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Abstract  

Data mining involves exploration of large dataset to find valuable information that can aid decision 

making. The uses of data mining approach to build predictive model for predicting blood glucose level of 

T2DM patient after receiving treatment in ward. There are two data mining predictive models; logistic 

regression and artificial neural networks (ANNs). The purpose of this study work was to compare the 

performance of logistic regression and ANNs models for identifying risk factors that contributing to blood 

glucose level on T2DM patients. The scope of this study only involves one public hospital in Kelantan, 

Malaysia. 229 patients with T2DM who had received treatment in ward between 2008 and 2012 with ten 

input variables were selected. The classification accuracy, sensitivity and specificity have been measured 

to evaluate the performance for both models. For overall dataset, the logistic regression models achieved 

classification accuracy of 69.9% with a sensitivity of 50% and a specificity of 70.4%. The ANNs model 

reached classification accuracy 77.3% with sensitivity of 78.4% and specificity of 71.8%. Meanwhile, 

after partitioning dataset, logistic regression achieved classification accuracy of 71.3% with a sensitivity 

of 58.3% and specificity of 73.5%; and the ANNs reached classification accuracy of 72.5% with 

sensitivity of 72.3% and specificity of 75.3%. Hence, the ANNs model for the overall dataset had the 

highest classification accuracy compared to logistic regression model. Five important independent 

variables were identified on blood glucose level including diastolic blood pressure, platelet, white blood 

cell, low density lipoprotein and total cholesterol in ANNs analysis. This study would be able to 

contribute to the improvement of strategies and planning in hospital in Malaysia.   
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1. Introduction 

Type 2 diabetes mellitus (T2DM) also known as diabetes is a major disease especially in developing 

countries. People are starting wonder in mind what is diabetes and how this disease can be avoided or 

prevented. Diabetes occurred when a person has high blood sugar and his or her pancreas does not 

produce enough insulin to process the sugars. Insulin is a peptide hormone, produced by Beta cell of the 

pancreas that regulates carbohydrate and fat or blood sugar in the body into energy needed for daily life. 

The guidelines from World Health Organization (WHO,2012) to diagnose T2DM as having fasting 

plasma glucose concentration of ≥ 7.0 mmol/L (or ≥ 126 mg/dL) or ≥ 11.1 mmol/L (or ≥ 200 mg/dL) 

after 2 hours drinking 75g glucose. According to National Health and Morbidity Survey (Hasan, 2012), 

the prevalence of diabetes for year 2006 is 11.6% and 15.2% for year 2011. The prevalence of diabetes in 

Malaysia is increasing 3.6% within five years. This result indicates that T2DM has become a major public 

health problem in Malaysia. T2DM is a major risk factor for morbidity and mortality due to coronary 

heart disease, cerebrovascular disease and peripheral vascular disease (Eid et al., 2003).  There are several 

complications that may arise from T2DM such as renal dysfunction with microalbuminuria, proteinuria, 

cataract and neuropathy (Mafauzy, 2005).  
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Data mining is the process of exploring and modeling large amounts of dataset to discover unknown 

relationship that provides a clear useful result that can be used (Belazzi et al., 2008). Data mining is 

useful in the medical field to explore unknown factor and to build the predictive model (Chen et al., 

2011). According to Bellazzi (2006), the most frequently used predictive data mining models in medical 

field are decision tree (i.e. C4.5, C5, CART), decision rules, logistic regression, ANNs, support vector 

machines, naïve Bayesian classifier, Bayesian networks and k-nearest neighbors. This study had 

compared the predictive ability of logistic regression and ANNs models. Logistic regression model has 

been especially popular with medical research and traditional model (Bosevski et al., 2007; Chew et al., 

2012). Meanwhile, ANNs model is new model in medical research. ANNs is the preferred tool for many 

predictive data mining applications because it power, flexibility and easy to use. It is currently 

successfully applied to various areas of medicine to solve in medical field, such as diagnosis systems, 

developing model, forecasting and image analysis (Ganesan et al., 2010; Al-Shayea, 2011). 
 

The objective of this study is developing the predictive model to identify the risk factors that contributing 

to T2DM patients. In order to achieve the objectives if this study, data mining techniques were applied to 

verify the important risk factors and obtain information that might help clinicians in diagnosing disease.  

 

This paper is organized as follows. In section 2, we briefly review the applications of blood glucose level 

models and the selection of variables. Section 3 presents the methodology for constructing the blood 

glucose level models. The results are discussed in section 4. Finally, some concluding remarks are given 

in section 5.    

 
2. Methodology 

This section explains the process of constructing to identify risk factors associated with T2DM.  

2.1 Sources of Data 

This study involving real secondary data that obtained from medical data department at one of public 

hospital in Malaysia. Sample that obtained who was diagnosed diabetes for the follow-up period patients 

starting from 2008 to 2012.  

 

2.2 Description of Variables 

The variables were chosen after discussing with doctor, based on the some previous study about diabetes 

and availability of data from green medical record book. The target (dependent) variable of interest is 

blood glucose level, a binary variable with two categories: uncontrolled or well controlled. There are a 

total of ten variables that were used in this study as risk factors and selected for building the predictive 

model as shown in Table 1. 
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Table 1: Description of variables 

 

Variable 

Name 

Variable 

Type 

Role Description 

Blood 

glucose level 

Binary Target 0 : Well controlled 

(fasting plasma glucose 

< mmol/L or <11 

mmol/L after 2 hours 

drinking 75g glucose) 

1 : Uncontrolled 

(fasting plasma glucose 

≥7 mmol/L or ≥11 

mmol/L after 2 hours 

drinking 75g glucose) 

Age Continuous Input Age of patient in years 

Duration of 

diabetes 

Categorical Input Length of time of 

duration in years 

0 : <5 

1 : 5 – 10 

2 : ≥11 

Total 

cholesterol 

Continuous Input In mmol/L 

Hypertension Categorical Input 0 : No 

1 : Yes 

Systolic 

blood 

pressure 

Continuous Input In mmHg 

Diastolic 

blood 

pressure 

Continuous Input In mmHg 

Low density 

lipoprotein 

Continuous Input In mmol/L 

Platelet Continuous Input In 10
9
 cells per liter 

Hemoglobin Continuous Input In g/L 

White blood 

cell 

Continuous Input In 10
9
 cells per liter 

2.3 Data Modelling  

This section discusses the construction of the logistic regression and artificial neural networks models. 

The sample consists of 229 patients whereby there are 69(30.1%) controlled well and 160(69.9%) 

uncontrolled blood glucose level. Four models were built in this study. The first two models are from 

overall sample and then partitioned into a training sample (80%) and a validation sample (20%). The 

training sample data is used to build the models, while the validation sample data is for validation of the 

models. Figure 1 depicts for the overall data modeling process using IBM SPSS Modeler using version 

15.0 and Figure 2 for partitioned data. 
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Figure 1: Data mining process flow diagram for overall sample 

 

Figure 2: Data mining process flow diagram for partitioned sample 
 

The pentagon-shaped nodes show the construction of the models using logistic regression and ANNs. The 

diamond-shaped nodes show the model output of the respective models. 
  

2.3.1 Logistic regression 

Logistic regression is a typical statistical approach to analyze binary outcome. Logistic regression is 

sometimes called logistic model or logit model for prediction of the probability of occurrence of an event. 

For a binary dependent variable, the event of interest is coded as 1 and the nonevent as 0. Predictor 

variables (x) allow a mixture both qualitative and quantitative. Logistic regression model are derived from 

logistic function, where write z as the linear function that combine of X’s; 

kk XXXz   ...2211            (1) 

Then substitute the linear expression of z into f(z), 
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Therefore, logistic regression model is written as below: 
 

  (3) 

 

Multiple logistic regression was performed to determine the risk factors associated with T2DM. If two-

tailed p-value less than α = 0.05 was considered significant risk factor indicating that the independent 

variable has an effect on outcome. 
 

2.3.2 Artificial Neural Networks 

Artificial Neural Networks (ANNs) is new model or modern model in medical research. ANNs are 

commonly known as biologically inspired, highly sophisticated analytical techniques and capable of 

modeling extreme complex of non-linear functions. ANNs are developed based on brain structure. ANNs 

is one of the methods of artificial intelligence. ANNs used in predictive applications such as, the 

multilayer perceptron (MLP) and radial basis function (RBF) networks. MLP was used in this study 

because can minimize the prediction error of target variable. ANNs often represented using diagram. The 

circle in the diagram is called nodes (or units) with lines connecting each nodes are known as connection 

weight. The weight is representing the level of information. The structure of ANNs is called 

“architecture” usually organized in layers that are consisting of unit. There are three layers neuron 

structure that consist series of nodes in the model such as “input”, “hidden”, and “output”. Each neuron 

has an internal state is called activation to receive inputs. A study reported (Su et al., 2006) that n input 

nodes for single hidden layer and s output nodes for single output layer as shown in Figure 3. 

 

Figure 3: A typical neural networks 

(Source: Su et al., 2006) 
2.4 Evaluating Model Performance 

The performance of logistic regression and ANNs models were evaluated according to their accuracy, 

sensitivity and specificity (Su et al., 2006; Meng et al., 2012). Sensitivity (true positive ratio) and 

specificity (true negative ratio) were calculated by using confusion matrix. There are four subsets in 

confusion matrix and represented in Table 3 as below; 

True positive (TP): Correct classification of positive cases. 

True negative (TN): Correct classification of negative cases. 

False positive (FP): Incorrect classification of negative cases into positive class. 
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False negative (FN): Incorrect classification of positive cases into negative class. 
 

Table 2: Confusion matrix 

 Predicted Total actual 

probability Good Bad 

Actual Good TP FP TP + FP 

 Bad FN TN FN + TN 

Total Predicted TP + FN FP + TN TOTAL 

Let FNTNFPTPTOTAL 

    

 

Accuracy = 
TOTAL

TNTP 
 

Sensitivity = 
FNTP

TP


 

Specificity = 
FPTN

TN


 

The model with higher accuracy, sensitivity and specificity were chosen as the best model in predicting 

the risk factors for T2DM case.  

3. Results 

In this section the results of the predictive models are presented. 

3.1 Logistic Regression Results  

- For Overall Sample 

The sample for this study consists 229 cases and there are no missing values. The logistic regression 

model achieved classification accuracy 69.9% with a sensitivity of 50% and a specificity of 70.4%.  

Result in Table 4 shows that, only duration of diabetes was selected as potential risk factors for T2DM 

since p-value less than 0.05. Result shows that, the EXP(B) for duration of diabetes is greater than 1, 

indicating that patients with recently short duration of diabetes (<11 years) are more likely to have 

uncontrolled blood glucose level compared to those longer duration of diabetes. Duration of diabetes for 

patients within 6 to 10 years are 2 times (EXP(B) = 2.825) more likely to uncontrolled blood glucose 

level compared to those duration of diabetes greater than 11 years.   

Table 3: Variable in the equation 

Variable B Exp(B) 

Constant 2.054 7.795 

HPT -0.505 0.603 

Systolic -0.012 0.988 

Diastolic 0.011 1.011 

LDL -0.095 0.910 

TC 0.170 1.185 

Platelet -0.001 0.999 

HGB 0.002 1.002 

WBC -0.017 0.983 

Duration (1) 0.293* 1.341 

Duration (2) 1.039* 2.825 
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Age -0.015 0.986 

   

Chi-square 5.582*  

-2LL 266.927  

Nagelkerke 

R-sq 

0.080  

 

- For Partitioned Sample 

The dataset was partitioned into 80% for training sample and 20% for testing sample. This model 

achieved classification accuracy of 71.3% with a sensitivity of 58.3% and specificity of 73.5%. Table 5 

shows the coefficient of variables. There are two potential risk factors for T2DM since p-value less than 

0.05. There are total cholesterol and platelet. For total cholesterol, the odds ratio means that for every 

measurement in TC, the odds of uncontrolled blood glucose level will increase by 61.7%. For platelet, the 

odds ratio indicates that when measurement platelet increases, the odds of uncontrolled blood glucose 

level will decrease by 3%.  

 

 

 

Table 4: Variable in the equation 

Variable B Exp(B) 

Constant 1.627 5.087 

HPT -0.604 0.547 

Systolic -0.018 0.982 

Diastolic 0.028 1.028 

LDL -0.427 0.652 

TC 0.481* 1.617 

Platelet -0.003* 0.997 

HGB 0.000 1.000 

WBC -0.023 0.978 

Duration (1) -0.041 0.959 

Duration (2) 1.012 2.752 

Age -0.007 5.087 

   

Chi-square 20.714*  

-2LL 191.003  

Nagelkerke 

R-sq 

0.161  

 

3.2 Artificial Neural Networks 

- For overall sample 

The network created in this study is multilayer percepteron neural network consists of 10 inputs neurons 

in the input layer which are the risk factors of T2DM, 9 hidden neurons in the hidden layer and 2 output 

neurons in the output layer. The ANNs model reached classification accuracy of 77.3% with sensitivity of 

78.4% and specificity of 71.8%. Figure 4 shows the importance of the input variables in descending order. 

It appears that top five most important independent variables (Wah et al., 2011) related to the blood 

glucose level are diastolic blood pressure, platelet, white blood cell, low density lipoprotein and total 

cholesterol have the greatest effect on how the networks classifies to the patients. The least importance of 

independent variable is hypertension. 
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Figure 4: Importance of independent variable 

- For partitioned sample 

For ANNs model, the neural network has 10 input neurons in the input layer, 6 hidden neurons in the 

hidden layer and 2 output neurons in the output layer. The ANNs reached classification accuracy of 

72.5% with sensitivity of 72.3% and specificity of 75.3%. Figure 5 shows the importance of independent 

variables. The top five most important input variables in descending order of importance are; white blood 

cell, diastolic blood pressure, platelet, low density lipoprotein and systolic blood pressure have the 

greatest effect on how the networks classifies to the patients.  

 
 

Figure 5: Importance of independent variables 
 

3.3 Model Comparisons 

Comparison between these LR and ANNs models was made to determine the best model. The accuracy, 

specificity and sensitivity rates for training and validation sample are given in Table 6. This study found 
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that ANNs model for overall sample is the best model because highest accuracy, sensitivity and 

specificity.  

Table 5: Comparison models 

 Accuracy Sensitivity  Specificity 

Overall 

sample 

   

LR 69.9% 50.0% 70.4% 

ANNs 77.3% 78.4% 71.8% 

Partition 

(80:20) 

   

LR 71.35% 58.3% 73.5% 

ANNs 72.5% 72.3% 75.0% 
 

4. Conclusion 

This study was conducted to find the best predictive model for blood glucose level by using logistic 

regression and artificial neural networks models. Result revealed that the ANNs model is the best model. 

Employing the ANNs technique in application medical research can reduce cost, time, medical error and 

need of human expertise. However, the performance of predictive models depends on the structure of 

data, data quality and variable selection.  
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