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Abstract 

The recent advancements in the field of health sciences have produced substantial amount of data such as 

clinical information that is generated by patient records which is used in AI applications for better 

diagnosis and predictions. Diabetes belongs to a group of metabolic disorders that affects 422 million 

people worldwide. This is primarily due to lack of predictive and forecasting measures. Research on 

several aspects of diabetes has generated huge amounts of data which makes it suitable for application of 

AI based methods. Presently, several methods have been used for predicting diabetes on the basis of 

certain factors. However, results of this study show that Support Vector Machine (SVM) and Linear 

regression when combined with statistical methods, provide much better results compared to AI methods. 
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Introduction 
 

According to World Health Organization’s statistics, today Diabetes affects 422 million people around the 

world. Diabetes belongs to a group of metabolic disorders which has the affected the world population by 

and large. Research on several aspects of diabetes has generated huge amounts of data. Today, medical 

practitioners rely on several devices and advance equipment for their diagnosis. These include digital 

microscopy, spectrometry, Magnetic Resonance Imaging (MRI) and several sensors which produce a 

wealth of data; however, this data does not provide any interpretation or analysis for taking forecasting 

measures. Therefore, these factors increase the importance of knowledge extraction more than ever. Several 

machine learning methods have been used so far, majority of which belong to supervised learning subset of 

machine learning methods, whereas other unsupervised learning methods have also been used. However, 

Support Vector Machines (SVMs) have proved to be quite successful and have been widely used. The 

effectiveness of machine learning methods depends on their ability to identify and extract patterns and then 

create models from them that are eventually helpful for prediction purpose. As the efficiency of most 

machine learning methods rely on size of dataset, it can be stated said that medical datasets are quite 

suitable for various machine learning methods as the generated data is increasing with every passing day. In 

today’s world of ever-growing data, hospitals all around the world are adopting big data systems to reap its 

numerous benefits in health care system in order to provide health care practitioners with useful insights 

which help in diagnosis process and reduce treatment costs (Dinh, Miertschin, Young, & Mohanty, 2019). 

Several machine learning methods have been used for predicting common diseases like diabetes (M. M. 

Islam, Rahman, Chandra Roy, & Maniruzzaman, 2020) (Chaki, Thillai Ganesh, Cidham, & Ananda 

Theertan, 2020) (Tigga & Garg, 2020) (Maniruzzaman, Rahman, Ahammed, & Abedin, 2020), 

hypertension in diabetic patients (Teimouri, Ebrahimi, & Alavinia, 2016) and classification of heart 

diseases in diabetic patients (Parthiban & Srivatsa, 2012). 

 

Diabetes Mellitus is a metabolic disorder which is primarily caused by either abnormal secretion or 

abnormal action of insulin (Association, 2010). Blood glucose levels can increase due to insulin deficiency, 

called hyperglycemia. Diabetes is caused mainly due to improper functioning of endocrine gland. With the 

development of significantly stagnant lifestyles, diabetes is becoming more and more common. Therefore, 

it is imperative to diagnose the disease swiftly and accurately in its early stages. These facts make disease 

classification and prediction quite a research worthy area. Although Diabetes has several types, it can be 

divided in two common groups, type 1 Diabetes and type 2 Diabetes. Among the two types, type 2 Diabetes 

is more common and is categorized by insulin resistance in patients. The significant causes of type 2 

Diabetes include patients’ lifestyle, amount of physical activity, eating habits and genetic makeup. On the 

other hand, type 1 Diabetes is caused by auto-immunological destruction of pancreatic cells. Several factors 

are considered to be causal for the onset of diabetes. Among them, obesity is the most important whereas 

others factors include life style of the patients, blood glucose levels, insulin levels and diabetes pedigree 

function (Caveney & Cohen, 2011).  Diagnosis for diabetes is carried out by performing a series of tests 

which include random blood sugar test, fasting blood sugar test or glucose tolerance test. Evidence suggests 

that early diagnosis of the disease is important for slowing down the progression of disease, selection of 

medication, increasing life expectancy and predicting complications arising to the disease.  

 

Several methods have been used for prediction of diabetes, including conventional machine learning 

methods, ensemble approaches and association rules. In (Çalişir & Doğantekin, 2011) an LDA-MWSVM 

approach is discussed for diabetes diagnosis. The proposed method uses Linear Discriminant Analysis 

(LDA) for feature extraction, which is followed by classification, by using Morlet Wavelet Support Vector 

Machine (MWSVM). An Ant Colony based approach for extracting fuzzy rules is presented in (Ganji & 

Abadeh, 2011) for diabetes diagnosis. A fuzzy ontology-based case-based reasoning method is discussed in 

(El-Sappagh, Elmogy, & Riad, 2015) which depicts expert thinking behavior. Razavian et al. (Razavian et 

al., 2015) used a high dimensional dataset comprising of 4.1 million individuals and 42000 variables to 

develop a predictive model for diabetes patient prediction, based on regression.  
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Research data shows that ensemble methods have proven to be quite effective for improving classification 

accuracy. In (Bashir, Qamar, & Khan, 2016), ensemble method based on multi-layered classification by 

using enhanced bagging and optimized weighting, combining seven heterogeneous classifiers approach is 

used. A Rotation Forest based ensemble algorithm is used in (Ozcift & Gulten, 2011) which combines 30 

different machine learning methods. In (Han et al., 20a14) Han et al. proposed an ensemble learning 

approach which is capable of turning black box SVM decisions into understandable rules. In 

(Maniruzzaman et al., 2017), a Gaussian classification technique is used for classification purposes. An 

innovative method is proposed by Piyush Samant et al. in (Samant & Agarwal, 2018) which predicts 

diabetes by iris image and using discrete wavelet transform. To enhance the accuracy of classifiers, an 

improved k-means and logistic regression-based method is proposed in (Wu, Yang, Huang, He, & Wang, 

2018). In (Kumar, Vigneswari, Krishna, & Reddy, 2019), an optimized random forest classifier approach 

with genetic algorithm is proposed for diabetes prediction. It was observed that genetically optimized 

random forest classifier had better accuracy than other classifiers. In (Nagarajan & Chandrasekaran, 2015), 

the researchers used Decision Tree, SVM and Naïve Bayes for diabetes identification. In (Kanchan & 

Kishor, 2016), the researchers have discussed the study of several machine learning algorithms, such as 

Naïve Bayes, Decisions Tree, Principal Component Analysis (PCA) for disease prediction. Several 

machine learning methods like Naïve Bayes, Logistic Regression, Multi-layer perceptron, Support Vector 

Machine, AdaBoost and Random Forest are used for classification and prediction of diabetes in (M. A. 

Islam & Jahan, 2017). The results show that Linear Regression method produced the best accuracy among 

all methods used in (M. A. Islam & Jahan, 2017). In (Sisodia & Sisodia, 2018), the researchers used 

Decision trees, Support Vector Machine and Naïve Bayes algorithm for detection of diabetes. The 

experiments showed that Naïve Bayes algorithm had the highest accuracy. In (Ramezankhani, Pournik, 

Shahrabi, Azizi, & Hadaegh, 2015), the authors applied association rules to identify a combination of 

predictors which have the higher frequency in diabetic patients.  Four association rule sets summarization 

techniques were used in (Simon et al., 2013).  

 

Based on the presented literature survey, it can be fairly concluded that machine learning methods are able 

to predict and classify the disease with high accuracy. It has been observed that SVM has been the most 

ideal choice of method with highest accuracy across several datasets. However, in most instances, the 

researchers performed comparative analysis on different methods to judge the accurate performance of their 

method. Similarly, considering several features of the dataset like dimensionality, lower number of 

instances in comparison to number of features or the type of dataset significantly affect the overall 

performance of chosen method. Therefore, an algorithm showing best performance on one dataset might 

have lower accuracy when applied to another dataset. 

 

Methodology 

 

Then proposed methodology base on statistical analysis and SVM method is divided in three stages as 

shown in fig 1. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1:   Operational Model for Our Proposed Scheme 
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The selected features from the dataset are organized in such a way that they not only provide insight to the 

problem area but are also helpful in finding accurate results. Firstly, in the training stage, the SVM model is 

trained over selected features with their respective labelled output classes. As a result, this allows the model 

to achieve the best training and prepares it for unknown or unlabeled data. In the last stage, SVM model 

classifies unknown or unlabeled data based on its training. It classifies the data into two main classes i.e., 0 

or 1 where 0 indicates that patient does not have diabetes and 1 indicates that the patient has diabetes. This 

process is discussed in detail in the following section.  

 

Flow Chart of proposed model: 

 

The flowchart of proposed model has been shown in fig 2. In the first step the dataset selection process is 

carried out which is paramount to the next stages. In the next step, the training and testing processes of 

SVM are carried out. In the final step, the SVM classifier is illustrated as a classifier to classify the patient 

as diabetes positive or negative considering the relevant data.   

Fig. 2: The flow chart of our proposed model 

Stage 1: 

 
1) Features Selection Stage 

 

For the step, this research work uses PIMA Indian diabetic dataset from UCI dataset collection. This 

dataset contains a total of 760 records of patients aged 21 years and older. The target values contain the (0 

or 1), where 0 indicates that the patient does not have diabetes and 1 indicates that the patient has diabetes. 

The 500 records belong to non-diabetic patients whereas 260 records are of diabetic patients. Table 1 shows 

the other eight input variables of the dataset.  
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Table: I Input and output features 

S. No Features in Dataset. 

01 Pregnancy Count (Numbers) 

02 Plasma Glucose Contraction  

03 Blood Pressure measure (mm/ Hg) 

04 Skin thickness (mm) 

05 Insulin Intake (mu U/ml) 

06 Body Mass Index (kg/m) 

07 Diabetes pedigree function 

08 Age (years) 

09 Outcome (0 or 1) 

 

Stage 2: 

 
1) Training Phase: 

 

During the training phase, the model was trained on the selected dataset. SVM model was used as a 

classifier for the experiment to classify the target as 0 or 1. As all the selected features have numeric values, 

so encoding scheme was not considered during the process. The model learns the hidden pattern and 

relation among the input and target class.   

 

Stage 3: 

 
1) Classification of Diabetes using SVM Model 

 

In this stage, the SVM classifies the unknown data as diabetes positive or negative. Due to its robust nature 

and learning behavior, SVM is a classifier used in many research areas. SVM classifier used the hyperplane 

to differentiate between different classes. The hyperplane is identified as (w) for its path where (b) is the 

threshold value and (xi) is the input feature values. The learning samples are represented in equations (1) 

and (2) as fellow: 

 
(      ) (      ) (      )        (      )            ( )  

  
Where k is the learning data 

 
                     

 

Now the decision equation using the equation (1) becomes: 

 
 (     )     ((      )   )                    ( ) 

 

The area between the hyperplane is the margin that splits the two classes. This margin indicates the 

prediction of diabetes patients using the SVM classifier. The  
 

‖ ‖
  is the distance between the hyperplane 

and the closest data point. Figure 3 shows the implementation of SVM for diabetes classification.  
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Fig. 3: The SVM classifier with hyperplane for diabetes classification 

 

The SVM classifier solves this problem using the following approaches.  
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Where (xi) indicates the learning vector, y is the relationship between the learning vector (x) and 

hyperplane, and k is the Kernel function used to measure the distance between learning vector (          ). 

L is used to indicate the drawback parameter to handle misclassification. If the value of L is high, it shows a 

higher accuracy and learning rate, but the process requires extra time to gain the predicator. Similarly, if the 

value of L is lower, the predicator can provide flexibility and tolerance of error. The performance index of 

the proposed model employs the flexibility and accuracy of the prediction model. The results of model 

prediction are presented in the next section.  

 

Results and Discussions 
 

To test the performance of proposed model, the diabetes dataset for model evaluation was used. PIMA 

dataset used in this research work has 9 variables, where 8 are are input variables and 9
th

 variable is for the 

outcome. In order to have accurate results, initially the dataset was cleaned to remove non-integer and null 

values. The Insulin Intake column has 760 records, out of which 400 are null values. It means that either 

the patient refused to give the information or the records are missing. Therefore, this particular input 

column was not considered for the experiment as the null values might have affected the results greatly. 

Figures 4,5 and 6 visualize the selected input variables in the form of histograms. 
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Figure 4 shows that the body mass index ranges (17 - 67). It includes the lowest value of 17 and the highest 

value of 70 with 32 of mean and standard deviation of 6.88. Similarly, fig 5 shows the histogram for 

glucose levels of patients which ranges from 56 - 199 with a mean of 121 and a standard deviation of 

30.53. Fig 6 shows the histogram for age input of the dataset, which ranges from 21 – 81 with a mean of 

33.2 and a standard deviation of 10.7. 

 

Fig. 7: Scatter matrix plot for input and output. 

Fig. 4: BMI level of the patient used in dataset Fig. 5 : Glucose level of patients 

Fig. 6 : Age limit of the dataset records 
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Fig. 7 shows the scatter plot of variables against every other variable. The blue dot indicates that the 

diabetes is negative, while the red dot represents diabetes as positive. This figure shows the degree of 

association among the variables. As can be observed from the scatter plot of BMI and glucose, as outcome 

is 1 for patients having higher values of BMI as well as Glucose.  

 

The plot between the BMI and age shows a different trend as compared to glucose and BMI. This shows 

that more there is higher number of diabetes positive patients having higher BMI, even though they are 

aged less. From this plot, it can be deduced that diabetes outcome is more dependent on BMI values rather 

than age, as patients with younger age and higher BMI are diabetes positive. This is in direct contrast to 

Glucose and BMI scatter plot where these two factors are directly proportional to the outcome. In short, 

greater numbers of dot at the same points shows a strong connection at that point.  

Fig. 8: Correlation between different variables and outcomes 

 

Figure 8 shows the correlation between the input variable and the outcome. The correlation values vary 

between -1 and 1, where 1 indicates a perfect positive relationship between variables. If one variable 

increases, the other will also increase and vice versa. Value of -1 indicates a prefect negative relation 

between variables. If one variable is increasing, the other will decrease. A value of 0 indicates no 

relationship between the variables. The green squares in the figure represent good positive relationship. It 

can be seen that glucose has a 0.50 positive relationship with outcome, indicating its higher degree of 

correlation with the outcome. BMI and age have 0.30 and 0.32 correlation with outcome respectively, 

indicating a somewhat lower degree of correlation. Moreover, the also shows the correlation of input 

variables. For example, the correlation of BMI and age is 0.07, indicating that the correlation is negligible. 

The correlation of glucose and age is 0.28, suggesting a stronger relation among the variables. 
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Fig. 9: Effect of variables of diabetes outcome 

 

Figure.10 that among the variables having most significance on diabetes outcome, Glucose has the highest 

rank whereas diabetes pedigree function has the least significance. Based upon the above visualizations, 

glucose levels, age and BMI values of patients were selected for experiments whereas the others were 

excluded.  

 

Several machine learning methods like different variants of decision trees, SVM, KNN, NN and ensemble 

methods were applied on the dataset which gave varied results. However, in terms of accuracy, SVM 

performed better than other methods. SVM based methods had far superior accuracy than other methods. 

Moreover, the ROC (Receiver Operating Characteristic) curve in fig 10 corroborates the superior accuracy 

of SVM based methods.  

 

Fig. 10: ROC curve of proposed method 
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The validation accuracy of several methods applied on the dataset shows that SVM performs better than 

other methods and has superior accuracy. Whereas KNN has 69% accuracy, nearly a coin flip.  

 

Table II validation accuracy 

Sr. No Method Validation Accuracy 

1 SVM 76.3% 

2 Gaussian Naïve Bayes 74.7% 

3 Ensemble 72.9% 

4 Neural Network 71.1% 

5 KNN 69.5% 

 

Conclusion 
 

This paper set out to determine the relation of several variables in the outcome of diabetes. The main goal 

of the current study was firstly to determine the relationship and significance of variables in the dataset and 

then to train/test machine learning models on the available dataset for predicting the outcome based upon 

the given variables. This study has ranked the several included variables in the available dataset and shown 

the variables which have the most effect on the outcome. Moreover, the higher value of AUC suggests that 

the applied machine learning model is producing good results. The results of this study indicate that among 

all the variables in the dataset, blood glucose level, number of pregnancies and then BMI of patients are the 

most significant variables. The current findings add to a growing body of literature on applications of SVM 

in the medical field. It is important to mention here that the current results are based only on the basis of 

PIMA dataset and may perform differently on other datasets. Further research might explore the 

performance of SVM on other much comprehensive datasets or explore other latest AI based methods like 

meta-heuristics, which have far wider applicability.  

 

References   

 

Association, A. D. (2010). Diagnosis and classification of diabetes mellitus. Diabetes Care, 33(Supplement 

1), S62–S69. 

Bashir, S., Qamar, U., & Khan, F. H. (2016). IntelliHealth: a medical decision support application using a 

novel weighted multi-layer classifier ensemble framework. Journal of Biomedical Informatics, 59, 

185–200. 

Çalişir, D., & Doğantekin, E. (2011). An automatic diabetes diagnosis system based on LDA-Wavelet 

Support Vector Machine Classifier. Expert Systems with Applications, 38(7), 8311–8315. 

Caveney, E. J., & Cohen, O. J. (2011). Diabetes and biomarkers. Journal of Diabetes Science and 

Technology, 5(1), 192–197. 

Chaki, J., Thillai Ganesh, S., Cidham, S. K., & Ananda Theertan, S. (2020). Machine learning and artificial 

intelligence based Diabetes Mellitus detection and self-management: A systematic review. Journal of 

King Saud University - Computer and Information Sciences. 

https://doi.org/https://doi.org/10.1016/j.jksuci.2020.06.013 

Dinh, A., Miertschin, S., Young, A., & Mohanty, S. D. (2019). A data-driven approach to predicting 

diabetes and cardiovascular disease with machine learning. BMC Medical Informatics and Decision 

Making, 19(1), 211. https://doi.org/10.1186/s12911-019-0918-5 

El-Sappagh, S., Elmogy, M., & Riad, A. M. (2015). A fuzzy-ontology-oriented case-based reasoning 

framework for semantic diabetes diagnosis. Artificial Intelligence in Medicine, 65(3), 179–208. 

Ganji, M. F., & Abadeh, M. S. (2011). A fuzzy classification system based on Ant Colony Optimization for 

diabetes disease diagnosis. Expert Systems with Applications, 38(12), 14650–14659. 

Han, L., Luo, S., Yu, J., Pan, L., & Chen, S. (2014). Rule extraction from support vector machines using 

ensemble learning approach: an application for diagnosis of diabetes. IEEE Journal of Biomedical and 

Health Informatics, 19(2), 728–734. 



 

 

 

 

 

ISSN: 2308-7056                 Mir, Aslam, Ayyaz, Zaman, Khan & Ayyaz (2022) 

 

 

328 

I 

 

  www.irbas.academyirmbr.com                                                                                   April 2022                                                                                             

 International Review of Basic and Applied Sciences                                     Vol. 10 Issue.2 
 

R 
B  
A  
S  

Islam, M. A., & Jahan, N. (2017). Prediction of onset diabetes using machine learning techniques. 

International Journal of Computer Applications, 180(5), 7–11. 

Islam, M. M., Rahman, M. J., Chandra Roy, D., & Maniruzzaman, M. (2020). Automated detection and 

classification of diabetes disease based on Bangladesh demographic and health survey data, 2011 using 

machine learning approach. Diabetes & Metabolic Syndrome: Clinical Research & Reviews, 14(3), 

217–219. https://doi.org/https://doi.org/10.1016/j.dsx.2020.03.004 

Kanchan, B. D., & Kishor, M. M. (2016). Study of machine learning algorithms for special disease 

prediction using principal of component analysis. In 2016 international conference on global trends in 

signal processing, information computing and communication (ICGTSPICC) (pp. 5–10). IEEE. 

Kumar, N. K., Vigneswari, D., Krishna, M. V., & Reddy, G. V. P. (2019). An optimized random forest 

classifier for diabetes mellitus. In Emerging Technologies in Data Mining and Information Security 

(pp. 765–773). Springer. 

Maniruzzaman, M., Kumar, N., Abedin, M. M., Islam, M. S., Suri, H. S., El-Baz, A. S., & Suri, J. S. 

(2017). Comparative approaches for classification of diabetes mellitus data: Machine learning 

paradigm. Computer Methods and Programs in Biomedicine, 152, 23–34. 

Maniruzzaman, M., Rahman, M. J., Ahammed, B., & Abedin, M. M. (2020). Classification and prediction 

of diabetes disease using machine learning paradigm. Health Information Science and Systems, 8(1), 7. 

https://doi.org/10.1007/s13755-019-0095-z 

Nagarajan, S., & Chandrasekaran, R. M. (2015). Diagnosing Diabetes using Data Mining Techniques. 

International Journal of Engineering Sciences & Research Technology, 4(11). 

Ozcift, A., & Gulten, A. (2011). Classifier ensemble construction with rotation forest to improve medical 

diagnosis performance of machine learning algorithms. Computer Methods and Programs in 

Biomedicine, 104(3), 443–451. 

Parthiban, G., & Srivatsa, S. K. (2012). Applying machine learning methods in diagnosing heart disease for 

diabetic patients. International Journal of Applied Information Systems (IJAIS), 3(7), 25–30. 

Ramezankhani, A., Pournik, O., Shahrabi, J., Azizi, F., & Hadaegh, F. (2015). An application of 

association rule mining to extract risk pattern for type 2 diabetes using tehran lipid and glucose study 

database. International Journal of Endocrinology and Metabolism, 13(2). 

Razavian, N., Blecker, S., Schmidt, A. M., Smith-McLallen, A., Nigam, S., & Sontag, D. (2015). 

Population-level prediction of type 2 diabetes from claims data and analysis of risk factors. Big Data, 

3(4), 277–287. 

Samant, P., & Agarwal, R. (2018). Machine learning techniques for medical diagnosis of diabetes using iris 

images. Computer Methods and Programs in Biomedicine, 157, 121–128. 

Simon, G. J., Caraballo, P. J., Therneau, T. M., Cha, S. S., Castro, M. R., & Li, P. W. (2013). Extending 

association rule summarization techniques to assess risk of diabetes mellitus. IEEE Transactions on 

Knowledge and Data Engineering, 27(1), 130–141. 

Sisodia, D., & Sisodia, D. S. (2018). Prediction of diabetes using classification algorithms. Procedia 

Computer Science, 132, 1578–1585. 

Teimouri, M., Ebrahimi, E., & Alavinia, S. M. (2016). Comparison of various machine learning methods in 

diagnosis of hypertension in diabetics with/without consideration of costs. 

Tigga, N. P., & Garg, S. (2020). Prediction of Type 2 Diabetes using Machine Learning Classification 

Methods. Procedia Computer Science, 167, 706–716. 

https://doi.org/https://doi.org/10.1016/j.procs.2020.03.336 

Wu, H., Yang, S., Huang, Z., He, J., & Wang, X. (2018). Type 2 diabetes mellitus prediction model based 

on data mining. Informatics in Medicine Unlocked, 10, 100–107. 

 
 
 
 
 


