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Abstract—Diabetes mellitus is a chronic and 

important public health problem burdening patients 

economically and medically. It ranks seventh in 

human fatality and a leading cause for adult 

blindness, renal diseases, non-traumatic limb 

amputations and impotency. Diabetes may also 

trigger cardio vascular diseases. People aged less 

than forty and diagnosed with diabetes, carry the 

risk of a reducing their lifetime by nineteen years as 

reported in many studies. Though, there are no 

perfect curing methods for diabetes, diagnosis and 

management of diabetes has improved in the past 

three decades, mainly due to improvements in 

technology. Early application of aggressive 

interventions can delay progression of complications 

due to diabetes to other human body parts or help 

decrease mortality rates due to diabetes. Though 

multiple factors contribute towards diabetes, most 

common reasons for diabetes are diets, inflammations, 

genetics and environments. Diabetes results from 

higher glucose levels in humans, mainly due to lower 

production of insulin in the human 

body.Hyperglycemia is a condition indicating diabetes 

in humans. Precise reasoning and prediction of 

Hyperglycemia can help physicians in diagnosis, 

treatment and management of Diabetes. Computer 

based diagnosis or applications or predictions have been 

complementing clinicians in assessment, cure and 

management of diabetes. This paper proposes a novel 

Rough Set Based Genetic Algorithm (RSBGA) for 

assessing hyperglycemia early in Diabetic Patients for 

better prediction and management of Diabetes Mellitus. 

The proposed technique can be of great help to 

clinicians in diagnosis and management of Diabetic 

Patients.  

I. INTRODUCTION 

India tops in the list of diabetics and is expected to 

increase by 2030 [1]. Diabetes is a disordered glucose 

metabolism caused by insulin shortage in the human 

body. Though multiple factors contribute towards 

diabetes, most common factors are diet, 

inflammations, hereditary traits and environment [2]. 

Diabetes Mellitus is mainly categorized as Type 1 
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(T1DM) and Type 2 (T2DM) [3].  Increasing 

incidences of bothT1DM and T2DM has made it 

anpublic health issue. Complications due to diabetes 

range from acutehypoglycemia to chronic 

weakeningof the human organ systems like 

retinopathy or cardiovascular disease. Prescriptions 

for its cure are based on glycemic control. 

Carbohydrate produces blood glucose in the body 

(Normal 50 g), also termed as Glycemic Index.It can 

be applied to meals or diets. Increase in glycemia 

(>140 mg/dL )can be related to the presence of 

diabetes in patients without previous history of 

diabetes [4]. The variations in glucose levels can be 

due to many reasons like not having nutrition 

control ordiscontinuing therapies leading to higher 

glucose levels [5].  

Increase in blood glucose can lead to increased 

mortality[6]. Diabetes is patient specific and 

symptom related and varies on a case to case basis . 

Physicians take decisions on diabeticsby evaluating 

current conditions and referring to their previous 

symptoms. Many computer aided decision systems 

exist for assisting physicians in diagnosisprediction 

of complications in the body. Machine learning 

techniqueshave been used for forecasting T2DM 

risks [7]. Diabetes has been detected using neural 

networks back propagation [8].  

Glucose levels in diabetic patients was predicted 

using Bayesian Modeling technique [9]. A 

combinations of data mining techniques have also 

been used to predict diabetes [10]. A boosting 

classifier model was proposed for prediction of 

T1DM and T2DMfor achieving accuracy of 81% 

[11].  Thus, this paper aims to judge glycemic index 

in T2DM patients.  

This paper proposes a novel Rough Set Based 

Genetic Algorithm (RSBGA) for assessing 

hyperglycemia early in Diabetic Patients for better 

prediction and management of Diabetes Mellitus. The 

proposed algorithm is implemented using data 

collected from real life patients, which can be used in 

researches as a starting point for improving 

implemented algorithmic accuracies.  

A. Challenges and Issues in predicting Diabetes 

Automatic diagnosis of diabetes is an important 

real-world medical problem as detection of 

diabetes in its early stages is the key for treatment 

of diabetes. Physicians need to refer to a patient’s 

history for proper diagnosis. Diabetes being patient 

specific, its diagnosis is a complex issue. Though 13 

different indicators were reported for assessment 

of glycemic variability, no methods was clearly 

defined [12].  

In a study, only standard deviation of glycemic 

index was used to assess mortality [13].CDSS have 

been widely been applied for diagnosis  [14] from 

electronic medical record (EMR) data[15], but 

variations in interactions are multidimensional 

creating a problem for efficient assessment. Models 

proposed to solve issues in management of 

diabetesare mostly restricted to specific type of 

diabetes. Lack of understanding about the cause of 

diabetes is another problem which limits prediction 

or management of diabetes.  

Moreover, dimensionality and vagueness of 

patient’s data also creates a challenge in 

processing. Results based on assumptions of 

statistical techniques alone can also create 

problems in accuracy and efficiency. 

Translating findings in diabetic research to clinical 

trials is also difficult. An additional challenge is the 

heterogeneity in diabetic patients.  

Thus, many practical challenges exist in diabetic 

research both clinically and academically.  

II. METHODOLOGY 

Diabetes continues to present a significant clinical 

and economic burden on healthcare systems. New 

medications for treating T2DM, have been unable to 

control glycemic levels.  

Maintaining glycemic control, as measured by 

hemoglobin (Hb)A1c levels, in patients with T2DM 

is crucial for reducing serious clinical complications 

and subsequent economic costs associated with this 

chronic disease.   

The baseline blood glucose is assessed prior to 

admissions in hospitals[18].  Acute blood glucose 

levels and mortality are related to each other [17], 

making it imperative to monitor glucose levels 

continuously.  

Hence, this research work concentrates on the 

glycemic levels.  

The methodology followed in this research work is 

data set creation, preprocessing and preparing a data 

set for application RSBGA classification of diabetic 

patients. 
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The methodology followed in this research work is 

detailed in Figure 1.   

 
 

Fig. 1 – Research Methodology 

 

 

III. RESULTS AND DISCUSSIONS 

 

Multiple studies have shown that adherence to 

antidiabetic therapies is suboptimal. Moreover, as 

diabetes is patient specific and symptom related, data 

collected from diabetic patients vary or may be 

incomplete in certain aspects. Further, Type 2 

diabetes (T2DM) is an example of a complex trait 

that results from the contribution of many genes, 

many environmental factors including diet and the 

interactions among those genes and environmental 

factors. Various but differing combinations of these 

factors can produce the same clinical features. T2DM 

also presents with related physiological responses of 

insulin resistance, and other complications. Each of 

these physiological responses may result from gene 

nutrient (and environment) interactions. Hence, this 

research work was implemented using a data set 

called MV, that was created from real life patient’s 

details. The database consists of Thousand Twenty-

Fourpatient’s data on generic, symptoms and disease 

related factors. The created MV dataset of this 

research work is depicted in Figure 2, while Table 1 

lists the Attributes of the MV dataset. 

 

 

Fig. 2–MV Dataset 

 
TABLE I 

ATTRIBUTE DESCRIPTION 

Attribute  Values 

Age 1.20-30,2.31-40,3.41-50,4.Above 50 

Sex Male, 2. Fema le 

Marital status 1.Married,2.Single,3.Widowed, 
4.Divorced 

Nature of works 1.Physical,2.Mental,3.Both 

occupation 1.Govt.2.Private,3.Business,4.Student, 

5.Other 

 
Working 
Environment  

1. City, 2. Village 

Working hour 1.6hrs, 2.8hrs, 3.>8hrs 

Job Satisfaction 1. Yes, 2. No 
Smoking 1. Yes, 2. No 
Alcohol 1. Yes, 2. No 
Tobacco 1. Yes, 2. No 
Food 1.Veg., 2.NV, 3. Both 

Water 1. Normal, 2. R.O, 3. Well, 4. All 

Affected Age 1.20-30,2.31-40,3.41-50,4.Above 50 

Diabetes 1. Yes, 2. No 
Heart disease 1.Yes, 2. No 

Kidney failure 1.Yes, 2. No 

Giddiness 1.Yes, 2. No 

Stroke 1.Yes, 2. No 

Exercise 1.Yes, 2. No 

Treatment  1.Yes, 2. No 

High BP 1. 

Yes, 2. No 
Blood Urea 1.20-40mg, 2.Less than, 3. Greater than 

Blood Sugar After 
Food 

1.80-140mg, 2.Less than, 3. Greater than 
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Blood Sugar 
Before Food 

1.70-110mg, 2.Less than, 3. Greater than 

Weight 1.30-50,2.51-70,3.71-90,4.Above 90 

 

The captured values and attributes are exhaustive 

and complicated,hence this research work 

implemented a weighted factor analysis on the 

attributes for reducing the size of the data set. 

Common traits possessed by T2DM patients and 

selected for the reduction process. The objective of 

this process was to remove unrelated value attributes 

or neutralize outliers by filling a mean mode value. 

Each attribute was set using a weight, based on the 

importance of the attribute. The weighted data set, a 

reduced version of the MV dataset can be stored 

easily. This data set reduced processing time and was 

aimed to improve accuracy and efficiency. Figure 3 

depicts the weighted dataset.  

 

 
 

Fig. 3 – Weighted Dataset  

 

RSBGA 

 

The proposed novel algorithm Rough Set Based 

Genetic Algorithm (RSBGA) for detection of T2DM 

was implemented and evaluated on MATLAB 6.6 on 

intel core2 duo system with 4gb ram running 

windows. The proposed algorithm takes the weighted 

dataset as an input and generates a decision rule set 

for core attributes based on weightage of the 

attributes. Algorithm 1 lists RSBGA 

Scheme Evaluation 

Data: Patients Data Set 

Result: The mean performance values  

Step 1: M=12 :No of Data Set 

Step 2:  i=1; 

Step 3: while i<=M do 

Step 4: Read Patients Data Set D[i]; 

Step 5: Split Data set Intances using % split; 

Step 6: Train[i]=60% of D; % Training Data; 

Step 7: Learning(Train[i],scheme); 

Step 8: Test Data=D[i]-Train[i];% Test Data; 

Step 9: Result=TestClassifier(Test[i],Learner); 

Step 10: end 

Prediction Algorithm 

Input: Diabetic type II Data set with attributes  

Output: Diabetics disease prediction accuracy rate 

measure 

Step 1: Initialize diabetics type II data set 

Step 2: Analysis Label information 

Step 3: Generate random wise to input weight of 

attributes 

Step 4: Calculate weights based on the rule prediction  

Step 5: Classify prediction tool based on max weight 

Step 6: Regression classification data with weighted 

value  

Step 7: populate weighted matrix for selection 

process 

Step 8: Find maximum fitness of weighted attributes. 

Step 9: Crossover weighted population and 

regenerate population  

Step 10 : Classify   attributes with weight to predict 

diabetics 

Step 11: Using confusion matrix to measure accuracy 

 

The dependencies like partial or total dependencies 

in data are identified in RSBGA and redundant data 

is eliminated, thus clearing the data for rule 

generation. This refined data is then used for rough 

set creation and then a genetic algorithm is executed 

on the rough set to clearly predict T2DM in patients 

from collected attributes.  Table 2 lists the accuracy 

table of the proposed RSBGA, while Figure 4 shows 

the time complexity and accuracy plot of RSGBA 

 
TABLE II  

ACCURACY TABLE OF RSBGA 

iteratio

n 

Trainin

g time 

Testin

g time 

Avg 

training 
accurac
y 

Avg 

Testing 
Accurac
y 

Elapse

d Time 

1 0.0072 0 0.7780 0.7795 16.632 

2 0.0031 0.0019 0.7868 0.7757 32.884 

3 0.0140 0.0006 0.8004 0.7636 49.44 

4 0.0112 0.0006 0.8049 0.7641 65.34 

5 0.0144 0.0016 0.8127 0.7668 81.582 

6 0.0184 0.0028 0.8169 0.7607 98.118 

7 0.0337 0.0037 0.8206 0.7615 115.43 

8 0.0309 0.0025 0.8237 0.7560 131.98 

9 0.0437 0.0028 0.8297 0.7481 148.95
1 

10 0.0415 0.0025 0.8330 0.7459 165.93 

.  
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Fig. 4 – RSBGA Time Complexity and Accuracy Plot. 

A. Validity of RSBGA 

Diabetic complications include vision loss, 

dialysis, kidney transplant, amputations and stroke. 

Most of these severe conditions are preventable with 

proper care. The damage due to complications is 

linked to the duration and control of glycemic levels 

and measured by HbA1c over a period of three 

months. Co-pathologies that occur commonly with 

diabetes are high blood pressure and abnormal lipids. 

Hence, current clinical approaches that aim to 

prevent diabetic complications are focused on 

achieving targets for glycemic, blood pressure, and 

lipid control. Better glycemic control has a positive 

impact on complications due to T2DM and T1DM. 

Thus, Hypoglycemia is a marker of disease severity 

or can be directly associated with adverse events in 

diabetic patients. It can be seen from Figure 4 and 

Table 2 that RSBGA performs well on T2DM 

predictions on the MV data set fulfilling the target 

of glycemic index assessments with more than 

75% accuracy. Clinicians would benefit from 

creative approaches like RSBGA that can reliably 

predict longer term endpoints. Sensitive tests that can 

detect and correlate functional changes will be 

helpful. These approaches need to be validated in 

clinical trials for its further developments. 

 

IV. CONCLUSIONS AND FUTURE DIRECTIONS 

Patient clinical charts and online guidelines are 

the most important available knowledge sources 

for physicians. They make future predictions 

regarding specific observations of the patient. 

Automatic prediction systems can help physicians 

to understand patient and make proper 

decisions.This work designed a hybrid Rough set 

reasoning model from generated rules in the 

mining process. RSBGA reduces generation and 

understandable decision rules extraction using 

ARM algorithm from the original MV dataset. 

Experimental results for the prediction model 

reveal that performance of the model is above 75% 

in classifying diabetes types. Correlation-based 

trends analysis results suggest insights of the 

patient conditions to physicians in an appropriate 

way and assisting them in controlling risky 

stages.Although the proposed hybrid model 

performs well, further experiments and 

improvements are required. Additionally, the 

proposed model can be applied to prediction 

problems in other fields. Thus, it can be concluded 

that RSGBA has performed decently with less 

processing time for prediction of T2DM in MV 

data set.  
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