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Abstract: According to the World Health Organization, around 1.5 million people worldwide died due to diabetes in 

2019. It is estimated that approximately 462 million people live with diabetes around the globe. According to other 

sources, about 432 million people worldwide have diabetes, the bulk living in low-and middle-income countries, and 1.5 

million deaths are directly related to the disease diabetes annually. The amount of cases, morbidity and mortality rates in 

a specific time period or over time to time, the diabetes is steadily increasing over the past few decades. No doubt, 

Diabetes mellitus is a leading cause of deaths world wide and reduced life expectancy. This disease can be curable with 

early diagnosis and proper treatment. The purpose of this paper is to establish some predictive models using Machine 

Learning algorithms by taking a real time Diabetes mellitus dataset. In this paper, we have shown some real-time 

experiments and observations with the help of some Machine Learning algorithms, and also shown a clear picture on the 

predictive analysis for the detection of the disease Diabetes mellitus in medical science using Machine Learning 

algorithms using which patients may get accurate data so as to diagnose better for their early treatment. 
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I.INTRODUCTION 

 

Machine learning tools are being extensively utilized in all scientific, medical fields and are liable for revolutionizing 

businesses everywhere. Healthcare systems, on the opposite hand, are very slow in adopting these advancements and are 

lagging far behind in this[1][2]. 

Machine learning are often useful within the management of chronic diseases, namely, diabetes[3][4]. In fact, Machine 

learning is already getting used to predict risk of diabetes supported genomic data, diagnosis of diabetes supported EHR 

data, to predict risk of complications. Adoption of Machine Learning technologies can significantly increase detection 

and early treatment of diabetic complications of patients[5][6]. 

 

II.EXPERIMENTS AND OBSERVATIONS 

 

Here we have taken Diabetes dataset and Weka knowledge analysis tool to classify and predict the disease. The figure 1 

and figure 2 shows the diabetes dataset and data preprocess respectively. 

 
Fig.1. Diabetes Mellitus (DM) Dataset 
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Fig.2. Data Preprocess 

 

Experiments and Observations-1 

Classifier Output=== Run information === 

Scheme:       weka.classifiers.rules.ZeroR  

Relation:     pima_diabetes 

Instances:    768  Attributes:   9 

Preg plas pres skin insu mass pedi age class 

Test mode:    10-fold cross-validation 

=== Classifier model (full training set) === 

ZeroR predicts class value: tested_negative 

Time taken to build model: 0 seconds 

=== Stratified cross-validation ====== Summary === 

Correctly Classified Instances         500               65.1042 % 

Incorrectly Classified Instances       268               34.8958 % 

Kappa statistic                          0      

Mean absolute error                      0.4545 

Root mean squared error                  0.4766 

Relative absolute error                100      % 

Root relative squared error            100      % 

Total Number of Instances              768      

=== Detailed Accuracy By Class === 

                 TP Rate  FP Rate  Precision  Recall   F-Measure  MCC      ROC Area  PRC Area  Class 

                 1.000    1.000    0.651      1.000    0.789      ?        0.497     0.650     tested_negative 

                 0.000    0.000    ?          0.000    ?          ?        0.497     0.348     tested_positive 

Weighted Avg.    0.651    0.651    ?          0.651    ?          ?        0.497     0.544      

=== Confusion Matrix === 

   a   b   <-- classified as 

 500   0 |   a = tested_negative 

 268   0 |   b = tested_positive 

 
Fig.3. ZeroR Classifier with Visualize curve 
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 Experiments and Observations-2 

Classifier Output=== Run information === 

Scheme: weka.classifiers.bayes.BayesNet -D -Q weka.classifiers.bayes.net.search.local.K2 -- -P 1 -S BAYES -E 

weka.classifiers.bayes.net.estimate.SimpleEstimator -- -A 0.5 

Relation:     pima_diabetes  Instances:    768  Attributes:   9 

Test mode:    10-fold cross-validation   

=== Summary === 

Correctly Classified Instances         571               74.349  % 

Incorrectly Classified Instances       197               25.651  % 

Kappa statistic                          0.429  

Mean absolute error                      0.2987 

Root mean squared error                  0.4208 

Relative absolute error                 65.7116 % 

Root relative squared error             88.28   % 

Total Number of Instances              768      

=== Confusion Matrix === 

   a   b   <-- classified as 

 408  92 |   a = tested_negative 

 105 163 |   b = tested_positive 

 
Fig.4. BayesNet Classifier with Visualize different cases 

 

Experiments and Observations-3 

Classifier Output === Run information === 

Scheme:       weka.classifiers.bayes.NaiveBayesMultinomial  

=== Classifier model (full training set) === 

The independent probability of a class 

tested_negative 0.65  tested_positive 0.35 

=== Summary === 

Correctly Classified Instances         460               59.8958 % 

Incorrectly Classified Instances       308               40.1042 % 

Kappa statistic                          0.1279 

Mean absolute error                      0.4009 

Root mean squared error                  0.6152 

Relative absolute error                 88.2029 % 

Root relative squared error            129.0792 % 

Total Number of Instances              768      

=== Confusion Matrix === 

  a   b   <-- classified as 

 339 161 |   a = tested_negative 

 147 121 |   b = tested_positive 
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Fig.4. NaiveBayes Classifier with Visualize different cases 

 

Experiments and Observations-4 

Classifier Output === Run information === 

Scheme:       weka.classifiers.meta.Bagging -P 100 -S 1 -num-slots 1 -I 10 -W weka.classifiers.trees.REPTree -- -M 2 -V 

0.001 -N 3 -S 1 -L -1 -I 0.0 

Bagging with 10 iterations and base learner 

weka.classifiers.trees.REPTree -M 2 -V 0.001 -N 3 -S 1 -L -1 -I 0.0 

=== Summary === 

Correctly Classified Instances         582               75.7813 % 

Incorrectly Classified Instances       186               24.2188 % 

Kappa statistic                          0.4498 

Mean absolute error                      0.315  

Root mean squared error                  0.4063 

Relative absolute error                 69.3049 % 

Root relative squared error             85.2474 % 

Total Number of Instances              768      

=== Confusion Matrix === 

   a   b   <-- classified as 

 425  75 |   a = tested_negative 

 111 157 |   b = tested_positive 

 
Fig.5. Bagging Classifier with Visualize different cases 

 

Experiments and Observations-5 

Classifier Output === Run information === 

Scheme:       weka.classifiers.trees.RandomForest -P 100 -I 100 -num-slots 1 -K 0 -M 1.0 -V 0.001 -S 1 RandomForest 

weka.classifiers.trees.RandomTree -K 0 -M 1.0 -V 0.001 -S 1 -do-not-check-capabilities 

=== Summary === 

Correctly Classified Instances         582               75.7813 % 

Incorrectly Classified Instances       186               24.2188 % 

Kappa statistic                          0.4566 

Mean absolute error                      0.3106 
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 Root mean squared error                  0.4031 

Relative absolute error                 68.3405 % 

Root relative squared error             84.5604 % 

Total Number of Instances              768      

=== Confusion Matrix === 

   a   b   <-- classified as 

 418  82 |   a = tested_negative 

 104 164 |   b = tested_positive 

 
Fig.6. RandomForest Classifier with Visualize different cases 

 

III.DISCUSSION 

 

We have taken 5 different experimental observations using the machine learning tool to clearly analyze, detect and predict 

for the Diabetes Disease. In the study of the above experimental observations, it is found that, machine learning tools are 

no doubt an excellent way to predict and detect the Diabetes disease at an early stage prior to the satisfiability of the 

conditions of the early stage patient. It is found that the accuracy level using different algorithm in Machine Learning is 

an excellent option for detection and prediction of Diabetes disease, having good accuracy rate and so will be efficient 

and acceptable. 

 

IV.CONCLUSION 

 

In 2019, diabetes was the ninth leading cause of death with an estimated 1.5 million deaths directly caused by diabetes. 

Diabetes mellitus is a disease, which can cause many complications. How to exactly predict and diagnose this disease by 

using machine learning is worthy studying. According to the all above experiments, we found good accuracy using 

Random Forest and Bagging classifier so that will be acceptable.  
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