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 Background: Type 2 diabetes mellitus is a global public health problem. Prediabetes may be reversed by weight loss, diet, 
and lifestyle changes. However, without intervention, between 30–50% of individuals with prediabetes develop 
type 2 diabetes. This retrospective population study was conducted to develop a predictive model of predia-
betes and incident type 2 diabetes mellitus using data from 2004 to 2015 from the DRYAD Japanese hospital 
database.

 Material/Methods: A retrospective longitudinal population study was conducted using the DRYAD database from Murakami 
Memorial Hospital, Gifu, Japan, to construct a predictive model for prediabetes and incident type 2 diabetes 
mellitus in the population. Univariate analysis and multivariate analysis were performed to identify the vari-
ables that were associated with prediabetes. These variables were used to construct (75% samples) and veri-
fy (25% samples) the predictive model.

 Results: From 2004 to 2015, a total of 11,113 cases were identified. Multivariate logistic regression analysis includ-
ed the six variables of age, waist circumference, smoking history, the presence of fatty liver, fasting blood glu-
cose (FBG), and glycated hemoglobin (HbA1c) level. Data were used to construct (75% samples) and verify (25% 
samples) in a predictive model. The area under the receiver operating characteristic (ROC) curve (AUC) of the 
predictive model was 0.87 (0.85–0.89) in the training cohort and 0.87 (0.86–0.90) in the validation cohort.

 Conclusions: A prognostic model based on six variables was predictive for incident type 2 diabetes mellitus and prediabe-
tes in a healthy population in Japan.
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Background

Type 2 diabetes mellitus is a global public health problem [1]. 
Prediabetes may be diagnosed on routine blood testing and by 
an increased fasting blood glucose (FBG) level [1,2]. Incident 
diabetes is diagnosed from the finding of impaired glucose 
tolerance (IGT) or impaired fasting glucose (IFG) results [1,2]. 
The incidence of Type 2 diabetes mellitus increases annual-
ly in both developed and developing countries. Worldwide, in 
2008, the number of adult patients with diabetes was approx-
imately 108 million, which rose to approximately 422 million 
in 2014 [2]. Diabetes caused 1.5 million deaths in 2012, and 
the effects of hyperglycemia resulted in an additional 2.2 mil-
lion deaths by increasing the risk of cardiovascular disease 
and other diseases [3].

Prediabetes is associated with abnormal glucose homeostasis 
and hyperglycemia and is a risk factor for the development of 
type 2 diabetes mellitus [4]. The progression from prediabetes 
to type 2 diabetes mellitus can take months or years. However, 
it is important to recognize that prediabetes is reversible when 
diet and lifestyle changes are made that include weight loss 
and exercise [5]. Early intervention in the prediabetic popula-
tion has been estimated to reduce the risk of type 2 diabetes 
mellitus by 40–70% [6,7]. However, because prediabetes may 
be undetected, approximately 30–50% of patients eventually 
develop type 2 diabetes mellitus [7,8].

If effective interventions could be implemented for high-risk 
patients before the development of prediabetes, these may fur-
ther reduce the incidence of type 2 diabetes mellitus. However, 
there is a lack of effective methods to identify individuals who 
are likely to develop prediabetes. There is a need to develop 
simple predictive models to identify patients with prediabe-
tes who are at increased risk of developing type 2 diabetes 
mellitus to implement preventive measures even earlier and 
reduce the prevalence of type 2 diabetes.

Routine health checks can include demographic data, mea-
surement of serum lipids, body mass index (BMI), waist cir-
cumference, fasting blood glucose, and glycated hemoglobin. 
Population studies that use data from healthy individuals can 
identify early risk factors for disease. The DRYAD database 
is a public data repository, which contains clinical data from 
healthy individuals attending a routine medical examination 
(human dock) [8,9]. The clinical program and database were es-
tablished from 1994 by Dr. Masahide Hamaguchi at Murakami 
Memorial Hospital, Gifu, Japan, to screen for chronic diseases 
and their risk factors and to promote public health [9]. Since 
1994, the DRYAD program has evaluated more than 8,000 med-
ical examinations annually, and 60% of participants underwent 
one to two medical examinations per year [9].

Therefore, this retrospective population study was conduct-
ed to develop a predictive model of prediabetes and incident 
type 2 diabetes mellitus using data from 2004 to 2015 from 
the DRYAD Japanese hospital database.

Material and Methods

Study design and data source

This retrospective population study was conducted using data 
from the DRYAD database (https://datadryad.org), obtained 
from Dr. Murakami, Memorial Hospital, Gifu, Japan [9]. The study 
included the analysis of anonymized da and did not require 
patient consent. The aim of the study was to construct a pre-
dictive model to identify patients at high risk of type 2 diabe-
tes mellitus from a healthy patient population.

Inclusion and exclusion criteria

From 2004 to 2015, there were 20,944 medical examination 
cases, of which 16,283 met the inclusion criteria, 5,170 cases 
were excluded, and 11,113 cases were included in the study. 
The patients who participated in the medical examination pro-
gram at Murakami Memorial Hospital from 2004 to 2015 were 
included who had repeat diagnostic tests and examinations 
for diabetes mellitus with a follow-up of ³5 years. The exclu-
sion criteria included a diagnosis of diabetes at the baseline 
examination (n=323), missing data (n=863), known liver dis-
ease (n=416), alcohol consumption >60 gm/day for men and 
>40 gm/day for women (n=739), medication use (n=2,321), and 
a fasting blood glucose (FBG) ³6.1 mmol/L (n=808).

Clinical and biochemical data

Type 2 diabetes mellitus was diagnosed as a glycated hemoglobin 
level (HbA1c) ³6.5% or fasting blood glucose (FBG) ³7 mmol/L, 
or as self-reported diabetes [10]. The indicators collected during 
the initial medical examination included age, gender, body mass 
index (BMI), smoking history, degree of exercise, waist circumfer-
ence, fatty liver, alcohol consumption, alanine aminotransferase 
(ALT), aspartate aminotransferase (AST), gamma glutamyl trans-
peptidase (GGT), total cholesterol, high-density lipoprotein (HDL), 
triglyceride, glycated hemoglobin (HbA1c), fasting blood glucose 
(FBG), systolic blood pressure, and diastolic blood pressure. Fatty 
liver was diagnosed by the findings on abdominal ultrasonogra-
phy performed by a trained technician. In the follow-up period, 
fasting blood glucose or HbA1c was used to diagnose diabetes.

Statistical analysis

Study data in the two groups were presented as the 
mean±standard deviation (SD), and data counts were presented 
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as numerical values and percentages. Univariate analysis and 
multivariate analysis were performed to identify the variables 
that were associated with incident type 2 diabetes mellitus. 
The variables with a P-value <0.05 in multivariate analysis were 
used to construct the predictive model using 75% of the total 
sample size. The remaining 25% was used to verify the model. 
Statistical analysis was performed using EmpowerStats ver-
sion 2019 epidemiology software (www.empowerstats.com) 
and R software. P<0.05 was considered to represent statisti-
cal significance.

Results

Clinical and demographic data

From 2004 to 2015, a total of 11,113 patients who met the 
study inclusion and exclusion criteria were included in the 

population study. There were 8,296 cases in the training co-
hort and 2,817 cases in the validation cohort. The mean age of 
the training group and the validation group were 43.52±8.50 
years and 43.40±8.45 years, respectively. The female to male 
ratio between the two groups was 3762/4534 and 1229/1588, 
respectively. The mean BMI of the training group and the val-
idation group were 22.13±3.11 kg/m2 and 22.18±3.08 kg/m2, 
respectively (Table 1).

Univariate analysis and multivariate Cox regression 
analysis

Univariate analysis showed that the variables of age, gender, 
body mass index (BMI), waist circumference, smoking, fatty 
liver, alcohol consumption, fasting blood glucose (FBG), sys-
tolic blood pressure, diastolic blood pressure, ALT, triglyceride, 
HbA1c, AST, exercise, GGT and HDL were associated with in-
cident diabetes. Multivariate Cox regression analysis showed 

Variables Training cohort (n=8296) Validation cohort (n=2817) P value

Age (years)  43.52±8.50  43.40±8.45 0.302

Gender (F/M) 3762/4534 1229/1588 0.113

BMI (kg/m2)  22.13±3.11  22.18±3.08 0.293

Smoking, n (%)  1942 (23.41%)  623 (22.12%) 0.159

Habit of exercise, n (%)  1412 (17.02%)  462 (16.40%) 0.448

Waist circumference (cm)  76.37±9.18  76.67±9.11 0.101

Fatty liver, n (%)  1463 (17.64%)  507 (18.00%) 0.663

Alcohol consumption (gm/week)  47.66±82.36  47.47±81.00 0.641

ALT (IU/L)  20.23±15.76  20.58±13.12 0.093

AST (IU/L)  18.61±9.60  18.85±7.18 0.214

GGT (IU/L)  20.10±17.70  20.74±19.53 0.207

Total cholesterol (mmol/L)  5.10±0.86  5.13±0.87 0.244

HDL (mmol/L)  1.43±0.38  1.43±0.38 0.727

Triglyceride (mmol/L)  0.92±0.67  0.92±0.64 0.826

HbA1c (%)  5.15±0.33  5.16±0.33 0.398

FBG (mmol/L)  5.15±0.41  5.14±0.41 0.607

Systolic blood pressure (mmHg)  114.32±14.89  114.59±15.00 0.335

Diastolic blood pressure (mmHg)  71.69±10.30  71.88±10.27 0.313

Incident diabetes, n (%)  275 (3.31%)  98 (3.48%) 0.676

Follow-up (years)  7.75±3.05  7.79±3.06 0.469

Table 1. The demographic and clinical characteristics of the patients included in the study.

BMI – body mass index; FBG – fasting blood glucose; ALT – alanine aminotransferase; AST – aspartate aminotransferase; 
GGT – gamma glutamyl transpeptidase; HDL – high-density lipoprotein; HbA1c – glycated hemoglobin.
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that six variables of age, gender, waist circumference, smok-
ing, fatty liver, fasting blood glucose, and HbA1c were asso-
ciated with incident diabetes. The hazard ratio (HR) values of 
multivariate Cox regression for age, gender, waist circumfer-
ence, smoking, fatty liver, fasting blood glucose and HbA1c 
were 1.04 (1.02–1.05), 0.62 (0.45–0.86), 1.03 (1.00–1.05), 
1.76 (1.40–2.21), 2.21 (1.71–2.87), 3.64 (2.88–4.59), and 4.62 
(3.66–5.84), respectively (Table 2).

Construction of the predictive model

The six variables of age, gender, waist circumference, smok-
ing, fatty liver, fasting blood glucose, and HbA1c were used to 
construct the predictive model and nomograms with 75% of 
the total sample. Finally, two predictive models were obtained. 
In model 1, gender was not associated with incident diabetes. 
In model 2, all of the variables of age, waist circumference, 
smoking, fatty liver, fasting blood glucose, and HbA1c were as-
sociated with incident diabetes. Therefore, model 2 was se-
lected as the predictive model and was used to construct the 

Factor
Univariate analysis

HR (95% CI), P-value
Multivariate analysis
HR (95% CI), P-value

Age 1.06 (1.04–1.07), <0.001 1.04 (1.02–1.05), <0.001

Gender

 Female Reference Reference

 Man 2.51 (1.98–3.20), <0.001 0.62 (0.45–0.86), <0.004 

BMI 1.24 (1.21–1.27), <0.001 1.05 (0.98–1.12), 0.139

Waist circumference 1.09 (1.08–1.10), <0.001 1.03 (1.00–1.05), 0.037

Smoking

 No Reference reference

 Yes 2.22 (1.80–2.73), <0.001 1.76 (1.40–2.21), <0.001

Fatty liver

 No Reference Reference

 Yes 7.01 (5.70–8.62), <0.001 2.21 (1.71–2.87), <0.001

Alcohol consumption 1.00 (1.00–1.00), 0.001 1.00 (1.00–1.00), 0.430

Fasting blood glucose

 <5.6 mmol/L Reference Reference

 ³5.6 mmol/L and <6.1 mmol/L 8.98 (7.29–11.07), <0.001 3.64 (2.88–4.59), <0.001

Systolic blood pressure 1.03 (1.03–1.04), <0.001 1.00 (0.98–1.01), 0.630

Diastolic blood pressure 1.05 (1.04–1.06), <0.001 1.01 (0.98–1.03), 0.682

ALT 1.01 (1.01–1.01), <0.001 1.01 (1.00–1.02), 0.272

Triglyceride 1.79 (1.67–1.91), <0.001 1.14 (1.00–1.30), 0.058

HbA1c

 <5.7% Reference Reference

 ³5.7% and <6.5% 12.13 (9.80–15.03), <0.001 4.62 (3.66–5.84), <0.001

AST 1.01 (1.01–1.01), <0.001 1.00 (0.98–1.01), 0.814

Exercise

 No Reference Reference

 Yes 0.76 (0.57–1.02), 0.069 0.99 (0.74–1.34), 0.963

GGT 1.01 (1.01–1.01), <0.001 1.00 (1.00–1.01), 0.167

HDL 0.15 (0.11–0.21), <0.001 0.68 (0.46–1.02), 0.060

Table 2. The results of univariate analysis and multivariate Cox regression analysis.

BMI – body mass index; FBG – fasting blood glucose; ALT – alanine aminotransferase; AST – aspartate aminotransferase; 
GGT – gamma glutamyl transpeptidase; HDL – high-density lipoprotein; HbA1c – glycated hemoglobin.
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nomograms. The hazard ratio (HR) of the area under the re-
ceiver operating characteristic (ROC) curve (AUC) of the predic-
tive model in the training cohort was 0.87 (95% CI, 0.85–0.89), 
and the specificity and sensitivity of the predictive model were 
0.79 and 0.82, respectively (Table 3, Figure 1)

Validation of the predictive model

The predictive model was verified with the remaining 25% sam-
ples. The predictive model had high accuracy in the validation 
cohort. The HR of the AUC of the ROC curve of the predictive 
model in the validation cohort was 0.87 (95% CI, 0.86–0.90), 
and the specificity and sensitivity of the predictive model were 
0.73 and 0.87, respectively (Table 3, Figure 2). A nomogram was 
developed based on the predictive model (Table 3, Figure 2)

Discussion

The aim of this retrospective population study was to devel-
op a predictive model of prediabetes and incident type 2 dia-
betes mellitus using data from 2004 to 2015 from the DRYAD 
Japanese hospital database [9]. The six variables identified in-
cluded age, waist circumference, smoking history, the presence 
of fatty liver, fasting blood glucose (FBG), and the glycated he-
moglobin (HbA1c) level. The predictive model developed had 
a high level of accuracy in the training model and the valida-
tion model, with the hazard ratio (HR) of the area under the 
receiver operating characteristic (ROC) curve (AUC) of 0.87 
(0.85–0.89) and 0.87 (0.86–0.90), respectively.

In the present study, age was closely associated with the pres-
ence of incident diabetes, which is supported by previous stud-
ies. The findings from the 2017 Global Burden of Diseases 
study showed that the incidence of type 2 diabetes mellitus 
in China was closely related to age, with the age-standardized 
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Figure 1.  The area under the receiver operating characteristic 
(ROC) curve (AUC) of the predictive model in the 
training cohort. The hazard ratio (HR) of the area under 
the receiver operating characteristic (ROC) curve (AUC) 
of the predictive model in the training cohort was 0.87 
(95% CI, 0.85–0.89). The specificity and sensitivity of 
the predictive model were 0.79 and 0.82, respectively.

Variables Estimate Standard error Odds ratio (OR) (95% CI) P-value

Model 1

Age 0.0293 0.0079  1.03 (1.01–1.05) <0.001

Gender –0.2479 0.1781  0.78 (0.55–1.11) 0.164

Smoking 0.7463 0.1482  2.11 (1.58–2.82) <0.001

Fatty liver 1.1448 0.1587  3.14 (2.30–4.29) <0.001

Waist circumference 0.0502 0.0083  1.05 (1.03–1.07) <0.001

Fasting blood glucose 1.4747 0.1423  4.37 (3.31–5.78) <0.001

HbA1c 1.4859 0.1546  4.42 (3.26–5.98) <0.001

Model 2

Age 0.0297 0.0079  1.03 (1.01–1.05) <0.001

Smoking 0.6796 0.1392  1.97 (1.50–2.59) <0.001

Fatty liver 1.1243 0.1575  3.08 (2.26–4.19) <0.001

Waist circumference 0.048 0.0082  1.049 (1.03–1.07) <0.001

Fasting blood glucose 1.4368 0.1391  4.21 (3.20–5.53) <0.001

HbA1c 1.5198 0.1526  4.57 (3.39–6.16) <0.001

Table 3. Construction of the predictive models.
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incidence rate rising by 0.92% (95% CI, 0.6–1.3%) for men and 
by 0.69% (95% CI, 0.3–1.0%) for women [3]. This finding may 
be explained by the function of the pancreatic b cells, which 
decrease with age, resulting in reduced insulin production [11]. 
Also, there has been increasing obesity in the elderly, especially 
abdominal obesity [12,13]. With age, there is a reduced number 
of insulin receptors on the fat cell membrane, and the bind-
ing affinity with insulin is reduced, resulting in reduced insu-
lin sensitivity that leads to insulin resistance [14,15]. Physical 
activity in the elderly is also reduced, which is associated with 
impaired glucose tolerance with age [16].

Previous studies have shown that body mass index (BMI) and 
waist circumference are both correlated with incident type 2 
diabetes mellitus [17]. However, when compared with BMI, 
waist circumference has a better predictive value for incident 

type 2 diabetes mellitus [18], which was also consistent with 
the findings from the present study. When waist circumference 
and BMI were both included in the multivariate regression anal-
ysis, this study found that waist circumference was associated 
with incident diabetes, but BMI was not. Therefore, waist cir-
cumference was used to construct the predictive model. Waist 
circumference is an indicator of visceral fat, while the BMI is 
an indicator of systemic fat. Visceral fat is a recognized risk 
factor for metabolic syndrome and is associated with the se-
cretion of adipocytokines and inflammatory cytokines, which 
are associated with an increased incidence of type 2 diabe-
tes mellitus [19,20].

In 2014, data from the InterAct Consortium showed that past 
smoking or current smoking were independent risk factors for 
diabetes mellitus [21]. The results showed that among men, 
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Figure 2.  The area under the receiver operating characteristic (ROC) curve (AUC) of the predictive model in the validation cohort. 
The hazard ratio (HR) of the area under the receiver operating characteristic (ROC) curve (AUC) of the validation cohort was 
0.87 (95% CI, 0.86–0.90). The specificity and sensitivity of the predictive model were 0.73 and 0.87, respectively.
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the risk of diabetes among former smokers and current smok-
ers was 40% and 43% higher than that of non-smokers [21]. 
The increased risk in smokers was not affected by age, educa-
tion level, region, exercise, and intake of alcohol, coffee, and 
meat [21]. The possible mechanism was that nicotine in tobac-
co resulted in vasoconstriction, stimulated adrenaline secre-
tion, and lead to the fluctuation of blood pressure and blood 
glucose levels [22]. Also, smoking results in impaired insulin 
function and in insulin resistance [21,22].

Fatty liver, or hepatic steatosis, is a recognized risk factor for type 
2 diabetes mellitus and occurs in about 30% of patients [23]. 
Patients with fatty liver can be asymptomatic, and physicians 
may be unaware of the association with diabetes mellitus, and 
patients are not routinely screened for fatty. In 2017, a study 
by Björkström et al. in Sweden supported that the incidence of 
type 2 diabetes mellitus was significantly increased in patients 
with fatty liver [24]. Fatty liver is associated with impaired gly-
cogen metabolism that results in hyperglycemia [25].

Fasting blood glucose (FBG) levels reflect basal insulin secre-
tion levels and function [26]. Increased fasting blood glucose 
levels are associated with an increased risk of developing di-
abetes. Glycated hemoglobin (HbA1c) levels not only reflect 
blood sugar at a point in time but also reflect the average 
blood sugar from the past three months [27]. The higher the 
blood sugar, the higher the HbA1c. In 2018, Ruijgrok et al. re-
ported the findings from a population study of 1,349 patients 
aged 50–75 years without diabetes at baseline in 1989, which 
showed that increased fasting blood glucose and HbA1c were 
closely associated with incident diabetes [28].

In the present study, six variables were identified and includ-
ed in the predictive model of type 2 diabetes mellitus, which 
included age, smoking history, fatty liver, waist circumference, 
fasting blood glucose, and HbA1c. The model was stable with 
high predictive value, which was supported by the AUC of the 
training cohort and the validation cohort, which were 0.87 

(95% CI, 0.85–0.89) and 0.87 (95% CI, 0.86–0.90), respectively. 
This model may be of clinical value and was supported by a 
nomogram. The model and the six-value nomogram may be 
used to evaluate the risk of incident type 2 diabetes mellitus 
for individuals. The nomogram includes a range of values and 
outcomes with points representing scores on the vertical line 
or linear predictor. This model may be used to screen patients 
with a high risk of type 2 diabetes mellitus at an early stage to 
result in lifestyle interventions, such as dietary changes, weight 
loss, and exercise to delay incident type 2 diabetes mellitus in 
the otherwise healthy population.

This study had several limitations. Retrospective data were 
used to construct the model and to validate the model, which 
may have resulted in bias. The model requires testing in future 
prospective studies to verify the predictive value.

Conclusions

This retrospective population study was conducted to develop 
a predictive model of prediabetes and incident type 2 diabe-
tes mellitus using data from 2004 to 2015 from the DRYAD 
Japanese hospital database. A prognostic model based on six 
variables was predictive for incident type 2 diabetes mellitus 
and prediabetes in a healthy population in Japan. The variables 
included age, waist circumference, smoking history, the pres-
ence of fatty liver, fasting blood glucose (FBG), and the glycat-
ed hemoglobin (HbA1c) level.
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