
International Journal of Applied Engineering Research ISSN 0973-4562 Volume 13, Number 11 (2018) pp. 9277-9282 

© Research India Publications.  http://www.ripublication.com 

9277 

Decision Support Predictive model for prognosis of diabetes using SMOTE 

and Decision tree 

 

Shuja Mirza1*, Dr. Sonu Mittal2, Dr. Majid  Zaman3. 

1, 2 Department of computer and system sciences. Jaipur National University Rajasthan. 
3 Directorate of IT&SS. University of Kashmir, Srinagar. 

 

Abstract 

Diabetes is one of the most appalling disease that mankind is 

facing currently. The disease occurs because of body’s 

improper response to insulin: which is an important hormone 

in our body that converts sugar into energy needed for proper 

functioning of regular life. The diabetic disease has severe 

complications on our body as it increases the risk of 

developing kidney disease, heart disease, eye retinal disease, 

nerve damage and blood vessel damage. In this paper we 

developed a prediction model for diabetes prognosis using 

SMOTE and Decision tree classifier. Classification of 

imbalanced data especially in medical informatics is 

challenging. It was the main motivational factor for 

developing a classifier using SMOTE. We combined the two 

methods with an aim to improve the predictive accuracy of 

diabetic prognosis by removing class imbalance. The 

proposed system has two stages. In stage first the data 

imbalance is removed using SMOTE and in second stage the 

diabetes is diagnosed using Decision tree classifier. The 

obtained classification accuracy is 94.7013% and it was better 

as compared to other methods available in literature. 

Keywords: Class imbalance, Diabetes, Decision tree, Medical 

diagnosis, Prognosis, SMOTE. 

 

INTRODUCTION: 

Diabetes, one of the metabolic disorders is the major 

threatening disease which has posed a great deal of threat to 

both developed as well as developing nations. The disease is 

characterized by high concentration of glucose in blood. The 

disease occurs by improper functioning of hormone known as 

“insulin” which acts as key to unlock cells allowing glucose to 

enter into it and fuel body with energy [1]. Diabetes is one of 

the leading causes of deaths worldwide especially in the 

developing nations it has wrecked havoc. As per statistics 

provided by WHO atleast 80% or more deaths occur in low 

and middle income countries as these countries lack adequate 

and high-end healthcare facilities. India too comes under 

category of developing countries and too has a huge number 

of diabetic patients to cater with and is considered as “diabetic 

capital of world” [2]. This major endocrine disease is found 

across populations and all age groups. In developed nations 

too the disease has caused lot of damage and is responsible for 

large number of deaths [3]. In 2014 fact sheets WHO has 

estimated about 422 million people suffering from diabetes 

with about 1.6 million deaths that were directly caused by 

diabetes and an estimate has been made that diabetes would 

be seventh leading cause of deaths by year 2030 [2]. As per 

diabetes atlas 2017 of IDF (International Diabetes 

Federation), by year 2045, an estimated 629 million people 

would be suffering with diabetes, with maximum number of 

people in age group 40-59. According to its statistics 1 in 2 

persons viz approximately 212 million people are undiagnosed 

with diabetes.  In year 2017 the diabetes caused the death of 

about 4 million people. The Asian belt has seen a steep rise in 

diabetes with about 138 million people affected by it (IDF) 

[4]. Diabetes comes with large number of complications 

which include kidney damage, blood vessels compression, and 

heart disease etc. what causes diabetes is still a mystery 

though studies have revealed two main factors genetic and 

environmental factors like obesity and unhealthy life style [5].  

Diabetes has been categorized in two major types Type I 

(Juvenile) diabetes and Type II (adult onset diabetes). Adult 

onset diabetes or type II diabetes is the most common form of 

diabetes that accounts to about 90% of diabetic people 

suffering from it. Till date there has been no cure possible to 

treat diabetes although by changing the lifestyle and by 

necessary exercises the disease can be controlled. The 

challenge posed by the disease has compelled scientists for 

developing a prognostic DSS (decision support system) for 

aiding practitioners’ in disease diagnosis.  

In medical domain the popularity of data mining is increasing 

constantly as it helps exploring the unknown patterns and 

improves prediction models which help in medical decision 

making. In present times the health care all over the world is 

getting a great attention. The application of information 

technology has played a critical role in health care systems. In 

this current information age, the focal problem is how to deal 

with the huge amount of raw data that has been made 

available through distinct databases. In order to get the 

maximum amount of knowledge from these valuable 

databases, data mining techniques have been applied on it and 

these techniques have proven to be beneficial for early 

prediction of disease. Various data mining techniques have 

been used in medical domain for building predictive models 

for disease prediction, but with respect to medical science, 

classification had been an important decision making tool. 

The most popular techniques used are Decision trees, Support 

vector machines, Naïve Bayes.  

As data mining methods acquire data from distinct sources, 

however the data in these datasets is often distorted. Majority 

of the real world datasets are imbalanced viz. majority of the 

instances are labeled to be belonging to one class called 

majority class while very few are labeled to be belonging to 

another class called minority class. This class imbalancing 

problem is prevalent in medical data. When such type of 
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imbalanced datasets is used in building of classifiers these 

methods tend to produce high accuracy for majority class and 

poor prediction for accuracy for minority classes [9, 10, 11]. 

A number of solutions have been proposed to handle 

imbalanced data both at data and algorithmic level, but 

SMOTE technique used in studies has shown better 

performance in literature.  

In this study we have proposed a decision support predictive 

model based on SMOTE- dataset rebalancing technique and 

decision tree. We used SMOTE to reduce class imbalance. 

The obtained classification accuracy of this model has 

improved to 94.7% accuracy after rebalancing of dataset and 

shows potential with respect to other classification models in 

literature. 

 

RELATED WORK: 

The application of predictive classification in the field of 

medical diagnosis has received a great deal of attention, 

thanks to the strong research activities. In the recent past, the 

potential of predictive data mining to build clinically relevant 

decision support models from historical patient data have been 

highlighted by researchers. Distinct DSS (Decision Support 

Systems) built using different data mining algorithms have 

been introduced to assist medical experts, and each DSS is 

recognized by its accuracy. The prognosis of a particular 

disease through elevated level of accurateness has been the 

focal intend behind designing of DSS. Researchers have done 

a lot of research on Pima Indian data set to diagnose diabetes. 

[12] Used various data mining algorithms that include C4.5, 

SVM, KNN for classification of diabetes, the highest accuracy 

of the result was that of C4.5 decision tree that had an 

accuracy of 86%. [13] In their research work applied Bayesian 

network for prediction of diabetes. They trained the dataset on 

this algorithm and obtained a predictive accuracy of 90.4%. 

[14] Applied genetic algorithm combined with fuzzy logic for 

prediction of diabetes. The model achieved an accuracy of 

80.5%. [15] Used EM (Estimation Maximization], KNN, K-

means, amalgam KNN and ANFIS on diabetic data set, 

however amalgam KNN and ANFIS achieved the highest 

accuracy rate of 80%. [16] In their research work used Multi 

Layer Perceptron, J48, and Naïve Bayes classification 

algorithms on Pima Indian dataset to predict diabetes, among 

three models Naïve Bayes achieved the accuracy of 76.30%. 

[17] developed a decision support system for diagnosis of 

diabetes; they used a combination of OLAP and data mining 

algorithm C4.5 and ID3 decision tree. The system achieved an 

accuracy of 74%. [18] Used decision tree and incremental 

learning for prediction of cardiac and diabetic symptoms, but 

model had an accuracy of just 68%. [19] Applied genetic 

algorithm on diabetic data for prediction of diabetes the model 

had an accuracy of 80%. [20] Proposed a model which they 

called “hybrid prediction model”, the model was designed 

using simple K-means clustering algorithm and C4.5 decision 

tree classifier, the classification accuracy of the model was 

92.38%. [21] Proposed an intelligent diagnosis system for 

diabetes prediction the system was based on Linear 

Discriminant Analysis (LDA) and Adaptive Network Based 

Fuzzy Inference System (ANFIS), the classification accuracy 

of this intelligent system was 84.61%. With the aim to 

diagnose diabetes [22] proposed a new cascade learning 

system. The system was based on GDA (General Discriminant 

Analysis) and LS-SVM (Least Square Support Vector 

Machine), with 10-fold cross validation the proposed system 

attained an accuracy of 82.05%. To detect diabetes [23] used 

PCA (Principal Component Analysis) and Adaptive Neuro-

Fuzzy Inference System (ANFIS). The two methods were 

combined to improve prediction accuracy and achieved 

accuracy was 89.47%. [24] Designed a hybrid system to 

predict diabetes along with heart disease, to design such a 

system they used (ANN) Artificial Neural Network and 

(FNN) Fuzzy Neural Network, for diabetes prediction the 

model achieved a predictive accuracy of 84.24% using 

diabetic data. [25] Introduced an automated diagnosis system 

for prognosis of diabetes. The system was based on LDA 

(Linear Discriminant Analysis) and (MWSVM) Morlet 

Wavelet Support Vector Machine. The system had an 

accuracy of 89.47%.  

 

CLASS IMBALANCE PROBLEM: 

Class imbalance problem is presently one of the most sought-

off topics in data mining research. The problem arises when 

number of instances of one class outnumbers another class. 

Most of the data mining algorithms that are used in medical 

diagnosis function well when supplied with evenly distributed 

class dataset, in majority of cases the supplied dataset is 

unevenly distributed viz, one class tend to have many 

instances than another thus leading to imbalance in dataset 

[26]. This predicament of imbalanced data is very much rife in 

medical dataset. This imbalance of classes in dataset causes 

many hindrances and difficulties’ in the performance of 

machine learning and data mining techniques. As data mining 

methods attain knowledge from available diagnostic data and 

then this extracted knowledge is used for prognosis of a 

disease. But when this data is obtained from the source which 

is imbalanced viz, the class where majority of instances are 

labeled to as belonging to one particular class and few 

instances are labeled to be belonging to another, the situation 

can lead to poor predictive accuracy for minority class while 

as it will produce high accuracy for majority class. This state 

of affairs of imbalanced class distribution is the challenge 

posed for optimization of overall accurateness of classifier. In 

medical data mining when dataset is imbalanced the classifier 

tends to envisage high precision rate for majority class and 

tends to disregard minority one, but researchers preferences is 

for forecast of these minority classes with higher accuracy rate 

[27, 28]. To deal with this clause of class imbalance, 

researchers have turn up with two types of solutions, both at 

data as well as at algorithmic level. At data level different 

types of resampling techniques for instance, oversampling and 

undersampling can be employed, while as at algorithmic level 

resolution can be employed by applying design sophisticated 

classification approaches, the former method is preferential as 

it is straightforward to use [29, 30]. For enhancing forecast 

exactness and to beat the predisposition of model towards the 

greater part class due to data imbalancing we applied SMOTE 

(Synthetic Minority Oversampling Technique), it is an 

oversampling technique that work at data level as proposed by 
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Chawla et.al [31]. By applying SMOTE number of instances’ 

in minority class can be increased by creation of new 

synthetic instances rather than by replication, thus it avoids 

overfitting problem in learning algorithms [31, 32, 33]. In 

SMOTE fresh instances are created “Synthetically” from 

minority class. SMOTE considers each one of instance as 

vector and generates synthetic samples alongside the line 

involving the minority sample and its nearest neighbor. 

 

MATERIALS AND METHODS 

Dataset used:  

The dataset used in this investigate work is a clinical dataset. 

The dataset contains the record of 734 patients of just about 

all age groups. The dataset was taken from one of the leading 

diagnostic labs in Kashmir valley under the supervision of a 

medical doctor. During data compilation patients privacy and 

anonymity was appropriately taken care of, the composed 

dataset has 11 attributes as: age, plasma glucose fasting, post-

Prandial glucose level taken 2-hours after meal, body mass 

index (BMI), systolic blood pressure, diastolic blood pressure, 

wais thickness, HbA1c value (3 months glucose concentration 

level), family diabetic history of patient and added 

classification attribute for indication of diabetic or non-

diabetic. Table 1 has the description about dataset. 

Table 1. Attributes used in our dataset. 

Serial Attribute 

name 

Description Values Type 

1 Age Age of Patients in years 25-70 years Numeric 

2 Fasting Fasting blood sugar 

level 

75-115mg/dl Numeric 

3 Post_pran Post Prandial blood 

sugar level 

75-140mg/dl Numeric 

4 Waist Waist measurement  30-40 inches Numeric 

5 BMI Weight in kg’s/height in 

m2 

20-40kg/m2 Numeric 

6 Systolic Systolic blood pressure 90-170 Numeric 

7 Diastolic Diastolic blood pressure 60-100 Numeric 

8 Hba1c 3 month plasma glucose 

concentration 

3.5-10 Numeric 

9 Gender Gender of patient M-male 

F-female 

Nominal 

10 History Family history 1-yes 

0-no 

Numeric 

11 Class Diagnosis of disease Yes 

No 

Nominal 

 

WEKA: 

For implementation of our method we used WEKA (Waikato 

Environment for Knowledge Analysis) toolkit which was 

developed at university of Waikato New Zealand. This 

popular machine learning software is open source software 

and is freely available under GNU (General Public Licenses) 

[34]. The Weka tool contains number of standard machine 

learning methods which can be applied on datasets that are 

large enough to be analyzed manually for obtaining 

Knowledge. Weka understands data in ARFF (Attribute 

Relation File Format) format [35]. 

Decision tree: 

Decision tree is amongst the most admired classification 

technique. Rules produced by the decision tree are ‘anything 

but difficult to decipher and to understand’ and hence it can 

help enormously in valuing the fundamental mechanism 

which separates’ samples in different classes. Among a 

variety of decision trees based classifiers C4.5 algorithm is 

well-established and is extensively used. The algorithm uses 

information gain ratio criterion to make a decision about the 

most biased element at each progression of its decision tree 

induction process, with each round of determination, the 

information gain ration chooses the feature with maximum 

ration of its gain divide by entropy among features that had an 

average or better information gain. C4.5 stops building sub-

tree when:  

1. An obtained data subset contains samples of just 

single class. 

2. No further feature is available (in that case leaf node 

is labeled as majority class). 

3. When number of samples contained in obtained 

subset is less than a specified threshold (in that case 

leaf node gets labeled by the majority class) [36]. 

SMOTE: 

It is an oversampling technique that was proposed by Chawla 

et.al [31], rather than operating in data space it operates in 

feature space. With the application of this approach the 

instances for minority class within the original dataset are 

increased, by creation of new synthetic instances, which are 

created with specification of two parameters 1 oversampling 

rate 2 number of nearest neighbors (k). 

According to [26], new synthetic samples for continuous 

features are produced through following steps: 

Step 1: by calculating of distance between a feature vector of 

minority class and one of its K-nearest neighbors. 

Step 2: multiply the result obtained in step 1 by any random 

number in-between 0 and 1.  

Step 3: addition of results in step 2 to the feature value of 

original feature vector. 

    We get a new feature vector as: 

γnew =   γ0 +( γ0i- γ0) x ð 

γnew    represents the new synthetic sample. 

γ0    represents feature vector of each instance in minority class. 

γ0i   represents ith selected neighbor of γ0. 
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ð   represents random number between 0 and 1. 

For nominal variables samples can be generated in following 

steps: 

Step 1: takeout “majority vote” among features which are 

under deliberation and their K- nearest neighbor for nominal 

feature value, if clash or tie arises pick any arbitrary value.    

Step 2: assigning the value obtained in step 1 to new synthetic 

minority class samples. 

Take for example if we have a set of samples with features 

{P,Q.R,S.T} and its two nearest neighbor have set of features 

with samples as {P,Q,R,U,V} and {W,Q,R,U,V}, the new 

synthetic sample has set of features as {P,Q,R,S,V} [31]. 

 

EXPERIMENTATION 

Two separate experiments were carried out on diabetic dataset 

by applying decision tree classifier. In first experiment we 

applied simple decision tree on dataset and obtained its result. 

In experiment second we applied decision tree combined with 

SMOTE for enhancing the classification accuracy of results. 

At the end the performance evaluation were carried out of 

both models and the obtained result was compared with some 

of the models available from literature. 

 

Performance evaluation of proposed model 

K-fold cross validation. 

For evaluating the performance of our developed model, we 

used K-fold cross validation method for having a good 

measure of performance of the model [37]. The method 

divides the dataset into ‘K’ subsets and repeats the holdout 

method ‘K’ times, at each iteration one among ‘K’ subsets is 

used as test set while other K-1 subsets are grouped together 

forming a training set. At the end an average error of all ‘K’ 

iterations is calculated and that gives the test accuracy of our 

method. One of the main advantages if this method is that, 

how data is divided is of least importance. 

 

 

 

Accuracy, Specificity, Sensitivity. 

True Positive (TP), True Negative (TN), False Positive (FP), 

False Negative (FN) all are the four achievable outcomes of a 

single prediction. True Positive (TP) and True Negative (TN) 

are correct classifications.  These Classifications are given in 

form of Confusion Matrix. True Positive occurs when the 

sample is predicted positive and actually is positive. False 

Positive occurs when the sample is predicted as positive but 

actually is negative. True Negative occurs when sample is 

predicted as negative and actually is negative. False Negative 

occurs when sample is predicted as negative but actually is 

positive. For this study we used: 1. Accuracy. 2. Specificity. 

3. Sensitivity. 4. Precision; equations for evaluation and 

analysis [37]. 

Accuracy =
TP + TN

TP + TN + FP + FN
 

 

Specificity =
TN

TN + FP
 

    

Sensitivity =
TP

TP + FN
 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

RESULTS AND DISCUSSION 

The mishmash of Decision tree and SMOTE on a diabetic set 

enhanced the prediction accuracy of the model as compared to 

model devoid of SMOTE. The decision tree classifier with 

SMOTE was classified, trained and tested on diabetic dataset. 

The obtained test classification accuracy of method was 

94.2013% by using 10-fold cross validation which was an 

improvement over simple Decision tree with accuracy of 

92.5068%. The accuracy of our model using combination of 

decision tree and SMOTE is higher than some of the models 

shown in table 5 taken from available literature. The obtained 

accuracy, sensitivity and specificity of the proposed model are 

94.7013%, 94.4186% and 94.4013% respectively and are 

shown in table 2. The detailed accuracy of our model is given 

in table 4 while as table 3 depicts the overall error report. Our 

model had the ROC value of 0.953.  

 

Table 2. Performance Measure 

 Decision Tree Decision Tree with SMOTE 

Accuracy 92.5068% 94.7013% 

Sensitivity 93.0232% 94.4186% 

Specificity 91.7763% 94.4013% 
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Table 3. Error Report 

Statistic Decision Tree Decision Tree with SMOTE 

Kappa 0.846 0.8911 

Mean absolute error 0.0784 0.0603 

Root mean squared error 0.2555 0.218 

Relative absolute error 16.1642% 12.4227% 

Root relative absolute error 51.8785% 44.2653% 

 

Table 4. Detailed Accuracy 

Classifier TP rate FP rate Precision Recall ROC 

Decision Tree 0.925 0.077 0.925 0.925 0.955 

Decision Tree with SMOTE 0.947 0.054 0.947 0.947 0.953 

 

Table 5. Analysis of different data mining techniques for diabetes prediction 

Technique Sensitivity Specificity Accuracy Reference 

GDA-LS-SVM 82.05 83.33 79.16 [22] 

LDA-ANFIS 83.33 85.18 84.61 [21] 

PCA-ANFIS 85.71 92.01 89.47 [23] 

C45.-K means 90.38 93.29 92.38 [20] 

Our Model 94.42 94.40 94.70 This study 

 

CONCLUSION 

As there has been substantial enhancement in expert systems 

and machine learning tools, there effect has invaded more 

and more application domains with every passing day and 

medical field is no exemption. Decision making in medical 

field at times can be very troublesome. Classification 

systems used for making medical decision are provided with 

medical data which they examine in more comprehensive 

form but in shorter amount of time. In this research study we 

proposed a system that was based on Decision tree and 

SMOTE. We applied this system on diabetes diagnosis and 

one of the accurate learning mechanisms was evaluated. The 

study strongly suggests that reduction in class imbalance can 

result in improvement of prediction rate. 
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