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Abstract — Diabetes is a chronic disease with a number of possible contributing factors. In this research, the researchers use

multiple ensemblers to improve the accuracy of the models used in the previous studies while using the PIMA dataset. Using

feature engineering the accuracy of the K Neighbors Classifier, Random Forest Classifier, SVC, Logistic Regression, Decision

Tree Classifier, Bagging, Deep Learning Grid-Search.
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I. INTRODUCTION

Glucose is what provides our cells energy. Insulin, a
hormone made by the pancreas, helps glucose from food
to be used by the cells for energy. However, if the body
doesn't make enough (or any) insulin or doesn't use the
insulin produced well, glucose remains in the blood and
never reaches the cells, this condition is called Diabetes.
Having too much glucose in the blood is harmful for the
body as it can increase the chances of health problems
such as heart diseases, kidney diseases, eye problems,
nerve damage, foot problems and many more.

The estimated number of diabetics (including Type 1,
Type 2, Gestational, Monogenic and Cystic Fibrosis-
Related Diabetes) in India is estimated to be around 40
Million (over 30 Million have been diagnosed) making it
the country with the second highest number of cases in
one country in the World after China. The ninth edition of
IDF Diabetes Atlas estimated that India will remain in the
second slot up to 2045. It also predicts that the number of
Diabetes cases in India will be over 134 Million in the
next 25 years.

Out of the 40 Million diabetes cases currently estimated
in India, only 30 Million have been diagnosed. This
implies that about 10 Million people are still unaware
about diabetic conditions making them even more
vulnerable to the health problems associated with
diabetes.

In diabetes a delay in taking action can be fatal. In
addition to this, Dr. Sangeeta Kashyap an endocrinologist
at Cleveland Clinic in an interview with Healthline
mentioned, “If you follow the advice of your doctors and
nutritionist and make an effort to lose weight, diabetes
can be reversed by normalizing your blood sugar levels
without medication early in the course of the disease, that
is the first three to five years,” making early detection of
diabetes even more rewarding than it already was.

Feature Engineering is choosing the best from within the
existing set of features without considerably transforming
them.

Techniques for feature Engineering:

1. Filter Method: Chi-Square analysis/mutual
information statistical Technique to extract some
important features Embedded Method: Relevant
score is given to build Machine Learning which
decides important features .

2. Feature Extraction : Input features which are
often unrecognizable but represent patterns are
transformed into derived features.

3. Feature Combination Some features are
combined with one another to work better.

4, In this Research Paper we will use Feature
Extraction with Feature combination mainly on the
PIMA diabetic dataset.

5. All data can be distributed into Train, Test and
Validation ;

6.  Validation is used to evaluate different candidate
models as if only Test and Train will be there best
model will be chosen for Test. Overfitting in Test
data is possible. In this paper we have used K-fold
Cross Validation.

Problem with PIMA diabetic Dataset :

The PIMA contains the missing data, which is coded in
the form of zeros . Out of 768 cases in PIMA, the missing
value is found for 5 patients with glucose value of zero,
11 patients had a body mass index of zero, 28 patients had
a diastolic blood pressure of zero, 192 others had skin
fold thickness readings of zero, and 140 others had serum
insulin levels of 0, which is biologically impossible.

© 2020 USRET
1726



International Journal of Scientific Research & Engineering Trends
Volume 6, Issue 3, May-June-2020, ISSN (Online): 2395-566X

T I

Fig.1. Approach Flow-chart.

Il. ABOUT DATA SET

The PIMA dataset contains 768 instances of women of
ages 21 and above having these 8 attributes:

1. Number of pregnancies.

2. Plasma glucose concentration for 2 hours in an oral
glucose tolerance test.

3. Diastolic blood pressure in mm of Hg.

4. Triceps skin fold thickness in mm.

5. 2-Hour serum insulin in mu U/ml.

6. Body mass index

7. Diabetes Pedigree Function (It provided some data on
diabetes mellitus history in relatives and the
genetic relationship of those relatives to the patient).

8. Agein years

On examining the data, the following observations can be
drawn:

The number of pregnancy and age are integers.

Wherever a zero is present, there seems to be an error in
the data.

Certain attributes like BMI, blood pressure and glucose
are normally distributed.

Certain attributes like age, Diabetes Pedigree Function,
insulin and pregnancy are exponentially distributed.

Using extraTree classifiers we find that the most
important attributes are glucose, age, BMI, Diabetes
Pedigree Function and pregnancy.

I1l. EXPERIMENTS AND RESULTS

In recent years, research work has been done using base
classifiers and classifier ensemble alone on various

medical data sets including the Pima Indian Diabetes
Dataset. The accuracy of most of these classifiers is in the
range of 66.6% to 77.7%. The highest accuracy of
Logdisc algorithm is 77.7%.

In the Research paper, Exploring data Analysis is used
with different features and domain knowledge by which
we modified the data (Feature Extraction and Feature
Combination)

They have been fixed with a median of features
depending on their outcome (this has been taken out from
given data (PIMA)).

Insulin: 102.5 for a healthy person and 169.5 for a
diabetic person

Glucose: 107 for healthy person and 140 for a diabetic
person

Skin thickness: 27 for healthy and 32 for diabetic

Blood Pressure: 70 for healthy and 74.5 for diabetic
person

BMI: 30.1 for healthy and 34.3 for diabetic person

Scatter plot of Glucose V/S Age

e v Age

Fig.2. Glucose V/S Age.

On studying the scatter plot we discover that most non-
diabetic females in the study are concentrated in the

glucose <= 120 and age € [20,30].

According to Wikipedia "The body mass index (BMI) or
Quetelet index is a value derived from the mass (weight)
and height of an individual. The BMI is defined as the
body mass divided by the square of the body height, and
is universally expressed in units of kg/m2, resulting from
mass in kilograms and height in metres." 30 kg/m? is the
limit to obesity. If BMI is greater than or equal to 30, F2
would be 0. Else F2 will be 1.
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Scatter plot of Pregnancies V/S Age
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Fig.3. Pregnancy V/S Age

On studying the scatter plot we discover that most non-
diabetic females in the study are concentrated in the

Pregnancies € [0,6] and Age € [20,30].

Scatter plot of Glucose v/s Blood Pressure

On studying the scatter plot we discover that most non-
diabetic females in the study are concentrated in the
Glucose <= 105 and BloodPressure <= 80 mm of Hg
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Fig.4. Glucose V/S Blood Pressure.

If Skin Thickness is less than 20 mm, F5 would be 1
Else F5 will be 0.

Scatter plot of Skin Thickness v/s BMI

On studying the scatter plot we discover that most non-
diabetic females in the study are concentrated in the Skin
Thickness <= 20 mm and BMI < 30.

Scatter plot of Glucose v/s BMI
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Fig.5. Skin-Thickness V/S BMI.

On studying the scatter plot we discover that most non-
diabetic females in the study are concentrated in the
Glucose <= 105 and BMI <= 30

Iexn

Fig.6. Glucose V/S BMI.

If Insulin is less than 200 mu U/ml, F8 would be 1. Else
F8 will be 0.

If Blood Pressure is less than 80 mm of Hg, F9 would be
1. Else F9 will be 0.

If Pregnancies is less than 4 and not equal to 0, F10 would
be 1. Else F10 will be 0.

F11 = data['BMI'] * data['Skin Thickness']
Using Threshold feature engineering

If F11 is more than 1034 changeitto 1 else 0
F12 = data['Pregnancies'] / data['Age']

F13 = data['Glucose'] / data['Diabetes Pedigree Function']
F14 = data['Age'] * data['Diabetes Pedigree Function']

F15 = data['Age"] / data['Insulin']

© 2020 USRET
1728



International Journal of Scientific Research & Engineering Trends
Volume 6, Issue 3, May-June-2020, ISSN (Online): 2395-566X

Using these new features extracted from the previous ones
we can give more weightage to certain attributes and
make accuracy more than the previous paper , we use
cross validation k-fold method for determining the
accuracy(precision and recall)

We finally get accuracy of 88.67% with 28- neighbours
(KNN algorithm)

Best Score:@.8867413632119515
Best Parameters: {"knn__n_neighbors': 28}

Some of the base classifier and compared with the
bagging algorithm
ACCuracy: @.8737 (#/-

8.8889) [Mormal RandomFo rt*tc'a’sif:tr]
ACCurdcy: 8.8346 (/- 8.8

137) [Bageing RandomForestClassifier]

Accuracy: @.8281 (+
Accuracy: @.793 (+

- 8,8217) [Wormal Sve
2.8224) [Eagging SVC]

Accuracy: @.7657 (/- @.8212) [Normal LogisticRegression]
Accuracy: 8.73%5 (+/- @.8288) [Bagging LogisticRegression]

ACEUTBEY: €.984 |t
Accuracy: @.B4e3 (+

8.8131) [wormal DecisionTreeClassifier)
- @.8138) [Bagging DecisionTreeClassifier]

Training our model with deep neural network we came
with accuracy of 87.7%

We tried different models

To find the best_batch_size and best_epochs required we
made a model of layer (8,16,8) on kernel initializer =
'normal’, activation="relu’

optimizer = adam

# define the grid search parameters
batch_size = [16, 32, 64,128]
epochs = [2, 5, 10]

Best result got the accuracy of 85.68
Best Epoch =5 best batch size 16

-*> 0.6560033337533074, using {'oatch size') 16, 'mpochs’; 8
§2425948936 77368 (9, €3360411486582118) t" "bo:'.s &' 16, "epochs’s 2]
§563033337543978 (9.01508982330¢316938) with: {'bateh size': 16, ep:msli'

SIS (LSSEIE) it (S 5, 1)

—

’
-

o o

B.7371954738630426 (9, 0a43903827753 ».itﬂ' {‘oa:.'. sie’: 32, "epochs’: 2}
9.8254711828231811 Mr“'“*nsxlw---w {'batch size': 32, "epochs’: 5)
9.453504531998 1544 (9,0287020185% ~:: {'batch slze's 32, 'epochs’: 10}
87 (91020018466 with: ;'ca':'. s, es, "tpochs': 2)

3 8370
t?.'.a*“-

(2,023812870335908134)

..tr {"hat 4, 'epochs ' 5)

v 1'bate s | Size"s :.', '#pochs
(90417426587 ('batch size': 128, 'epochs’s 2)

3 (0,08707633630754878) with:! {'baten_size’s 128, 'epachs’s §)

wu;e ] 7;':;: (9,637284879388725334) with: {'batch size': 128, ‘epochs’: 10}

;
saeaa with:
835343 't

Giving the same condition (initializer and kernel) and
best_batch_size = 16 and best_epoch = 5 to finding
learning rate and dropout_rate

m
'|.='1' rate' 2Ea

earn_rake's .81}
learn rate': 8.1}

BEskD @, BEIB424775123597, using
35 [B.8L18R156311

Earn_rike’: @ ':-
Learn_rate': @1}

on's 'softean’, ‘inft
‘rely’, 'init
'reiv’', 'init": 'no
selu’, 'ind
k', 'injt':
s 'tank!, iadt!
on': 'tamh’, '3
1 'Hnear’,
¢ “linear', 'ieit
' 'Hneart, 'init's 'zerc’)

Best_activation function: tan(h)
uniform

and best_initialiser:

Now binding them together for best number of neurons in
different layer
Best: @,8815111057662964, ysing {'neurond’s 31, 'meuron2': 32, "neuron3’: 16}

Besti 8.E815201957652964, using {'neuronl': 32, 'meurond': 32, “neurgni'i 16}

MODEL ACCURACY
B BB 67T%
Fandom Forest Clazzifier BT 3T%%
Bagzing Pandom Forest Classifisr 23 46%
NG 22 B1%
Bagming 5VC To 30%
YomalLogstic Fageszsion TE 5T%
Bagring Logistic Ragression D D5%
Decizion Tres Clasifisr B8 46%
Bagming Diecizion Tres Classifisr 24 83%
MILP {3232,16F EE.15%
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