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Abstract
Background: Diabetes is a prevalent chronic disease around the world. To evaluate the
risk of diabetes comprehensively, we developed a score model for risk prediction with
HDL-C as a protective factor.
Methods: We extracted physical examination data of 2728 individuals. The data contain
18 demographic and clinical variables. To identify the statistical significant feature
variables, the backward stepwise logistic regression was used based on the data of the
“exploratory population”. To ascertain the cutoff value of the selected variables, we used
the Youden index. Then we assigned each variable level a score according to the estimated
regression model coefficients and then calculated the individual’s total score. We gained
the cutoff value for the total score through the Youden Index and stratified the total score
into four levels. We employed the data of “validation population” to test the performance
of the score model based on the area under the ROC curve.
Results: Age, LDL-C, HDL-C, BMI, family history of diabetes, diastolic blood pressure
and TCHO were selected as statistically significant variables. The diabetes risk score range
varied from 0 to 17. The risk level categorized by the total score was low, middle, high and
extremely high, with a score range of 0-2, 3-7, 8-12 and 13-17, respectively.
Conclusions: The score model based on physical examination data is an efficient and
valuable tool to evaluate and monitor the potential diabetes risk for both healthy and
unhealthy people at an individual level.
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iabetes mellitus is a prevalent chronic disease worldwide as a normal and serious
health issue (1, 2). Studies showed that the prevalence of diabetes mellitus is becoming an
urgent and important public health problem for Chinese adults (3). Diabetes can result in
or promote the incidence of a set of complications, like depression (4, 5), diabetic
retinopathy (6-8). Some studies have proven the association between intensive lifestyle
intervention and the remission of type 2 diabetes (9). It has been proven that the prevention
of the onset of type 1 diabetes or the reduction of the risk of type 2 diabetes through
interventions were possible and feasible (10, 11). Now, the major concern for patients with
diabetes, would be the individual diabetes risk evaluation and the related early
implementation of health interventions. Physical examination is widely used to check up
the personal physical condition. However, it is time-consuming and would lead to overload
of work for the doctors since many of the medical examinations were performed at the end
of month or year in China. Such a practical way of the self-health evaluation is of great
importance to alleviate the medical resource strain and the doctor’s workload, especially
for a poor and unevenly distributed medical resource environment in China. Many of the
existing diabetes score models are based on the questionnaire or survey data (12, 13).
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Some were focused on the physiological parameter (14,
15). Research shows that the incidence of diagnosed type 2
diabetes for the people in Harbin, China has experienced a
dramatical increase in recent years with the annual rate
reaching 12% (16). The prevention of diabetes is of great
importance and urgency. However, the diabetes risk pattern
for the people in Harbin, northeastern China, which is a
diabetes prevalent site, has not been studied.
The main goal for our research was to set up a
comprehensive and ready-to-use scoring model to identify
the risk factors of diabetes mellitus and construct a risk score
according to the physical examination data. Also, we verified
the scoring model performance with the data of a “validation
population”.

Methods
Study design and population: This was a methodological
study which was designed for local doctors to help them
evaluate the patient’s diabetes risk more easily and
conveniently. We extracted the medical examination data of
2728 subjects with age greater than 20 in 2014 from the
School Hospital in HIT. We assigned the subjects into two
groups: the exploratory group and validation group. If the
number of subjects distincted from the two groups, the
robustness and performance of the score model would be
affected heavily. To make our score model robust, we
attempted to minimize the difference between the two goups
when cutting them into two balanced parts. And to guarantee
performance of the score model, the exploratory population
was assigned some more subjects. In detail, among them,
1465 subjects were randomly selected into the “exploratory
population”, based on which a score model was developed.
The remaining subjects were used for the model validation
as the “validation population”. The screening criteria of
diabetes were focused on the fasting plasma glucose, with
the level of fasting plasma glucose higher than 7.0mmol/L
would be diagnosed as diabetes (17).
The research was approved by the Ethics Committee of
the School Hospital of Harbin Institute of Technology. For
confidetiality, all of the names and the medical exmination
document numbers were deleted by the School Hospital of
Harbin Institute of Technology.
Statistical analysis: The statistical analysis was performed
with R program (18). All continuous data were expressed as
the mean±standard deviation or median depending on

normality. Differences between groups were assessed by the
two-sample t-test. For categorical data, chi-square test was
used for comparison. We initially selected 18 potential risk
factors for the development of the score model. These
potential risk factors were: age, gender, BMI, personal
history of hypertension, personal history of coronary heart
disease, personal history of cerebrovascular diseases, family
history of hypertension, family history of diabetes, family
history of coronary heart disease, family history of
cerebrovascular diseases, smoking or not smoking, drinking
or not drinking systolic blood pressure, diastolic blood
pressure, triglyceride, Total Cholestrol (TCHO), High
Density Lipoproteine Cholestrin (HDL-C), and Low Density
Lipoproteine Chilostrin (LDL-C). A backward stepwise
logistic regression model was used to screen out the
statistically significant factors. A p-value of less than 0.05
was considered to be statistically significant. The significant
factors were then used to construct the scoring model. Based
on the receiver operation characteristic (ROC) curve of the
selected variables, the cutoff value of each variable was
obtained by calculating the Youden index to formulate the
scale of the scoring model. We calculated the total score of
each subject to better understand the risk of diabetes. The
total score was then included into a binary logistic regression
model and the Youden index was used to determine the
cutoff value of the total score according to the ROC curve.
Based on each subject’s total score, we divided the total risk
into four status levels: low risk, middle risk, high risk and
extremely-high risk.
Score model test was important to check the accuracy or
efficiency of the model. We validated the performance of the
diabetes risk score model via the “validation population”.
The area under the ROC curve (AUC) was usually used to
test the accuracy of the score model. If AUC was larger than
0.5, it would be considered that the performance of the
model is valid. First, we obtained the total score for each
subject in the “validation population” based on the score
model. We then calculated the area under the ROC curve
(AUC) to evaluate the performance of the score model.

Results
In both the exploratory and validation populations, most
of the characteristics were non-significant except for family
history of diabetes (table 1), which suggesting that the
comparability between the two populations groups was
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rather good. By the logistic regression, the significant risk
factors for the score model were age, LDL-C, BMI, family
history of diabetes, HDL-C, diastolic blood pressure and
TCHO (table 2).
Among them, age, BMI, family history of diabetes,
diastolic blood pressure and TCHO appeared to be risk
factors because the related coefficients were positive while
HDL-C and LDL-C appeared to be preventive factors due to
their negative coefficients. Previous studies suggested that
LDL-C was a risk factor for diabetes (19) while HDL-C was

a preventive factor (20, 21), thus in our model, we
considered the LDL-C as a risk factor. BMI was marginally
significant and some studies showed that it was a significant
risk factor for diabetes (22, 23), so we included it into our
model. As shown in table 2, the AUC for the integrated
model was 0.834 (95%CI, 0.802-0.867), which is much
higher than the AUC of any single factor. It was suggested
that we should evaluate the risk of diabetes by combining all
the statistically significant, marginally significant factors
together.

Table 1. Basic demographic and clinical characteristics of the “exploratory population” and “validation population”.

Characteristic
n
Gender (male)
Age (years)
BMI* (kg/m2)
Diastolic blood pressure (mmHg)
Family history of diabetes (Yes)
LDL-C ** (mmol/L)
HDL-C *** (mmol/L)
TCHO **** (mmol/L)
FPG***** (mmol/L)

Exploratory
group
105
64
64.82±13.79
26.31±2.90
83.05±10.11
24
3.15±1.06
1.57±0.42
5.17±1.19
9.25±2.30

*Body Mass Index

**Low Density Lipoproteine Chilostrin

****Total Cholestrol

*****Fasting plasma glucose

Diabetes
Validation
group
105
67
66.79±13.59
26.35±3.16
82.01±9.34
2
3.04±1.15
1.60±0.49
5.11±1.41
9.19±2.24

p-value
-0.776
0.298
0.921
0.441
<0.0001
0.492
0.639
0.739
0.849

Non-diabetes
Exploratory Validation
group
group
1360
1158
737
650
51.44±17.59 51. 46±17.62
24.35±3.52
24.35±3.42
76.79±10.43 77.71±10.49
128
1153
2.76±0.92
2.75±0.93
1.83±0.54
1.81±0.51
4.86±0.92
4.83±0.93
5.32±0.56
5.32±0.53

p-value
-0.350
0.978
0.958
0.029
<0.0001
0.896
0.349
0.504
0.772

***High Density Lipoproteine Cholestrin

Table 2. Backward stepwise logistic regression model and the cutoff values of related risk factors
Variable
Age (years)
LDL-C* (mmol/L)
BMI** (kg/m2)
Family history of diabetes (Yes)
HDL-C*** (mmol/L)
Diastolic blood pressure (mmHg)
TCHO**** (mmol/L)
Area under the ROC curve

Coefficient p value Odds ratio
0.057
<0.0001
1.058
-1.766
<0.0001
0.171
0.071
0.0508
1.074
1.235
<0.0001
3.437
-2.643
<0.0001
0.071
0.033
0.0029
1.033
1.817
<0.0001
6.152
0.834, 95%CI (0.802-0.867)

*Low Density Lipoproteine Chilostrin

**Body Mass Index

***High Density Lipoproteine Cholestrin

****Total Cholestrol

To better evaluate the effects of risk factors in the score
model, we categorized the selected continuous factors,
mainly age, BMI, LDL-C, HDL-C and diastolic blood

AUC(95% CI)
0.719(0.677-0.762)
0.608(0.549-0.667)
0.666(0.619-0.608)
0.567(0.526-0.608)
0.645(0.541-0.705)
0.664(0.616-0.713)
0.579(0.517-0.641)

Cutoff value
53
2.98
23.6
1.705
75
5.6

pressure, into three levels according to the cutoff values as
shown in table 2. For most of the selected factors, the higher
the level was, the higher risk it presented, except for the
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preventive factor of HDL-C. For HDL-C, the level higher
than the cutoff value of 1.705 was considered as the
reference level. For TCHO, we categorized it into two levels
due to the data restriction. The result of the categorization
was shown in table 3.
The score was attributed mainly from the β-coefficient.
The principal of the score attribution was described as
follows: β=0.01-0.2, the corresponding score was assigned 1;
β=0.21-0.8, the score was 2; β=0.81-1.2, the score was 3;

β=1.21-2.2, the score was 4; β>2.2, the score was assigned
the highest of 5 (24). Based on these individual scores, we
calculated the total score of the “exploratory population”,
and obtained the cutoff value of the total score based on its
ROC curve.
The cutoff value of the total score was 7.5. We then
categorized the total score into four levels for the risk
stratification: low risk (the total score of 0-2), middle risk (37), high risk (8-12) and extremely-high risk (13-17).

Table 3．Logistic regression model with the stratified risk factors and the related scoring system.
Intercept
Age (years)
<=53
54-68
69-91
LDL-C* (mmol/L)
<=2.98
2.99-5.07
5.08-8.07
BMI** (kg/m2)
<=23.6
23.7-29.9
30.0-38.0
Family history of diabetes
No
Yes
HDL-C*** (mmol/L)
>=1.705
0.83-1.704
0.78-0.82
Diastolic blood pressure (mm Hg)
<=75
76-98
99-128
TCHO**** (mmol/L)
<=5.6
>5.6
Area under the ROC curve
*Low Density Lipoproteine Chilostrin
***High Density Lipoproteine Cholestrin

Coefficient
-5.223

Odds ratio (95% CI)

Score

reference
1.116
1.844

3.051 (1.722-5.443)
6.321 (3.723-10.996)

0
3
4

reference
0.102
1.576

1.107 (0.654-1.852)
4.835 (1.477-15.162)

0
1
4

reference
0.777
0.824

2.175 (1.255-3.939)
2.279 (0.890-5.495)

0
2
3

reference
1.250

3.489(1.994-5.979)

0
4

2.602(1.618-4.268)
3.980(0.176-39.921)

0
3
4

1.346(0.826-2.244)
3.064(1.223-7.153)

0
2
3

reference
0.956
1.381
reference
0.297
1.120

reference
0.305
1.357(0.737-2.475)
0.811, 95% CI(0.776-0.847)

0
2

**Body Mass Index
****Total Cholestrol

Finally, we checked the performance of the score model
with the “validation population” of 1263 subjects. Among
them, 105 (8.31%) subjects were diagnosed with diabetes.

We calculated the total score of each subject in the
“validation population”, based on the score model developed
from the “exploratory population”. The AUC for the total

148

score was 0.770 (95%CI: 0.730-0.811) (fig 1). The AUC’s
value was larger than the cutoff value of 0.5 which indicated
that the performance of the score model was relatively good
for predicting the risk of diabetes for the “validation
population”.

Figure 1. ROC curve of the total risk score for the “Validation
population”. The AUC was 0.770 (95%CI: 0.730-0.811).

Discussion
In this study, we construted a diabetes score model based
on the physcial examination report data. The risk factors we
selected for constructing the diabetes score model were age,
LDL-C, BMI, family history of diabetes, HDL-C, diastolic
blood pressure, TCHO. Based on the calculation of the
diabetes score model, we then divided the risk level into four
categories: low risk (0-2), middle risk (3-7), high risk (8-12)
and extremely high risk (13-17). Validation of the diabetes
risk model showed a good performance of the diabetes score
model.
Studies have shown that diabetes could have been
prevented through the related interventions such as lifestyle
intervention or education (25, 26). Therefore, there is a
strong favor in screening the potential patients who are at
high risk of developing diabetes. Our study is unique that we
focused our research on a variety of subject’s demographic
and clinical characteristics, which can give a better
integrated evaluation of the diabetes risk status. This may
provide a simple, practical and useful tool for potential highrisk diabetes individuals to make a proper identification after
they received the physical examination reports. The
identified high-risk individuals would benefit from receiving
health interventions at an early stage so as to prevent the
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onset of diabetes. It is highly recommended that the high-risk
individuals seek appropriate health interventions. Unlike
other risk score models developed elsewhere, our research
utilized the data from physical examination reports in which
the related demographic and clinical data were convenient to
be collected from the hospital systems. Compared with other
studies, our data collection was easier and it could be applied
in our hospitals directly. The score model and its use in selfassessment might be a good way to alleviate the workload of
doctors since many of the physical examinations were
conducted at the end of the month or year.
HDL-C appeared to be a protective factor in our study.
The result was consistent with other studies that HDL-C, a
component of the metabolic syndrome, was beneficial to
prevent the diabetes. For other risk factors in the score
model, a value above the corresponding cutoff value
typically indicated a higher risk of diabetes. A major
contribution of the integrated score model is that HDL-C
was included to capture its preventive function. However, we
excluded the drinking and smoking factors in the model
development due to possibly oversimplified quantification of
these two risk factors. Also, since the information on
physical activity and diet was not collected in the physical
examination reports, their effects cannot be assessed or taken
into consideration into the score model.
Further research is needed to explore the roles of these
factors in risk prediction of diabetes.Compared with the
existing diabetes score models (12, 27, 28), our model is
innovative in that we stratified the total score into four risk
levels, which would make the results easier to be interpreted
by the users. More importantly, we tested the performance of
the score model through the “validation population”. The
validation result confirmed that our risk score model has a
good and robust performance in the prediction of the risk of
diabetes even though some of the risk factors showed a
significant difference between the two groups.
In conclusion, we developed a ready-to-use diabetes risk
score model based on the physical examination data which
can be applied as a tool to identify individuals at high risk of
diabetes. It consisted of the positive predictors, such as age
(p<0.0001), LDL-C (p<0.0001), BMI (p=0.0508), family
history of diabetes (Yes, p<0.0001), HDL-C (p<0.0001),
diastolic blood pressure (p=0.0029), TCHO (p<0.0001), as
well as negative predictors TCHO (p<0.0001). People can
use it to make a self-assessment based on the data from their
physical examination report.

Caspian J Intern Med 2018; 9(2): 144-150

Diabetes risk score model

Acknowledgments
We are grateful to the editor’s hard work and the
reviewer’s critical comments.
Funding: This research study received no specific grant
from any funding organization.
Conflicts of interest: None declared.

References
1. Polonsky KS. The past 200 years in diabetes. New Engl
J Med 2012; 367: 1332-40.
2. Forouhi NG, Wareham NJ. Epidemiology of diabetes.
Medicine 2014; 42: 698-702.
3. Xu Y, Wang L, He J, et al. Prevalence and control of
diabetes in Chinese adults. JAMA 2013; 310: 948-59.
4. Rodríguez Calvín JL, Zapatero Gaviria A, Martín Ríos
MD. Prevalence of depression in type 2 diabetes mellitus.
Rev Clin Esp 2015; 215: 156-64.
5. Islam SM, Rawal LB, Niessen LW. Prevalence of
depression and its associated factors in patients with type
2 diabetes: A cross-sectional study in Dhaka,
Bangladesh. Asian J Psychiatr 2015; 17: 36-41.
6. Cichosz SL, Johansen MD, Knudsen ST, Hansen TK,
Hejlesen O. A classification model for predicting eye
disease in newly diagnosed people with type 2 diabetes.
Diabetes Res Clin Pract 2015; 108: 210-5.
7. Azizi-Soleiman F, Heidari-Beni M, Ambler G, et al.
Iranian risk model as a predictive tool for retinopathy in
patients with type 2 diabetes. Can J Diabetes 2015; 39:
358-63.
8. Soto-Pedre E, Pinies JA, Hernaez-Ortega MC. External
validation of a risk assessment model to adjust the
frequency of eye-screening visits in patients with
diabetes mellitus. J Diabetes Complications 2015; 29:
508-11.
9. Gregg EW, Chen H, Wagenknecht LE, et al. Association
of an intensive lifestyle intervention with remission of
type 2 diabetes. JAMA 2012; 308: 2489-96.
10. Gale EA, Bingley PJ, Emmett CL, Collier
T; European Nicotinamide Diabetes Intervention Trial
(ENDIT) Group. European Nicotinamide Diabetes
Intervention Trial (ENDIT): a randomised controlled trial
of intervention before the onset of type 1 diabetes. Lancet
2004; 363: 925-31.

149

11. Lindström J, Ilanne-Parikka P, Peltonen M, et al.
Sustained reduction in the incidence of type 2 diabetes by
lifestyle intervention: follow-up of the Finnish Diabetes
Prevention Study. Lancet 2006; 368: 1673-9.
12. Aekplakorn W, Bunnag P, Woodward M, et al. A risk
score for predicting incident diabetes in the Thai
population. Diabetes Care 2006; 29: 1872-7.
13. Al-Lawati JA, Tuomilehto J. Diabetes risk score in
Oman: a tool to identify prevalent type 2 diabetes among
Arabs of the Middle East. Diabetes Res Clin Pract 2007;
77: 438-44.
14. Fukuoka Y, Choi J, M SB, Gonzalez P, Arai S. Family
history and body mass index predict perceived risks of
diabetes and heart attack among community-dwelling
Caucasian, Filipino, Korean, and Latino AmericansDiLH Survey. Diabetes Res Clin Pract 2015; 109: 15763.
15. Janghorbani M, Adineh H, Amini M. Finnish diabetes
risk score to predict type 2 diabetes in the Isfahan
diabetes prevention study. Diabetes Res Clin Pract 2013;
102: 202-9.
16. Liu M, Wang Z, Sun X, Chen Y, Zhang Q. Rapid
increase in the incidence of clinically diagnosed type 2
diabetes in Chinese in Harbin between 1999 and 2005.
Primary Care Diabetes 2007; 1: 123-8.
17. Canadian Diabetes Association Clinical Practice
Guidelines Expert Committee, Ekoé JM, Punthakee Z, et
al. Screening for type 1 and type 2 diabetes. Can J
Diabetes 2013; 37:S12-5.
18. Collins GS, Mallett S, Omar O, Yu LM. Developing risk
prediction models for type 2 diabetes: a systematic
review of methodology and reporting. BMC Med 2011;
9: 103.
19. Brown TM, Tanner RM, Carson AP, et al. Awareness,
treatment, and control of LDL cholesterol are lower
among U.S. Adults with undiagnosed diabetes versus
diagnosed diabetes. Diabetes Care 2013; 36: 2734-40.
20. Kakuda H, Matoba M, Nakatoh H, Nagao S, Takekoshi
N. Effects of change in high-density lipoprotein
cholesterol by statin switching on glucose metabolism
and renal function in hypercholesterolemia. J Clin
Lipidol 2015; 9: 709-15.
21. Juren AJ, Sarwal G, Al-Sarraf A, et al. Low prevalence
of type 2 diabetes mellitus among patients with high
levels of high-density lipoprotein cholesterol. J Clin
Lipidol 2013; 7: 194-8.

150

22. Li S, Xiao J, Ji L, et al. BMI and waist circumference are
associated with impaired glucose metabolism and type 2
diabetes in normal weight Chinese adults. J Diabetes
Complications 2014; 28: 470-6.
23. Meigs JB, Wilson PW, Fox CS, et al. Body mass index,
metabolic syndrome, and risk of type 2 diabetes or
cardiovascular disease. J Clin Endocrinol Metab 2006;
91: 2906-12.
24. Lindström J, Tuomilehto J. The diabetes risk score a
practical tool to predict type 2 diabetes risk. Diabetes
Care 2003; 26: 725-31.
25. O'Brien MJ, Whitaker RC, Yu D, Ackermann RT. The
comparative efficacy of lifestyle intervention and

Caspian J Intern Med 2018; 9(2): 144-150
Wu H, et al.

metformin by educational attainment in the diabetes
prevention program. Prev Med 2015;77:125-30.
26. Guess ND, Caengprasath N, Dornhorst A, Frost GS.
Adherence to NICE guidelines on diabetes prevention in
the UK: Effect on patient knowledge and perceived risk.
Primary Care Diabetes 2015; 9: 407-11.
27. Schulze MB, Hoffmann K, Boeing H, et al. An accurate
risk score based on anthropometric, dietary, and lifestyle
factors to predict the development of type 2 diabetes.
Diabetes Care 2007; 30: 510-5.
28. Lindström J, Tuomilehto J. The diabetes risk score: a
practical tool to predict type 2 diabetes risk. Diabetes
Care 2003; 26: 725-31.

