampling. 
The horizontal axis indicates the predicted probability and the vertical axis indicates the actual probability. The dashed line 
represents a perfect calibration.
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and family history are previously noted predictors of the 
risk of developing diabetes, FBG and HbA1c represent 
elevated blood glucose levels.20 Both were considered to 
have a significant impact on predicting the development 
of diabetes.

Although the risk prediction equations developed in 
this study did not exceed the results of previous studies, 
they did reinforce the results of previous studies and high-
lighted an important aspect of diabetes prediction in the 
Japanese population.23 When comparing the discrimina-
tive power of scores without blood sampling for diabetes 
incidence, the discriminative power was lower in the Japa-
nese than in Westerners.24 Asians are reported to have 
a lower insulin secretion capacity than Westerners and 
tend to develop diabetes from the mild obesity stage.25 26 
It may be more difficult in Asians than in Westerners to 
adequately predict the incidence of diabetes from anthro-
pometric and non-invasive measurements.27 Importantly, 
FBG and HbA1c levels are not known without blood tests, 
and the results of these studies underscore the impor-
tance of regular physical examinations in the Japanese 
population.28 Elevated preprandial blood glucose and 
HbA1c levels indicate advanced glucose intolerance, but 
the equation might have been different if information 
on postprandial blood glucose, which indicates earlier 
glucose intolerance, had been added.29

There were some limitations to this study. First, as the 
data were not collected prospectively, future prospec-
tive observational studies should confirm the findings. 
Second, only individuals who had health check-ups at 
a single Japanese facility were eligible to participate. 
Furthermore, because the participants tended to be 
health-conscious, we were unable to completely elim-
inate the consequences of selection bias. Third, it was 
impossible to ascertain if adjusting for risk decreased 
the likelihood of acquiring diabetes. Fourth, the FBG 
and HbA1c levels were assessed just during the health 
check-ups; multiple measures were not taken. Fifth, there 
were no data on dietary-related substances associated with 
diabetogenesis, such as minerals and trace elements or 
detailed data on comorbidities. Lastly, we did not take 
into account markers of visceral fat such as fat mass or 
waist circumference.

In conclusion, we created simple and practical predic-
tion equations based on age, sex, BMI, FBG and HbA1c 
values to predict the 5 year incidence of diabetes in a 
general Japanese population. Its prediction ability is 
reasonably good and reproducible. These prediction 
equations could be a simple and effective tool for iden-
tifying those at high risk of developing diabetes in the 
future and for providing education and counselling for 
prevention.
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