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ABSTRACT 

Diabetes is one of the emerging disease which leads to the other chronic diseases. As per the WHO we have 425 

millions diabetes by 2025 it may increases to unimaginable number by 2030. Here we attempted to predict diabetes by 

using machine learning algorithms. Many works presented with SVM, ANN etc algorithms were not efficient. In this paper 

we used advanced and integrated machine learning algorithms with an effective data pre-processing techniques. We 

improve the results by using ensemble methods that perform bagging and tuning methods. We made an intensive literature 

survey and concluded that most of the existed works not used PCA for dimensionality reduction and solves 

multicollinearity problem for highly correlated attributes. They failed to explain about refinement of the proposed results 

due to limitations of domains. Due length of the datasets could not explain about more classification techniques and could 

not extended their works for other domains. Here we proposed a development of predictive model for medical chronic 

diseases (diabetes, liver, kidney etc) using machine learning algorithms. 

 
Keywords: machine learning algorithms, PCA, ensemble algorithms, classification, visualization. 

 

INTRODUCTION 

As per WHO, India became world capital for 

diabetes [1]. Millions of people are die from Diabetes and 

cause top 4 cause for other deaths. The present work 

examines prediction of diabetes with different machine 

learning algorithms [1]. The existed works were worked 

well when the dataset attributes are less and low the 

performance increase of the size of the dataset. The 

procedure of finding hidden and unidentified patterns and 

trends in big datasets, extracting information from them 

and building predictive models is defined as data mining. 

In another word, it’s the process of collection and 

exploration of data sets and building models by huge data 

stores to expose previously unknown outlines. Healthcare 

Management is one of the areas which is using machine 

learning techniques broadly for different objectives. 

 

LITERATURE SURVEY 

We have conducted an intensive literature survey, 

tells about diabetes prediction models [3] where they are 

strong, weak and failed to explain many things such as [1] 

used SVM, ANN algorithms [2] for the purpose. 

Individual algorithms usage could not gave an efficient 

result [1]. Most of the studies were not explained about 

highly correlated independent variable attributes which 

leads to the problem of the multicollinearity. Used 

conventional pre-processing techniques were not 

explained about properly of data quality. Information of 

attributes not explained properly. Existed survey does not 

explained about feature importance [1] and selection 

techniques. 

But the existed works perform well in some 

domains like Specificity, Support, FOR reached almost 

90% than my work any how most of the attribute values 

are more and accurate in my proposed work. In 

comparison of algorithms we found out few attribute 

values of the algorithm are remains same or with minute 

difference [2, 3, 4, 5, 6]. 

 

RELATED WORK 

Even though our work is extending to all medical 

domains, first we preferred to concentrate on diabetes 

because of its intensity in the world. Review of the data 

gives more clarity of the work. We concentrated more on 

review of the data which gives more clarity on utilization 

of the data along with it counter parts. Correlation 

techniques can give more clarity of relationships among 

attributes hence we used Pearson correlation [1] then f1-

score values. Precision-Recall is a useful measure of 

success of prediction when the classes are imbalanced. 

 

Table-1. Diabetic dataset decryption. 
 

1 Pregnancies 6 BMI 

2 Glucose 7 
Diabetic Pedigree 

Function 

3 Blood Pressure 8 Age 

4 Skin Thickness 9 Test 

5 Insulin 10 Class 

 

In information retrieval, precision is a measure of 

result relevancy, while recall is a measure of how many 

truly relevant results are returned. An ideal system with 

high precision and high recall will return many results, 

with all results labelled correctly and shown in Figure-1. 

Descriptive statistics can give you great insight into the 

shape of each attribute. Often you can create more 

summaries than you have time to review. 
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Figure-1. Descriptive view of the data. 

 

To demonstrate our work we have taken one of 

the famous data set PIDS (Pimas Indians Diabetes Set). 

This dataset is originally from the National Institute of 

Diabetes and Digestive and Kidney Diseases. The 

objective is to predict based on diagnostic measurements 

whether a patient has diabetes. The PIDS contains 9 

attributes 760+ instances of different cases as input data. 

The complete description of dataset is as follows: 

 

 
 

Figure-2. Show view of correlated data. 

 

The overall view of the data is as follows, 

contains two dimensional correlated relationship and 

respective values. It contains negative values and positive 

values and can be classified into two classes as diabetes 

with 500 values and non diabetes with 268 values. 

The aim of the work is to development of a 

predictive model with machine learning techniques. The 

organization of the work as section.4 explains about 

preparing data for machine learning, section.5 explains 

feature selection techniques and section.6 gives 

description about algorithms evaluation metrics. Section.7 

explains about classification techniques and comparisons, 

section.8 explain how to improve the performance of the 

algorithms with ensembles. Section.9 explains data 

visualization techniques. Finally paper will be concluded 

by the conclusion followed by the references. 

PREPARING DATA FOR MACHINE LEARNING 
As per the many studies it is confirmed that data 

pre-processing i.e. preparing data for machine learning 

algorithms is good but as per our study we observed that 

data pre-processing is not required for all machine 

learning algorithms. We also got that few algorithms are 

giving good results when we supplied raw data than 

prepared one. It is up to the user for which algorithm is 

required prepared data or not. Anyhow in the process of 

the work we applied the following techniques to prepare 

the data for machine learning algorithms as 1. Rescale data 

& 2. Standardize data. 

Rescale data: When your data is comprised of 

attributes with varying scales, many machine learning 

algorithms can benefit from rescaling the attributes to all 

have the same scale. Often this is referred to as 

normalization and attributes are often rescaled into the 

range between 0 and 1. This is useful for optimization 

algorithms used in the core of machine learning algorithms 

like gradient descent. It is also useful for algorithms that 

weight inputs like regression and neural networks and 

algorithms that use distance measures like k-Nearest 

Neighbours. You can rescale your data using scikit-learn 

using the Min Max Scaler class 2. 

 

Table-2. View of the rescaling data. 
 

 
 

Here we found the fee zero value of attributes of 

no meaning and become overburden to the algorithms to 

handle. 

 

 
 

Figure-3. Before pre-processing. 

 

Standardize data: Standardization is a useful 

technique to transform attributes with a  

Gaussian distribution and differing means and 

standard deviations to a standard Gaussian distribution 

with a mean of 0 and a standard deviation of 1. It is most 

suitable for techniques that assume a Gaussian distribution 

in the input variables and work better with rescaled data, 
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such as linear regression, logistic regression and linear 

discriminate analysis. You can standardize data using 

scikit-learn with the Standard Scaler class 3. 

 

Table-3. Data after standardizing. 
 

 
 

And normalizing the data is to make all attribute perfect. 

Then convert data in terms of binarized data. 

 

FEATURE SELECTION FOR MACHINE 

LEARNING 
The data features that you use to train your 

machine learning models have a huge influence on the 

performance you can achieve. Irrelevant or partially 

relevant features can negatively impact model 

performance. In this chapter you will discover automatic 

feature selection techniques that you can use to prepare 

your machine learning data in Python with scikit-learn. 

After completing this lesson you will know how to use: 

 

A. Univariate selection 

 

B. Recursive feature elimination 

 

C. Principle component analysis 

 

D. Feature importance 

Feature selection: Feature selection is a process 

where you automatically select those features in your data 

that contribute most to the prediction variable or output in 

which you are interested. Having irrelevant features in 

your data can decrease the accuracy of many models, 

especially linear algorithms like linear and logistic 

regression. Three benefits of performing feature selection 

before modelling your data are: 

 

Reduces over fitting: Less redundant data means 

less opportunity to make decisions based on noise. 

 

Improves accuracy: Less misleading data means 

modelling accuracy improves. 

 

Reduces training time: Less data means that 

algorithms train faster. 

 

Univariate selection 

Statistical tests can be used to select those 

features that have the strongest relationship with the 

output variable. The scikit-learn library provides the Select 

KBest class 2 that can be used with a suite of different 

statistical tests to select a specific number of features. The 

example below uses the chi-squared (chi 2) statistical test 

for non-negative features to select 4 of the best features 

from the Pima Indians onset of diabetes dataset. 

Table-4. Univariate algorithm & output. 
 

 
 

It works by recursively removing attributes and 

building a model on those attributes that remain. It uses 

the model accuracy to identify which attributes (and 

combination of attributes) contribute the most to 

predicting the target attribute. You can learn more about 

the RFE class 3 in the scikit-learn documentation. 

 

Table-5. The recursive feature elimination algorithm 

(or RFE): 
 

 

 

Principal component analysis 

Principal Component Analysis (or PCA) uses 

linear algebra to transform the dataset into a compressed 

form. Generally this is called a data reduction technique. A 

property of PCA is that you can choose the number of 

dimensions or principal components in the transformed 

result. In the example below, we use PCA and select 3 

principal components. Learn more about the PCA class in 

scikit-learn by reviewing the API 4. 

When the data is highly correlated among 

independent variables which leads to the problem of 

“multicollinearity” and utilization of variable data is 

difficult. Other problem is developing predictive models 

are unstable with inaccurate results irrespective of positive 

and negative correlation. The solution for the above 

demerits is PCA. It covers and gives clarity about 

normalization of data with linear combination of variables. 

PCA made all the correlation coefficient values are zero 

hence principal components orthogonal to each other. 

PCA made ready data to develop predictive models using 

multinomial logistic regression. 
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Table-6. Principal component analysis & output 
  

 

 
 

Table-7. Feature importance algorithm. 
 

Feature Importance Algorithm Steps 

1. Load the dataset 

2.To estimate the importance of the features 

3.The feature extraction can be done by 

model = ExtraTreesClassifier() 

model.fit(X, Y) 

print(model.feature_importances_) 

4.When attribute score larger, attribute is important 

 

You can see that the transformed dataset (3 

principal components) bare little resemblance to the source 

data. 

 

 
 

Figure-4. Highly correlated features. 

 

Feature importance 

Statistical tests can be used to select those 

features that have the strongest relationship with the 

output variable. The scikit-learn library provides the 

SelectKBest class 2 that can be used with a suite of 

different statistical tests to select a specific number of 

features. The example below uses the chi-squared (chi 2) 

statistical test for non-negative features to select 4 of the 

best features from the Pima Indians onset of diabetes 

dataset. 

You can see the scores for each attribute and the 

4 attributes chosen (those with the highest scores): plas, 

test, mass and age. I got the names for the chosen 

attributes by manually mapping the index of the 4 highest 

scores to the index of the attribute names. Bagged decision 

trees like Random Forest and Extra Trees can be used to 

estimate the importance  

 

 
 

Figure-5. Feature importance. 

 

 

 

of features. In the example below we construct a Extra 

Trees Classifier classifier for the Pima Indians onset of 

diabetes dataset. 

 

PERFORMANCE METRICS FOR MACHINE 

LEARNING ALGORITHMS 

In this section we study various algorithm 

evaluation metrics are demonstrated for both classification 

and regression type machine learning problems. In each 

recipe, the dataset is downloaded directly from the UCI 

Machine Learning repository. For classification metrics, 

the Pima Indians onset of diabetes dataset is used as 

demonstration. This is a binary classification problem 

where all of the input variables are numeric. For 

regression metrics, the Boston House Price dataset is used 

as demonstration. this is a regression problem where all of 

the input variables are also numeric. 

 

Classification metrics 

Classification problems are perhaps the most 

common type of machine learning problem and as such 

there are a myriad of metrics that can be used to evaluate 

predictions for these problems. In this section we will 

review how to use the following metrics: 
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Table-8. Classification metrics. 
 

Classification 

accuracy 

Area under 

ROC curve 
Confusion matrix 

0.770 (0.048) 0.824 (0.041) 
[[141  21] 

[ 41  51]] 

Classification Report 

precision    recall  f1-score   support 

         0.0       0.77         0.87      0.82       162 

         1.0       0.71         0.55      0.62        92 

 avg /total     0.75         0.76      0.75       254 

 

Classification accuracy is the number of correct 

predictions made as a ratio of all predictions made. This is 

the most common evaluation metric for classification 

problems, it is also the most misused. It is really only 

suitable when there are an equal number of observations in 

each class (which is rarely the case) and that all 

predictions and prediction errors are equally important, 

which is often not the case. Below is an example of 

calculating classification accuracy. You can see that the 

ratio is reported. This can be converted into a percentage 

by multiplying the value by 100, giving an accuracy score 

of approximately 77% accurate. 

Area under ROC Curve (or AUC for short) is a 

performance metric for binary classification problems. The 

AUC represents a model’s ability to discriminate between 

positive and negative classes. An area of 1.0 represents a 

model that made all predictions perfectly. An area of 0.5 

represents a model that is as good as random. ROC can be 

broken down into sensitivity and specificity. A binary 

classification problem is really a trade-off between 

sensitivity and specificity. Sensitivity is the true positive 

rate also called the recall. It is the number of instances 

from the positive (first) class that actually predicted 

correctly. Specificity is also called the true negative rate. 

Is the number of instances from the negative (second) 

class that were actually predicted correctly? You can see 

the AUC is relatively close to 1 and greater than 0.5, 

suggesting some skill in the predictions in the above table. 

The confusion matrix is a handy presentation of the 

accuracy of a model with two or more classes. The table 

presents predictions on the x-axis and accuracy outcomes 

on the y-axis. The cells of the table are the number of 

predictions made by a machine learning algorithm. For 

example, a machine learning algorithm can predict 0 or 1 

and each prediction may actually have been a 0 or 1. 

Predictions for 0 that were actually 0 appear in the cell for 

prediction = 0 and actual = 0, whereas predictions for 0 

that were actually 1 appear in the cell for prediction = 0 

and actual = 1. And so on. Below is an example of 

calculating a confusion matrix for a set of predictions by a 

Logistic Regression on the Pima Indians onset of diabetes 

dataset. Although the array is printed without headings, 

you can see that the majority of the predictions fall on the 

diagonal line of the matrix (which is correct predictions). 

 

Classification report 

The scikit-learn library provides a convenience 

report when working on classification problems to give 

you a quick idea of the accuracy of a model using a 

number of measures. The classification report() function 

displays the precision, recall, F1-score and support for 

each class. The example below demonstrates the report on 

the binary classification problem. You can see good 

prediction and recall for the algorithm. 

 

Regression metrics 

In this section will review 2 of the most common 

metrics for evaluating predictions on regression machine 

learning problems, Mean Absolute Error & Mean Squared 

Error. 

 

Table-9. Regression metrics. 
 

 MAE MSE 

Error Rates 0.337 (0.022) -0.337 (0.022) 

 

Table-10. F1-score values before ensemble. 
 

 
 

The Mean Absolute Error (or MAE) is the sum of 

the absolute differences between predictions and actual 

values. It gives an idea of how wrong the predictions were. 

The measure gives an idea of the magnitude of the error, 

but no idea of the direction (e.g. over or under predicting). 

The example below demonstrates calculating mean 

absolute error on the Boston house price dataset. A value 

of 0 indicates no error or perfect predictions. Like logloss, 

this metric is inverted by the cross val score() function. 
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The Mean Squared Error (or MSE) is much like 

the mean absolute error in that it provides a gross idea of 

the magnitude of error. Taking the square root of the mean 

squared error converts the units back to the original units 

of the output variable and can be meaningful for 

description and presentation. This is called the Root Mean 

Squared Error (or RMSE). The example below provides a 

demonstration of calculating mean squared error. This 

metric too is inverted so that the results are increasing.  

Remember to take the absolute value before 

taking the square root if you are interested in calculating 

the RMSE. 

 

 

 

 

COMPARE MACHINE LEARNING ALGORITHMS 

It is important to compare the performance of 

multiple different machine learning algorithms 

consistently. In this chapter you will discover how you can 

create a test harness to compare multiple different machine 

learning algorithms in Python with scikit-learn. You can 

use this test harness as a template on your own machine 

learning problems and add more and different algorithms 

to compare. After completing this lesson you will know: 

How to formulate an experiment to directly 

compare machine learning algorithms. 2.A reusable 

template for evaluating the performance of multiple 

algorithms on one dataset.3. How to report and visualize 

the results when comparing algorithm performance. 

Running the example provides  

 

Table-11. Comparison of algorithms with accuracy difference. 
 

Algorithm LR LDA KNN CART NB SVM 

Accuracy 0.77 0.77 0.71 0.69 0.75 0.66 

Deference in Accuracy 

for (100%) 
027805 0.033603 0.033603 0.026107 0.027866 0.024774 

 

a list of each algorithm short name, the mean accuracy and 

the standard deviation accuracy. 

 

IMPROVE PERFORMANCE WITH ENSEMBLES 

Ensembles can give you a boost in accuracy on 

your dataset. In this chapter you will discover how you can 

create some of the most powerful types of ensembles in 

Python using scikit-learn. This lesson will step you 

through Boosting, Bagging and Majority Voting and show 

you how you can continue to ratchet up the accuracy of the 

models on your own datasets. After completing this lesson 

you will know. 

 

a) How to use bagging ensemble methods such as 

bagged decision trees, random forest and extra trees. 

b) How to use boosting ensemble methods such as 

AdaBoost and stochastic gradient boosting. 

c) How to use voting ensemble methods to combine the 

predictions from multiple algorithms. 

Combine models into ensemble predictions 

The three most popular methods for combining 

the predictions from different models are: 

 

Table-12. Ensemble algorithms to improve performance. 
 

Ensemble algorithms to improve performance 

Bagging algorithms Boosting algorithms Voting algorithms 

Bagged 

Decision 

Trees 

Random 

Forest 

RandomFores

tClassifier 
AdaBoost 

Stochastic Gradient 

Boosting 
VotingClassifier 

Accuracy of the Ensemble models 

0.77074 0.77072 0.77072 0.76045 0.76428 0.72904 

Machine Learning Algorithm Parameters tuning 

Grid Search Parameter Tuning Random Search Parameter Tuning 

Tuning Value 0.27961 0.27961 

Alpha Value 1.0 0.98955 

 

Bagging. Building multiple models (typically of 

the same type) from different subsamples of the training 

dataset. 

Boosting. Building multiple models (typically of 

the same type) each of which learns to fix the prediction 

errors of a prior model in the sequence of models. 
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Voting. Building multiple models (typically of 

differing types) and simple statistics (like calculating the 

mean) are used to combine predictions. This assumes you 

are generally familiar with machine learning algorithms 

and ensemble methods and will not go into the details of 

how the algorithms work or their parameters. 

 

Table-13. Original data with all features. 
 

Parameter/ 

Technique 
Sensitivity Specificity Accuracy AUC 

NB 0.947 1.000 0.967 0.974 

SVM 0.987 1.000 0.992 0.993 

LR 0.987 0.977 0.983 0.982 

RF 0.987 0.977 0.983 0.982 

DT 1.000 0.000 0.633 0.500 

 

Table-14. Normalized data with all features. 
 

 
 

Table-15. Confusion matrix for original 

data-full features. 
 

Algorithm Confusion matrix scores 

NB 

TN (44) FP (0) 

FN (4) TP (72) 

DT 

44 0 

2 74 

LR 

43 1 

1 75 

SVM 

1 43 

1 75 

RF 

0 44 

0 76 

 

 

 

 

 

 

 

 

 

 

 

 

Table-16. Confusion matrix for normalized 

data-full features. 
 

Algorithm Confusion matrix scores 

NB 

TN (44) FP (0) 

FN (4) TP (72) 

DT 

44 0 

2 74 

LR 

43 1 

1 75 

SVM 

1 43 

1 75 

RF 

44 0 

0 76 

 

From the Table-13 it is observed that the 

sensitivity of all the algorithms are given better results, the 

important  thing is SVM,LR and RF performed same with 

original data of all features. NB and SVM given the 

specificity values as well as LR and RF, where DT failed 

to perform. The accuracy of LR and RF is same but is 

different from NB to SVM and DT given low value. The 

AUC value represents least for DT and maintains 

consistence in other cases. We concluded that all 

algorithms performed well with original data for all 

features. 

From Table-14 we observed a minute changes in 

the techniques as accuracy of DT increased and specificity 

of RF and DT decreased due to normalization of data. 

There will be change in sensitivity of DT. Over all 

observation is there will be a minute fluctuation in the data 

values after normalization of features. 

From the Table-15 we can have zero FP values 

for NB least number for FN, for DT it is zero FP and least 

number of FN. But LR performed well as well as SVM 

where as there will be no TN and FN values for RF. The 

confusion matrix drawn better values. 

From Table-16 it is concluded that minute 

changes in the confusion matrix values of all the 

algorithms.
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Table-17. Performance after ensembles applied (F1-Score values). 
 

 
 

DATA VISUALIZATION 

You must understand your data in order to get the 

best results from machine learning algorithms. The fastest 

way to learn more about your data is to use data 

visualization. In this chapter you will discover exactly how 

you can visualize your machine learning data in Python 

using Pandas. A fast way to get an idea of the distribution 

of each attribute is to look at histograms. Histograms 

group data into bins and provide you a count of the 

number of observations in each bin. From the shape of the 

bins you can quickly get a feeling for whether  

 

 
 

Figure-6. Data visualization with histograms. 
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Figure-7. Data visualization with density plots. 

 
 

Figure-8. Data visualization with whisker. 

 

 
 

Figure-9. Data visualization with scatter plot. 

 

an attribute is Gaussian, skewed or even has an 

exponential distribution. It can also help you see possible 

outliers. 

We can see that perhaps the attributes age, pedi 

and test may have an exponential distribution. We can also 

see that perhaps the mass and pres and plas attributes may 

have a Gaussian or nearly Gaussian distribution. This is 

interesting because many machine learning techniques 

assume a Gaussian univariate distribution on the input 

variables. 

Density plots are another way of getting a quick 

idea of the distribution of each attribute. The plots look 

like an abstracted histogram with a smooth curve drawn 

through the top of each bin, much like your eye tried to do 

with the histograms. 

Another useful way to review the distribution of 

each attribute is to use Box and Whisker Plots or boxplots 

for short. Boxplots summarize the distribution of each 

attribute, drawing a line for the median (middle value) and 

a box around the 25th and 75th percentiles (the middle 

50% of the data). The whiskers give an idea of the spread 

of the data and dots outside of the whiskers show 

candidate outlier values (values that are 1.5 times greater 

than the size of spread of the middle 50% of the data). We 

can see that the spread of attributes is quite different. 
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Some like age, test and skin appear quite skewed towards 

smaller values. 

Correlation gives an indication of how related the 

changes are between two variables. If two variables 

change in the same direction they are positively correlated. 

If they change in opposite directions together (one goes 

up, one goes down), then they are negatively correlated. 

You can calculate the correlation between each pair of 

attributes. This is called a correlation matrix. You can then 

plot the correlation matrix and get an idea of which 

variables have a high correlation with each other. This is 

useful to know, because some machine learning 

algorithms like linear and logistic regression can have 

poor performance if there are highly correlated input 

variables in your data. 

We can see that the matrix is symmetrical, i.e. the 

bottom left of the matrix is the same as the top right. This 

is useful as we can see two different views on the same 

data in one plot. We can also see that each variable is 

perfectly positively correlated with each other (as you 

would have expected) in the diagonal line from top left to 

bottom right. 

The example is not generic in that it specifies the 

names for the attributes along the axes as well as the 

number of ticks. This recipe can be made more generic by 

removing these aspects as follows: 

Generating the plot, you can see that it gives the 

same information although making it a little harder to see 

what attributes are correlated by name. Use this generic 

plot as a first cut to understand the correlations in your 

dataset and customize it like the first example in order to 

read off more specific data if needed. 

 

 
 

Figure-10. Correlation matrix plot. 

 

A scatter plot shows the relationship between two 

variables as dots in two dimensions, one axis for each 

attribute. You can create a scatter plot for each pair of 

attributes in your data. Drawing all these scatter plots 

together is called a scatter plot matrix. Scatter plots are 

useful for spotting structured relationships between 

variables, like whether you could summarize the 

relationship between two variables with a line. Attributes 

with structured relationships may also be correlated and 

good candidates for removal from your dataset. 

Like the Correlation Matrix Plot above, the 

scatter plot matrix is symmetrical. This is useful to look at 

the pairwise relationships from different perspectives. 

Because there is little point of drawing a scatter plot of 

each variable with itself, the diagonal shows histograms of 

each attribute. 

 

CONCLUSION AND FUTURE WORK 

The proposed model performed better than the 

existed in most of the cases. Our model used advanced and 

easy techniques for pre-processing, solved 

multicollinearity by using PCA, for classification accuracy 

improvement we focused on ensemble algorithms. The Ad 

boost ensemble performed better in constructing sub 

models for the predicting diabetes. Even though our work 

performed well, still we have to concentrate on integration 

of machine learning algorithms for building predictive 

models for diabetes and to extend to other medical 

domains. We observed that data pre-processing cannot be 

done for all the algorithms. Few algorithms may perform 

well without data to be ready. We also feel that DT & RFT 

required data pre-processing whereas LR, SV,NB may not, 

still performed well. We also concentrated on refinement 

of results using advanced ensembles like tuning 

algorithms. Performance of algorithms when combined 

given good results still we feel some coupling problems. 

 

REFERENCES 

 

[1] Jason Brownlee, Machine Learning Mastery With 

Python Understand Your Data, Create Accurate 

Models and Work Projects End-To-End. 

[2] 2010. Intelligible Support Vector Machines for 

Diagnosis of Diabetes Mellitus Nahla H. Barakat, 

Andrew P. Bradley, Senior Member, IEEE, and 

Mohamed Nabil H. Barakat, IEEE Transactions on 

Information Technology In Biomedicine. 14(4). 

[3] 2017. Machine Learning and Data Mining Methods in 

Diabetes Research, Ioannis Kavakiotis, Olga Tsave, 

Athanasios Salifoglou, Nicos Maglaveras, Ioannis 

Vlahavas a , Ioanna Chouvarda b, Computational and 

Structural Biotechnology Journal. 15: 104-116. 

[4] 2013. Comparison of three data mining models for 

predicting diabetes or prediabetes by risk factors Xue-

Hui Meng, Yi-Xiang Huang, Dong-Ping Rao , Qiu 

Zhang , Qing Liu, *,Kaohsiung Journal of Medical 

Sciences. 29, 93e99. 

[5] 2011. Development of a Predictive Model for Type 

2Diabetes Mellitus Using Genetic and Clinical Data, 

Juyoung Lee a,*, Bhumsuk Keam b, Eun Jung Jang c, 

Mi Sun Park d, Ji Young Lee a, Dan Bi Kim d, 

Chang-Hoon Lee e, Tak Kim f, Bermseok Oh g, Heon 

Jin Park h, Kyu-Bum Kwack i, Chaeshin Chu c, 



                                VOL. 14, NO. 6, MARCH 2019                                                                                                                 ISSN 1819-6608 

ARPN Journal of Engineering and Applied Sciences 
©2006-2019 Asian Research Publishing Network (ARPN). All rights reserved. 

 
www.arpnjournals.com 

 

 
                                                                                                                                              1212 

Hyung-Lae Kim j, Public Health Res Perspect. 2(2): 

75e82. 

[6] 2004. Feature Selection and Classification Model 

Construction on Type 2 Diabetic Patient’s Data, Yue 

Huang 1, Paul McCullagh 1, Norman Black 1, and 

Roy Harper 2, P. Perner (Ed.): ICDM 2004, LNAI 

3275, pp. 153-162, 2004.© Springer-Verlag Berlin 

Heidelberg. 

[7] Ravindra Changala, D Rajeswara Rao. 2014. A 

Generalized Association Rule Mining Framework for 

Pattern Discovery published in Ravindra Changala et 

al, / (IJCSIT) International Journal of Computer 

Science and Information Technologies. 5(4): 5659-

5662, ISSN: 0975-9646. 

[8] Ravindra Changala, Annapurna Gummadi. 2012. A 

paper titled Classification by Decision Tree Induction 

Algorithm to Learn Decision Trees from the class-

Labeled Training Tuples published in International 

Journal of Advanced Research in Computer Science 

and Software Engineering (IJARCSSE), ISSN: 2277 

128X , 2(4). 

[9] Ravindra Changala and D. Rajeswara Rao. Evaluation 

and Analysis of Discovered Patterns Usingpattern 

Classification Methods in Text Mining. ARPN 

Journal of Engineering and Applied Sciences ©2006-

2018 Asian Research Publishing Network (ARPN). 

All rig. 


