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Summary: Type 2 diabetes mellitus (T2DM) has become a prevalent health problem in China, 
especially in urban areas. Early prevention strategies are needed to reduce the associated mortality 
and morbidity. We applied the combination of rules and different machine learning techniques to 
assess the risk of development of T2DM in an urban Chinese adult population. A retrospective 
analysis was performed on 8000 people with non-diabetes and 3845 people with T2DM in Nanjing. 
Multilayer Perceptron (MLP), AdaBoost (AD), Trees Random Forest (TRF), Support Vector 
Machine (SVM), and Gradient Tree Boosting (GTB) machine learning techniques with 10 cross 
validation methods were used with the proposed model for the prediction of the risk of development 
of T2DM. The performance of these models was evaluated with accuracy, precision, sensitivity, 
specificity, and area under receiver operating characteristic (ROC) curve (AUC). After comparison, 
the prediction accuracy of the different five machine models was 0.87, 0.86, 0.86, 0.86 and 0.86 
respectively. The combination model using the same voting weight of each component was built on 
T2DM, which was performed better than individual models. The findings indicate that, combining 
machine learning models could provide an accurate assessment model for T2DM risk prediction.  
Key words: type 2 diabetes; risk prediction; machine learning

Type 2 diabetes mellitus (T2DM) is a major disease 
with a high prevalence around the globe, and a trend 
that is still on the rise[1, 2]. T2DM is a leading cause of 
morbidity and mortality and contributes to increased 
risks of cardiovascular risk diseases by 2 to 4 times[1]. 
As a large developing country in the world, China 
has now joined the world epidemic of T2DM with its 

rapid economic growth over the past three decades[2–4]. 
Although it is increasing rapidly both in urban and 
rural areas, the prevalence of T2DM is significantly 
higher in urban than in rural population[2]. Recent 
studies indicate that T2DM can be prevented and early 
screening and diagnosis are thus central to effective 
prevention strategies[5–8]. Accordingly, more attention 
should be paid to the early diagnosis of T2DM in urban 
areas in consideration of its great health burden. 

To this end, a series of clinical prediction methods 
have been developed to identify individuals with 
unknown diabetes or those at high risk of developing 
diabetes over recent years[9–13]. However, these 
models may not be readily applicable to patients 
reporting to a hospital for different types of services. 
Still, considering differences in ethnic specificity 
and economic development in different regions, it 
is necessary to develop a risk prediction system for 
T2DM, that can meet the characteristics of the Chinese 
population, especially in urban areas. 

Machine learning and data mining models are 
increasingly utilized in the field of science[14–19]. The 
main objective of these models is to determine effective 
variables and the relationship between them[19]. These 
models can also be used for prediction and estimation[14, 15]. 
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Machine learning models can be defined as a process 
to design a model that is learned through experience 
and to improve its performance. These models are a 
field of artificial intelligence and are an active field of 
research in different sciences. Also, in medical science, 
machine learning techniques are widely used for the 
diagnosis of T2DM[15, 17–19]. For example, decision tree 
models have been widely used to predict diabetes[20] 

and experimental results showed that the weighted 
voting method not only improves the classification 
accuracy, but also has a strong generalization ability 
and universality[21, 22]. 

The aim of this study is to create a diabetes risk 
prediction model using available data in a retrospective 
study aimed at preventing development of overt T2DM 
among Chinese urban adults in Nanjing. Therefore, 
we implemented in this study five different machine-
learning techniques such as Multilayer Perceptron 
(MLP), Ada Boost (AD), Trees Random Forest (TRF), 
Support Vector Machine (SVM) and Gradient Tree 
Boosting (GTB) to model T2DM and analyze the 
performance.

1 MATERIALS AND METHODS

1.1 Data Collection and Indicator Selection
We collected physical examination data from 

8000 people with non-diabetes and 3845 people with 
T2DM from the Nanjing Drum Tower Hospital. This 
study was approved by the Ethics Review Committee 
of Nanjing Drum Tower Hospital.

The physical examination data were consisted 
of about 450 indicators, but many of these physical 
examination indicators had no strong relationship 
with T2DM. We manually selected some indicators 
that were more relevant to T2DM from the view of 
medicine, and the indicators we selected are shown in 
table 1[23, 24]. The age of T2DM patients was from 32 to 
104 years old, and that of non-T2DM people was 19 to 
99 years old (fig. 1). 

1.2 Data Preprocessing
In this physical examination data set, most of 

the T2DM patients’ data or non-T2DM people’s data 
were complete, however, there were a fewer samples 
missing one or two feature values. The mean of the 
corresponding feature was used to fill the missing 
feature, which is a basic strategy. To make the filled 
values more represenative, the mean of T2DM patients 
and non-T2DM patients was calculated separately.

Considering that the values of features have 
different intervals that can affect the results when 
building the machine learning model, we used the 
strategy which was called Min-Max Normalization to 
make sure the values were all between 0 and 1 in every 
feature.

Fig. 1 The age distribution of T2DM (A) and non-T2DM (B)
patients

Table 1 The selected indicators
Indicators Unit
Gender                          Male/Female
Age  –
Body mass index –
Systolic pressure mmHg
Diastolic pressure mmHg
Glycated hemoglobin (A1C) %
Triglycerides mmol/L
Total cholesterol mmol/L
H-cholesterol mmol/L
L-cholesterol mmol/L
Glucose mmol/L
Note: Considering that T2DM can cause some complications, 
we also take fewer common indicators which are highly relevant 
to T2DM complications that can help diagnose.

vnew= (newmaxA -newminA )+newminA

newminA=0 newmaxA=1

vold - minA
maxA - minA

1.3 Machine Learning Methods
We built a combination model which was based 

on five machine learning models to predict whether an 
unknown sample was a T2DM or not, and also output 
the probability he/she became T2DM patients. In this 
study, we used Multilayer Perceptron (MLP), Adaptive 
Boosting (AdaBoost), Random Forest, Support Vector 
Machine (SVM), and Gradient Boosting. The MLP 
consists of input layer, output layer and hidden layers. 
All the layers contain several simple interconnected 
neurons (also known as nodes). In each interconnected 
neuron this study used Relu function as activation 
function. The output of the node is calculated by the 
connection weight matrix and becomes the input value 
of the next layer. When training a multilayer perceptron, 
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back propagation algorithm is performed to update the 
weights matrix[25]. 

By training some weak classifiers, AdaBoost 
combines these weak classifiers into a more complex 
classifier. Different from other traditional bagging 
strategy, this method pays more attention to the 
samples that are misclassified by the previous weak 
classifiers, which means the training instance who was 
misclassified by the previous weak classifiers will have 
greater weight to be selected[4]. In Random Forests, 
each classifier is a decision tree which depends on 
independent sampling, and has the same distribution 
with other trees in the forest. Random forests can 
be constructed using a combination of bagging and 
random selection of features[26]. SVM is a very popular 
machine learning algorithm. When the training data are 
linearly separable, SVM tries to maximize the marginal 
of hyperplanes so that as much as possible to separate 
the training data. But when the training data are non-
linearly separable, SVM applies kernel function to 
transform the training data into high-dimensional space 
to separate the data effectively[27]. Gradient Boosting 
is also by combining weak classifiers into a stronger 
classifier to make the final decisions. Every iteration 
aims to reduce the residual error of the previous 
iterations in the gradient direction[28].

In order to combine the five machine learning 
models’ results, we used a strategy that simulated 
the doctor consultation in reality. Imagining that 
the five models are five experts, when the unknown 
sample comes, they diagnose the sample and have five 
probabilities whether the sample is T2DM patients or 
not. Then, we used weighted average probabilities to 
predict the probability that the sample becomes each 
class (In this study, the class is 0 or 1, 0 means the 
sample is non-T2DM person, while 1 represents T2DM 
patients). 
1.4 Validation and Evaluation Strategy

We split all the data into three data sets (table 2): 
training set, cross-validation (CV) set, test set, and the 
ratio of the three sets was about 6:2:2. In the CV set, we 
use 10-fold CV, meaning that the CV set is randomly 
split into 10 subsets with no sample intersection, then 
we repeat the process 10 times, for each turn No. i, 
the subset of i is retained as the validation data, and 
the other data are used as training data. So, for each 
machine learning model, we can get 10 performance 
evaluation data in the end. Using CV data, we could 
evaluate the performance of each machine learning 
model, to choose which is better, also, adjust the 
model’s parameter values.

The data were randomly distributed, although the 
original samples’ order was originally randomized.

In order to assess the performance of the machine 
learning model, we calculate the confusion matrix. 
Suppose the positive and negative samples are P and N, 
in this study, the positive samples are T2DM patients, 
the negative samples are non-T2DM people, and the 
confusion matrix is shown in table 3. 

Table 3 Confusion matrix model

Subjects
Predict class

T2DM
patients

Non-T2DM 
people

Real
class

T2DM patients TP FN P
Non-T2DM people FP TN N

P’ N’ P+N
TP: true positive, meaning the T2DM patients are correctly classified 
by our model; TN: true negative, meaning the non-T2DM people are 
correctly classified by our model; FP: false positive, meaning the non-
T2DM people are incorrectly classified as T2DM patients by our model; 
FN: true negative, meaning the T2DM patients are incorrectly classified 
as non-T2DM people by our model

To illustrate the diagnosis ability of our model, the 
ROC curve is drawn based on a series of different cut-
off values to classify the samples. The horizontal axis 
is false positive ratio (also defined as 1–specificity), 
and the vertical axis is true positive ratio (also known 
as sensitivity).

2 RESULTS

2.1 Performance of Five Machine Learning Models 
in CV Set

Five machine learning models were tested in cross-
validation set, and also, the hyper-parameters for each 
model were adjusted. The performance of each model 
in accuracy is shown in table 4. The results showed 
that these models had similar accuracy performance. 
Considering the low variance of each model, all the 
five models are stable and reliable.

For the model MLP, we built a three hidden layer 
artificial neural network, and the units for each hidden 
layer were 20, 10, and 2 respectively. We used Relu 
as our activation function, and Limited-memory BFGS 
as the solver for weight optimization. Those hyper-
parameters could make the MLP model perform better.

For the model AdaBoost, we built a model whose 
maximum number of weak learners was 30. When 

Table 4 The performance of each model in accuracy
Model name Mean Variance
MLP 0.87 0.0002
AdaBoost 0.86 0.0002
Random Forests 0.86 0.0003
SVM 0.86 0.0002
Gradient Boosting 0.86 0.0002

Table 2 Three data sets
Groups Training set CV set Test set Total
T2DM 2307 769 769 3845
Non-T2DM 4800 1600 1600 8000
Total 7107 2369 2369 11845
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the learning rate was 0.5, the model had a better 
performance in CV data set.

For the model Random Forest, when we set the 
maximum number of weak learners to 50, the model 
had a satisfied performance.

For the model SVM, we created a model with a 
linear kernel for its great performance in CV data set 
after trying other kernels such as Polynomial kernel, 
Radial Basis Function kernel, Sigmoid Function 
kernel, etc. When we set 3.0 as the penalty parameter 
for error term and 5000 as the maximum number of 
iteration, this model could be performed better under 
the 10 CV methods.

For the model Gradient Boosting, we set 150 
as the maximum number of weak learners, for each 
tree, we set 3 as the maximum depth of the individual 
regression estimators. 

So, on the whole, the performance of the five 
models in the CV set under the 10 CV methods 
was similar, no matter from the view of the average 
accuracy or the variance of accuracy. From another 
aspect, the results also showed that we could integrate 
the five models to build our final decision model.
2.2 Combination of Five Models 

After observing the performance of five machine 
learning models in CV data set, all the five models were 
used to generate the final decision model, considering 
they have very similar performance in CV data set. 
When voting the unknown sample, we gave the five 
models the same voting weight, so, the last computing 
method is as follows (table 5).

data set was 0.91, and the confusion matrix is shown 
in table 6.

Table 5 The voting weight of five models
Classifier T2DM patients Non-T2DM people
MLP 1×p1

1 1×p1
0

AdaBoost 1×p2
1 1×p2

0

Random Forest 1×p3
1 1×p3

0

SVM 1×p4
1 1×p4

0

Gradient Boosting 1×p5
1 1×p5

0

P average     pi
1/5     pi

0/5
5

i=1

5

i=1

We can get two useful results when we predict 
the unknown sample. One is the class of the unknown 
sample, and the other is the probability of the unknown 
sample as the predicted class.

The pj means the probability of an unknown 
sample becomes class j, the value of j is 1 or 0, and i 
represents the number of the five models. The pj

i means 
that the probability of model i predicts the sample as 
class j.
2.3 Evaluation of Model

We trained the combination model using the 
training data set, and then we used the test data set to 
evaluate the performance of the combination model.

The accuracy of our combination model in the test 

Table 6 The confusion matrix

Subjects
Predict class

T2DM patients Non-T2DM people
Real
class

T2DM patients 641 128
Non-T2DM people 87 1513

The sensitivity was equal to 0.83, and the 
specificity was equal to 0.95. The relationship between 
sensitivity and specificity was inversely proportional. 
Also, the precision was 0.88, and the recall was 0.83.

The AUC value was 0.97, and the ROC curve is 
shown in fig. 2. 
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Fig. 2 The combined model’s ROC curve

3 DISCUSSION 

T2DM accounts for more than 90% of patients with 
diabetes and leads to microvascular and macrovascular 
complications that cause profound psychological and 
physical distress to both patients and carriers and put 
a huge burden on health-care systems. However, it 
tends to be undiagnosed as a result of a lack of specific 
symptoms and limited interest in the public health 
care sector. Early diagnosis and detection might help 
in preventing its complications[29] and delaying its 
progression[5]. Furthermore, it is also beneficial for 
both public health and clinical practice in general[29]. 
Until now, diabetes prevention trials included people 
with impaired glucose tolerance, who can be identified 
only by conducting an oral glucose tolerance test[12]. 
However, screening by oral glucose tolerance test would 
probably increase the yield and economic efficiency of 
screening[30]. Thus, finding simpler methods to identify 
individuals of diabetes and who might benefit from 
targeted prevention is an important goal.

Machine learning models are increasingly used 
in the field of science[31–36]. These models can be used 
for prediction and estimation[34, 37]. Machine learning 
models can be defined as a process to design a model 
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that is learned through experience and to improve its 
performance. In medical science, machine learning 
techniques are widely used for the diagnosis of 
T2DM[16–19]. Using those tools as a diagnostic tool can 
reduce the workload of doctors. To date, most existing 
prediction models for risk of developing diabetes 
have been derived from white populations[35–42], and 
few models are based on Asian ethnic groups[40–44]. It 
has been shown that the models developed in white 
populations tended to poorly predict high-risk subjects 
for diabetes in Asian populations[43], because each 
ethnic group has different and distinctive genetic and 
environmental characteristics. Therefore, considering 
the high incidence of diabetes in Chinese urban 
population, there is need for developing different 
models for different populations to screen individuals 
for diabetes, especially for Chinese urban residents. We 
created predictive models for detecting undiagnosed 
diabetes using the data from Nanjing Drum Hospital 
with different machine-learning methods. We collected 
physical examination data from 8000 people with non-
T2DM and 3845 patients with T2DM. The classifiers 
used in this study included MLP, AdaBoost, Random 
Forest, SVM and Gradient Boosting. These methods 
were evaluated based on the criteria of sensitivity, 
specificity, accuracy, ROC curve and precision. The 
result of comparison shows that the performance of 
each model in accuracy is similar, no matter from 
the view of the average accuracy or the variance of 
accuracy. Considering the stability and reliability of 
each model, we integrated the five models to build our 
final decision model. The combination of five models 
achieved a high accuracy prediction (AUC=0.97). 
Generally, most of the algorithms used achieved mean 
AUCs greater than 70%. Since these test dataset values 
are superior to the AUCs of several other scores that 
were previously validated in other populations, this 
score shows potential for use in practice.

Zou et al randomly selected the data from 68 994 
healthy people and diabetic patients in Luzhou, China. 
In this study, decision tree, random forest and neural 
network were used to predict T2DM. The results showed 
that prediction with random forest could reach the 
highest accuracy (ACC=0.8084) when all the attributes 
were used. The prediction model developed by Habibi 
et al[44] used decision tree for screening T2DM, which 
did not require laboratory tests for T2DM diagnosis. 
The model was built based on diagnosis variables 
defined by other studies as main predictor variables 
[age, body mass index (BMI)]. It does not require any 
blood assays or mathematical calculations to derive 
a model and seems to be a simple and easy way to 
use. Although collecting data from a questionnaire is 
likely less costly and more acceptable than methods 
of screening involving biochemical measures such as 
blood glucose, difficulties in distributing questionnaires, 

the time required to complete them, the complexity of 
computing the results, issues related to misreporting 
(reporting bias), and unavailability of some required 
information may hamper their population-wide 
application. Questionnaires may also create anxiety or 
false reassurance. Furthermore, these risk scores focus 
mainly on non-modifiable risk factors such as age and 
family history or on the consequences of adverse health 
behaviors such as high BMI and medication use. In 
addition, available risk factor information might differ 
between health services. This study used 11 features 
that are closely related to the occurrence of T2DM, 
including gender, age, BMI, systolic pressure, diastolic 
pressure, HbA1c, triglycerides, total cholesterol, 
H-cholesterol, L-cholesterol and fasting blood glucose. 
Of importance, validation tests confirmed that our risk 
score performed well in the prediction of diabetes in the 
independent sample, but additional external validation 
would be warranted.

The current study has some limitations, which 
could be addressed by additional investigations. Firstly, 
the model might be unable to precisely predict the risk 
of future development of diabetes because the data 
were derived from a cross-sectional study. Although 
cross-sectional studies are well suited for prevalent but 
undiagnosed disease, additional verification based on 
prospective studies could be needed for the Chinese 
population. Second, the number of samples needs 
to be enlarged in future. Although currently selected 
8000 people with non-T2DM and 3845 patients with 
T2DM achieve high accuracy on detecting T2DM, 
we still need more samples from our hospitals to 
confirm scalability of our models. This process will 
require more reviewing efforts from humans and will 
be considered as our next plan. Thirdly, our model is 
not confirmed on other institutes such as western data 
and does not include potentially important risk factors 
such as diet/nutrition or family history because of the 
lack of data. The included people in this study was 
the physical examination population in our hospital. 
Diabetes was diagnosed based on fasting blood 
glucose. The proportion of diabetic patients in this 
article is slightly biased, which is another one of the 
limitations. Although the combined models achieve a 
high performance on Chinese data, we believe it is also 
fit for identifying T2DM subjects on western people 
and we will test such hypothesis in our next step.

In summary, use of machine-learning techniques 
proves to be a viable alternative for building predictive 
diabetes models with good results. Our results 
significantly outperform the results which are reported 
in other reports of the literature in general. In our future 
work, we will validate our results with other related 
cohorts. Our combined model can be proposed for 
identifying people who are at high risk of developing 
T2DM. This method can be used for feature selection 
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and in application. This approach needs to be tested 
and validated in other studies.

Conflict of Interest Statement 
The authors declare that they have no conflicts of 

interest.

REFERENCES
1	 Wang L, Gao P, Zhang M, et al. Prevalence and Ethnic 

Pattern of Diabetes and Prediabetes in China in 2013. 
JAMA, 2017,317(24):2515-2523

2	 Yang W, Lu J, Weng J, et al. Prevalence of diabetes 
among men and women in China. N Engl J Med, 
2010,362(12):1090-1101

3	 Xu Y, Wang L, He J, et al. Prevalence and control of 
diabetes in Chinese adults. JAMA, 2013,310(9):948-
959

4	 Pan XR, Yang WY, Li GW, et al. Prevalence of diabetes 
and its risk factors in China, 1994. National Diabetes 
Prevention and Control Cooperative Group. Diabetes 
Care, 1997,20(11):1664-1669

5	 Li G, Zhang P, Wang J, et al. The long-term effect of 
lifestyle interventions to prevent diabetes in the China 
Da Qing Diabetes Prevention Study: a 20-year follow-
up study. Lancet, 2008,371(9626):1783-1789

6	 Lindstrom 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(9548):1673-1679

7	 Knowler WC, Barrett-Connor E, Fowler SE, et al. 
Reduction in the incidence of type 2 diabetes with 
lifestyle intervention or metformin. N Engl J Med, 
2002,346(6):393-403

8	 Knowler WC, Fowler SE, Hamman RF, et al. 10-year 
follow-up of diabetes incidence and weight loss in the 
Diabetes Prevention Program Outcomes Study. Lancet, 
2009,374(9702):1677-1686

9	 Buijsse B, Simmons RK, Griffin SJ, et al. Risk 
assessment tools for identifying individuals at risk of 
developing type 2 diabetes. Epidemiol Rev, 2011,33:46-
62

10	 Thoopputra T, Newby D, Schneider J, et al. Survey of 
diabetes risk assessment tools: concepts, structure and 
performance. Diabetes Metab Res Rev, 2012,28(6):485-
498

11	 Abbasi A, Peelen LM, Corpeleijn E, et al. Prediction 
models for risk of developing type 2 diabetes: systematic 
literature search and independent external validation 
study. BMJ, 2012,345:e5900

12	 Collins GS, Mallett S, Omar O, et al. Developing risk 
prediction models for type 2 diabetes: a systematic 
review of methodology and reporting. BMC Med, 
2011,9:103

13	 Noble D, Mathur R, Dent T, et al. Risk models and 
scores for type 2 diabetes: systematic review. BMJ, 
2011,343:d7163

14	 Yoo I, Alafaireet P, Marinov M, et al. Data mining in 
healthcare and biomedicine: a survey of the literature. J 
Med Syst, 2012,36(4):2431-2448

15	 Barber SR, Davies MJ, Khunti K, et al. Risk assessment 
tools for detecting those with pre-diabetes: a systematic 

review. Diabetes Res Clin Pract, 2014,105(1):1-13
16	 Shankaracharya, Odedra D, Samanta S, et al. 

Computational intelligence in early diabetes diagnosis: 
a review. Rev Diabet Stud, 2010,7(4):252-262

17	 Choi SB, Kim WJ, Yoo TK, et al. Screening for 
prediabetes using machine learning models. Comput 
Math Methods Med, 2014,2014:618976

18	 Wang C, Li L, Wang L, et al. Evaluating the risk of type 
2 diabetes mellitus using artificial neural network: an 
effective classification approach. Diabetes Res Clin 
Pract, 2013,100(1):111-118

19	 Mansour R, Eghbal Z, Amirhossein H. Comparison 
of Artificial Neural Network, Logistic Regression 
and Discriminant Analysis Efficiency in Determining 
Risk Factors of Type 2 Diabetes. World Appl Sci J, 
2013,23(11):1522-1529

20	 Meng XH, Huang YX, Rao DP, et al. Comparison of 
three data mining models for predicting diabetes or 
prediabetes by risk factors. Kaohsiung J Med Sci, 
2013,29(2):93-99

21	 Quinlan JR. Induction of decision trees. Machine 
Learning, 1986,1(1):81-106

22	 Seni G, Elder J. Ensemble Methods in Data Mining: 
Improving Accuracy Through Combining Predictions. 
USA: Morgan & Claypool Publishers. 2010.

23	 Patel P, Macerollo A. Diabetes mellitus: diagnosis and 
screening. Am Fam Physician. 2010,81(7):863-870

24	 American Diabetes Association. 2. Classification 
and Diagnosis of Diabetes: Standards of Medical 
Care in Diabetes-2018. Diabetes Care, 2018,1(Suppl 
1):S13-S27

25	 Gardner MW, Dorling SR. Artificial neural networks 
(the multilayer perceptron)—a review of applications in 
the atmospheric sciences. Atmos Environ, 1998,32(14–
15):2627-2636

26	 Ferreira AJ, Figueiredo MAT. Boosting Algorithms: 
A Review of Methods, Theory, and Applications. 
Ensemble Machine Learning, 2012:35-85

27	 Breiman L. Random Forests. Machine Learning, 
2001,45(1):5-32

28	 Nazari Z, Kang D. Density Based Support Vector 
Machines for Classification. IJARAI, 2015,4(4):64-76

29	 Gerstein HC, Yusuf S, Bosch J, et al. Effect of 
rosiglitazone on the frequency of diabetes in patients 
with impaired glucose tolerance or impaired fasting 
glucose: a randomised controlled trial. Lancet, 
2006,368(9541):1096-1105

30	 Norris SL, Kansagara D, Bougatsos C, et al. Screening 
adults for type 2 diabetes: a review of the evidence for 
the U.S. Preventive Services Task Force. Ann Intern 
Med, 2008,148(11):855-868

31	 Montazeri M, Nezamabadi-Pour H, editors. Automatic 
extraction of eye field from a gray intensity image 
using intensity filtering and hybrid projection function. 
International Conference on Communications, 
Computing and Control Applications. 2011.

32	 Montazeri M, Nezamabadi-pour H, Montazeri M. 
Automatically Eye Detection with Different Gray 
Intensity Image Conditions. Computer Technol Appl, 
2012(8):525-532

33	 Mitra M, Bahrololoum A, Nezamabadi-Pour H, et 
al, editors. Cooperating of Local Searches based 



588 Current Medical Science  39(4):2019

Hyperheuristic Approach for Solving Traveling 
Salesman Problem. Ijcci, 2011.

34	 Hashemian AH, Beiranvand B, Rezaei M, et al. 
Comparison of Artificial Neural Networks and Cox 
Regression Models in Prediction of Kidney Transplant 
Survival. Neuropharmacology, 2012,62(4):1717-1729

35	 Bang H, Edwards AM, Bomback AS, et al. Development 
and Validation of a Patient Self-assessment Score for 
Diabetes Risk. Ann Intern Med, 2009,151(11):775-783

36	 Lindström J, Tuomilehto J. The diabetes risk score: a 
practical tool to predict type 2 diabetes risk. Diabetes 
Care, 2003,26(3):725-731

37	 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(8):e89

38	 Glümer C, Carstensen B, Sandbæk A, et al. A Danish 
diabetes risk score for targeted screening: the Inter99 
study. Diabetes Care, 2004,27(3):727-733

39	 Kahn HS, Cheng YJ, Thompson TJ, et al. Two risk-
scoring systems for predicting incident diabetes mellitus 

in U.S. adults age 45 to 64 years. Ann Intern Med, 
2009,150(11):741-751

40	 Ramachandran A, Snehalatha C, Vijay V, et al. 
Derivation and validation of diabetes risk score for urban 
Asian Indians. Diabetes Res Clin Pr, 2005,70(1):63-70

41	 Aekplakorn W, Bunnag P, Woodward M, et al. A Risk 
Score for Predicting Incident Diabetes in the Thai 
Population. Diabetes Care, 2006,29(29):1872-1877

42	 Gao WG, Dong YH, Pang ZC, et al. A simple Chinese 
risk score for undiagnosed diabetes. Diabetic Med, 
2010,27(3):274-281

43	 Glümer C, Vistisen D, Borchjohnsen K, et al. Risk 
Scores for Type 2 Diabetes Can Be Applied in Some 
Populations but Not All. Diabetes Care, 2006,29(2):410-
414

44	 Habibi S, Ahmadi M, Alizadeh S. Type 2 Diabetes 
Mellitus Screening and Risk Factors Using Decision 
Tree: Results of Data Mining. Glob J Health Sci, 
2015,7(5):304-310

(Received July 17, 2018; revised June 10, 2019)


