
International Journal of Recent Technology and Engineering (IJRTE)  

ISSN: 2277-3878 (Online), Volume-9 Issue-2, July 2020 

 

603 

Published By: 

Blue Eyes Intelligence Engineering 

and Sciences Publication  

Retrieval Number: B3484079220/2020©BEIESP 

DOI:10.35940/ijrte.B3484.079220 

Journal Website: www.ijrte.org 
 

 

Abstract: Diabetes is a well-known common disease among 

people around the world. Diabetes causes many anomalies in the 

body and results in the patients to become under a long term 

medication. Detecting diabetes has been done via hectic medical 

tests and causes a delay for the patients to get to know their test 

results. However, data mining and machine learning approaches 

are in the frontline supporting the health care domain to make 

effective predictions in this regard. This paper elaborates about 

predicting Type 2 Diabetes Mellitus using classification models. A 

suitable secondary dataset was used to build classification models 

and the more suitable model was selected via the valid 

performance measures. In this line, the Random Forest, Support 

Vector Machine, Naïve Bayes and Artificial Neural Network 

models were built. Based on the performance measures, Random 

Forest has been identified as the more suitable classifier with the 

accuracy of 90%, the recall and precision value of 0.90. 

Keywords: diabetes prediction, machine learning, predictive 

models, optimization, model tuning.  

I. INTRODUCTION 

Diabetes is a condition which is created when the blood 

glucose level of a human is beyond the tolerance level. The 

human body generates glucose from the food intake and the 

glucose beyond the required level in the blood is controlled by 

the insulin produced by the human body. Diabetic condition 

arises when the human body cannot produce sufficient 

amount of insulin (Type 1 Diabetes) or does not make use of 

insulin well (Type 2 Diabetes). These conditions seem very 

common among people nowadays due to their lifestyle, food 

habit and sometimes due to genetics. Nearly 10% of people do 

suffer from the Type 1 Diabetes Mellitus (T1DM), yet people 

get affected regardless of their age and surprisingly diagnosed 

in children and young adults [1]. These blood glucose level of 

these people should be maintained with adequate amount of 

insulin. However, several research works have taken place to 

identify the risk factors of T1DM, though, it is found that 
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genetic code is a serious factor which would increase the risk 

of developing the TIDM. However, it is impossible to prevent 

TIDM as the factors are unclear. 

Nearly 90% cases are identified as Type 2 Diabetes 

Mellitus (T2DM) which is yet another common type of 

diabetic condition [1]. It is mostly diagnosed in older adults, 

but at present the children, adolescents and young adults are 

getting affected. The increasing levels of obesity, physical 

inactivity and improper diet are being identified as the major 

causes of this diabetic condition. Diabetes can cause serious 

problems such as eye sight issues, kidney failures and nerves 

system malfunction, heart diseases, stroke and bone-related 

issues. Having said that people used to follow the 

conventional methods to get themselves diagnosed for 

diabetes regardless of their educational background.  It has 

been realised that type 2 diabetes is a serious problem and 

most people are less aware of it and suffer due to late 

diagnosis. One must consult a specialist medical officer to get 

diagnosed whether he/she is affected by diabetes, and 

expected to wait for a day or more to get the test report, thus a 

costly effort too. Subsequently, medical check-ups are less 

convenient and sometimes less reliable due to the facilities 

available in the labs. In this line, an efficient application and 

implementation of technology in terms of data analytics and 

machine learning would be more useful in diagnosing 

diabetes on time. Therefore, the project is aimed at building 

an effective machine-learning based predictive model to 

diagnose diabetes on time and to respond towards the 

unfavourable medical condition with hope. Further, the 

results of the predictive model would reveal the significant 

factors which affect diabetes, thus would help the 

practitioners and patients to handle it more effectively. As the 

on-time diagnosis of diabetes is essential, this project would 

take a prominent place in the health care industry and would 

enable the healthcare practitioners to make timely decisions. 

II.  LITERATURE REVIEW 

Numerous pieces of literature concerning T2DM were 

reviewed to obtain relevant knowledge of the previous 

research. In particular, the causes of T2DM and similar 

models built in the past were explored and assembled in this 

section. 

A. T2DM – risk factors and medical tests 

A range of lifestyle factors such as physical inactivity, 

sedentary lifestyle, smoking habit and alcohol consumption 

have a great impact as the cause of T2DM.  
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Further, obesity has also been identified as one the most 

important risk factor of T2DM and proved from several 

substantial studies [2], as it resists the secretion of sufficient 

amount of insulin and leads to the progression of the disease. 

Subsequently, during the pregnancy period, Gestational 

Diabetes Mellitus (GDM) is developed which is a condition 

of glucose intolerance.  

There are approximately 7% of all pregnancies 

complicated by GDM, thus accounted as more than 200,000 

cases in a year [4]. The risk of developing T2DM is high for 

the women with GDM compared to others with 

normoglycemic pregnancy [5]. This proves that the 

development of T2DM is supported more by pregnancy. 

However, medical practitioners who treat these T2DM 

patients recommend some medical tests to perform an 

effective diagnosis. The A1C test, also known as 

haemoglobin A1C, HbA1C, glycated haemoglobin, or 

glycohemoglobin test is a blood test done to measure the level 

of blood glucose, also known as blood sugar, in the human 

body over the past 3 months [6]. The fasting blood glucose 

test is another blood test done after 8 hours of fasting [7]. It is 

normally done after an overnight fasting where a blood 

sample will be taken and measured like the A1C test. A 

Random Blood Glucose Test is a test similar to this test 

without fasting, but it is less accurate due to the possibility of 

the ingested food before the test which would affect the blood 

glucose levels. 

The Oral Glucose test is a lab test done to examine how the 

body moves sugar from the blood to tissues [8]. A sample of 

blood is taken and then the patient will be asked to ingest a 

certain amount of glucose. Blood samples will usually be 

taken on the 30 to 60-minutes mark and the whole test may 

take up to 3 hours. The blood samples are then compared to 

measure how the body tolerates glucose. 

As stated above, the diagnostic process of T2DM seems 

very hectic and sometimes it can give wrong results too. 

However, the patients and medical practitioners do rely on 

these kinds of tidy medical tests to diagnose the T2DM. But, 

with the involvement of the data analytics, the researchers 

interested in the healthcare domain started building predictive 

models which would support the stakeholders to perform 

early detection of the T2DM. This would be more beneficial 

rather than diagnosing it after being affected. In this line, 

similar predictive models were gathered and presented that 

were built in the past by a significant number of researchers. 

B. Predictive Models – past researches 

Researchers started working on this aspect to come up with 

machine learning-based predictive models which could 

predict the target as to whether a patient would be affected by 

diabetic or not. In the year 2013, Xue-Hui Meng et al. from 

China built predictive models for diabetes or prediabetes 

based on risk factors by comparing three data mining models 

such as Logistic Regression, ANN and Decision Tree. The 

Logistic Regression model obtained 76.13%, 79.59% and 

72.74%, for accuracy, sensitivity and specificity respectively, 

the ANN model obtained 73.23%, 82.18% and 64.49% for 

accuracy, sensitivity and specificity respectively; and the 

Decision Tree model obtained 77.87%, 80.68% and 75.13% 

for accuracy, sensitivity and specificity respectively, which 

was the best among those three models [9]. 

In the year 2014, an enhanced J48 classification model was 

proposed to predict the diabetic conditions by two researchers 

named Gaganjot Kaur and Amit Chhabra [10]. The WEKA 

was used as the data mining API of MATLAB for building the 

J48 classifier with the accuracy of 99.87%. However, this was 

not supported by the sensitivity and specificity values. 

In the year 2015, a proposal was made for a quicker and 

more efficient technique for diagnosing diabetes by using J48 

Decision Tree and Naïve Bayes algorithms [11]. The 

Decision Tree model achieved 76.96% accuracy with 62.34% 

sensitivity and the Naïve Bayes model achieved a 79.56% 

accuracy with 69.84% sensitivity. The data used to build these 

models had imbalanced class and no action was taken to 

balance the class. 

Some works of literature were obtained about building 

predictive models for the prediction of diabetes. However, the 

past research works did not mention the hyperparameters 

tuning with proper optimisation aspects involved in the model 

building process. This research has extremely incorporated 

the proper preprocessing and optimisation aspects to build 

more effective predictive models with better accuracy, 

precision and recall. 

III. MATERIALS AND METHODS 

The application of machine learning algorithms in the 

domain of healthcare has been significantly increasing from 

the recent past. The health practitioners immensely rely on the 

support rendered by the data mining and predictive modelling 

in predicting the diseases. 

 
Fig. 1.Block diagram of predictive model building 

 

The data mining and model building in this project has 

been planned as depicted in Fig. 1. 

A. Dataset 

The Pima Indian Diabetes dataset from the National 

Institute of Diabetes and Digestive Kidney Diseases was 

chosen for this project along with the features as given in 

Table-I. All patients were identified as at least 21 years old of 

Pima Indian heritage.  
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The dataset was used to build a more effective machine 

learning predictive model that could predict whether a patient 

has diabetes or not based on certain diagnostic measurements 

found in the dataset. The dataset contains 768 rows, 8 features 

and 1 target variable. 

 

Table-I: Features of the Dataset 

 

B. Pre-processing 

 
Fig. 2.Class balancing 

 

Pre-processing has been recognised as the most important 

and time-consuming process in any data analytics project. 

Similarly, a significant effort was taken in this project to get 

the data more suitable for the analytics pipeline, especially 

handling missing values, data transformation and class 

balancing. The class balancing was done via the oversampling 

technique using the resample package, thus bringing both the 

classes’ counts equal as shown in Fig. 2. 

Further, the dataset did not show any missing values but 

identified as many zero values in most of the significant 

variables. The zero values were then replaced by null values 

except for pregnancies (possible to be zero) and Outcome 

(where zero meaning negative). Then the null values were 

replaced with the median of the respective variables. 

Subsequently, the dataset except the target variable showed 

significant skewness, thus a log transformation was done to 

normalize the dataset to avoid the biases in the results as 

shown in Fig. 3. 

 

 
Fig. 3.Histograms after normalization 

C. Hyperparameter Tuning 

Hyperparameters are properties that exist in every machine 

learning algorithm that governs the training process [12].  

Depending on the set hyperparameters, the machine learning 

models can perform differently even though the dataset is the 

same. The grid and random search along with the 

cross-validation was selectively used as the hyperparameter 

optimization techniques in this research. This would reduce 

the possibility of producing over fitted machine learning 

predictive models with the best accuracy levels. The grid 

search is the most basic hyperparameter optimization 

technique where a finite set of values is specified for each 

parameter and the Cartesian product of the set is evaluated 

[13]. The random search is an alternative of grid search 

techniques, where random samples of the model configuration 

are evaluated until the specified parameters are selected [14]. 

D. Predictive Models  

The literature revealed that several machine learning 

algorithms were used to build predictive models in this 

regard. However, certain algorithms were widely selected by 

many researchers to build predictive models where they 

obtained different performance measures. Subsequently, it 

could be noted that the models were built with minimal tuning 

and optimisation aspects which are expected to add more 

accuracy in predicting the existence of diabetes. In this line, 

the following machine learning algorithms were chosen to 

build a more effective predictive model on Python platform. 

E. Naïve Bayes (NB)  

Naïve Bayes is a classification algorithm based on Bayes 

Theorem assuming that the predictors are independent [15]. It 

is a probabilistic algorithm used to build the baseline 

predictive model by taking into consideration of the posterior 

probability values. Bayes Theorem affords a mathematical 

way to calculate the posterior probability value of P(c|x) from 

P(c), P(x) and P(x|c) using the 

Equation 1. 
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Eq. 1. Naïve Bayes Equation [15] 

 

P(c|x)  posterior probability of the target class c, given 

predictor x. 

P(c)  prior probability of the target class c. 

P(x|c)  likelihood probability of predictor with given target 

class c. 

P(x)  prior probability of the predictor x. 

F. Random Forest (RF)  

Random Forest is a classifier that consists of multiple 

decision trees that functions as an ensemble algorithm [16]. It 

uses a huge number of decision trees to vote on the outcome 

as depicted in Fig. 4. The main reason for RF to be more 

effective is that the large number of trees defend each other 

from their discrete errors. A Random Search Optimizer is 

used in this classifier to prune the Decision Trees of the 

Random Forest. 

 
Fig. 4. Visualization of a RF Model Prediction [16] 

G. Support Vector Machine (SVM)  

Support Vector Machine is a supervised machine learning 

algorithm which can be used to build a classification model. 

In the SVM the features are plotted on an n-dimensional space 

(where n=number of features) and a hyperplane that separates 

the classes as depicted in Fig. 5 [17]. Grid Search was applied 

to find the best hyperparameter for the classifier to build the 

model. 

 

 
Fig. 5. Visualization of a SVM Model Prediction [17] 

H. Artificial Neural Network (ANN)  

ANN is one of the popular machine learning algorithms 

used to build predictive models in various domains. Those are 

brain-inspired systems that follow and replicate how a human 

brain learns. Those are made up of layers that consists of 

neurons that are connected from one layer to another as 

depicted in Fig. 6 [18]. Random Search was used in the 

hyperparameter tuning to find the best hyperparameter for the 

classifier to build the model. 

 

 
 

Fig. 6. Visualization of an ANN Model Prediction [18] 

I. Model evaluation 

The predictive models were validated while being built 

using random and grid search methods along with 

cross-validation techniques. Further, the models were 

evaluated using the performance measures such as accuracy, 

precision and recall (sensitivity) and the scores of the 

respective measures were obtained using the sklearn.metrics 

package. 

IV. RESULTS AND DISCUSSION 

The output results from the respective predictive models 

were recorded and compared, where the RF model obtained 

the best accuracy (89.6%) value than the other models as 

depicted in Fig. 7. The performance measures including the 

recall and the precision of the models were tabulated in 

Table-II to support the selection of the best model for this 

problem. 
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Fig. 7.Accuracy values of the predictive models 

 

Table-II: Output result of the predictive models 

 NB RF SVM ANN 

Accuracy (%) 79.6 89.6 77.0 80.6 

Sensitivity/Recall  0.8 0.9 0.77 0.81 

Precision  0.8 0.9 0.77 0.81 

 

The models were inconsistent in predicting the new target 

with significant accuracy values. The relevant performance 

measures were taken to compare and choose the most suitable 

model. The models did very well where the RF model was the 

best with 89.6% accuracy and 0.9 recall on the diabetic target 

prediction. Similarly, the other models achieved significant 

accuracy, recall and precision values. The sensitivity/recall is 

one of the most important performance measures as it reflects 

the right prediction of the target 

Table-III: Comparison with previous models 

Models Research Accuracy 

(%) 
Recall 

Logistic Regression Xue 

Hui-Meng 

et al., 2011 

76.0 0.80 

ANN 73.0 0.82 

Decision tree 78.0 0.81 

Improved J48 

Decision Tree 

Kaur et al., 

2014 

99.0 - 

Naïve Bayes Iyer et al., 

2015 

80.0 0.70 

J48 Decision tree 77.0 0.62 

Naïve Bayes 

Current 

Research 

79.6 0.80 

Random Forest 89.6 0.90 

SVM 77.0 0.77 

ANN 80.6 0.81 

In general, the models used in the current research achieved 

better accuracy and recall values than the previous models as 

detailed in Table-III. The NB model accuracy is nearly the 

same where the recall is better than the previous models. 

Similarly, the accuracy of ANN from the current research is 

7% better than the one built in the year 2011. The Naïve 

Bayes and SVM algorithm used in this research sits at the 

lower end of the accuracy spectrum. 

V. CONCLUSION 

Setting a solution platform with the aid of the technology 

advancements especially by using a predictive model is very 

beneficial for the healthcare domain. This project had 

produced four classifications/predictive models that achieved 

reasonable results among which the RF model was selected as 

the best predictive model for this problem with approximately 

90% accuracy. Proper data preprocessing and optimisation 

techniques supported well in building a more effective 

predictive model with better accuracy than the past. 

There can still be improvements made on these models 

especially on the optimization of the ANN as many options 

are available to build a more effective classification model 

using the different number of hidden layers and neurons. 

Also, deep learning can be implemented using Tensor flow 

and Keras to see whether a predictive model could be built 

with more than 90% accuracy. 
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