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Abstract - Diabetes is a continual health situation that involves how your corpse revolves foodstuff into power. Our body
severs most of the food we eat into glucose and discharges it into our bloodstream. When our blood sugar goes up, it signs our
pancreas to liberate the insulin. Insulin takes steps to permit the blood glucose into our body’s cells for use as liveliness. If the
patient has diabetes, the body cannot produce sufficient insulin. Unmanaged diabetes comes due to hunger, less-healing
wounds, frequent urination, more thirst, fatigue, itchy skin, dry and blurry revelation, etc. Hence detection of diabetes is a very
virtual role in our country and abroad. The proposed system is Improved Artificial Neutral Network (IANN), which used Pima

Indian Diabetes (PID) dataset to construct the deep network. Also, this research used the Weka tool to find the existing

classifier performance and proposed IANN outperforms compared to other algorithms.
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1. Introduction

Diabetes is a foremost community health problem,
evolving as a pandemic. An essential reason for fatness and
bulky weight is a body health inequity between calories spent
and charred up. Substantial activity is the unique backbone
for preventing diabetes mellitus. Decreasing body weight,
monitoring good health, decreasing energy and food intake,
and taking more fruits, vegetables, legumes, whole grains,
nuts and crops are vital for human life [1]. Rising indication
proposes that healthcare guidance can decrease alcohol
routinely, raise physical action, and progress the acceptance
of further needed lifestyle behaviors among patients. Even
though passing involvements and patient dealings can nature,
the increasing embracing of multiple changeable behaviors is
less healthy and considered for diabetes disease control and
prevention. This survey focused on patient interactions that
can positively impact prediabetes and motivate the patients to
modify their lifestyle behavior to reduce diabetes [2].

1.1 Type of Diabetes

Identified as Type 1 diabetes is attention to be an
autoimmune situation which attacks the mistakenly in your
immune system. Due to this, beta cells are damaged
permanently in the pancreas, which cannot produce insulin.
Incorrectly violent and obliterates the beta cells in the
pancreas that make insulin. The destroying the cells are
permanent. This kind of diabetes comes from genetic,
environmental and lifestyle factors.

Type 2 diabetes begins when the occurrence of insulin
resistance. Our body dismisses the insulin, and the pancreas
yields high insulin to unable to stock the further use and
which produces more blood sugar. Because of this situation,
insulin production is very lower. This type of diabetes comes
from genetics, more weight and obesity and a highly
sedentary lifestyle.

Gestational diabetes is caused by insulin-blocking
hormones, which happen during pregnancy. It is named
prediabetes, and a family history of diabetes. About 50 % of
trusted sources of people make a diagnosis of gestational
diabetes.

1.2. Diabetes Care

Care of diabetes is very important. When sugar can is
near standard, they get more energy to the body, are not tired
and thirsty, pass urine less often, have fewer bladder
infections and less casual of stroke, heart attack, and eye
problems. Get relief from the problem of kidney, teeth and
gum, eye and nerve damage and heal better. For removing
diabetes, the diabetes meal plan help, which is framed into
the health care team. Eat foods lower in calories, salt and
sugar. Do not use regular soda and juice. Drink water and eat
foods that look like vegetables, fruits, whole grains, bread
and cereals. When eating a meal, wheat pasta, brown rice,
fruits and vegetables, and beans can add to your food. Figure
1 shows the body components related to diabetics, and
Figure 2 represent the usage of food for diabetic patient.
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Fig. 2 Usage of food for diabetic patients.

2. Related Work

In the United States have diabetes for 37.3 million
trusted people. Five to ten percentages of people have type 1
diabetes, and ninety to ninety-five percentages of people are
affected by type 2 diabetes. Handling the major disease of
diabetes in elder persons can be inspiring due to combining
many diseases and age-associated incapacities, specifically
from the perspective of insulin treatment. Authors [1]
reviewed insulin usage on the healthcare side. Even though
the pervasiveness and difficulty of giving elder persons with
diabetes, there is an amazing absence of suggestions about
how persons handle their situations. The authors [2-5]
focused on insulin treatment-related problems. Jenifer
Florence et al. [36] focused on the diet, treatment and excise

r
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level of diabetic patients and their depression of the patients.
They proposed mixed-method learning in a rural greater than
30 years. The authors used the Wilcoxon rank test to analyse
the data. These sensitive techniques can decrease
complications and produce social support for diabetic
patients.

Xiangli et al. [43] reviewed the Glucagon-like peptide -1
receptor agonists, irrespective of their work of different
generic parts, major aids in decreasing the danger of the
complexity, particularly in innovative macro albuminuria
related to type two diabetes patients. AurelieBerot et al. [8]
focused on type 1 diabetes disease with the help of French
health insurance data over 2015. These works describe their
medical performance from 1997 to 2019 at Reims
University. The Champagne-Ardenne Diabetes Network
database =~ mines  scientific  and natural data.
AndapetronelaRadan et al. [9] mobilized pregnant women
with pre-existing diabetes. Also extant with added severe
illness, as associated with non-diabetic focuses. Now, the
recommendation is limited regarding the responsibility of
GD in the severity of Covaid-2 disease during pregnancy.
The authors applied the logistic regression of machine
learning algorithms and demonstrated that 34.6% of the
patients had gestational diabetes.

Gallagher et al. [41-42] surveyed about HbAlc.HbAlc
has been the same as plasma glucose. Due to this,
retinopathy grows rapidly [12]. A recent report from
Australia, the world health organization [12-14], says the
HbAlc test is better for predicting retinopathy and
microvascular complications. The HbAlc can analysis by the
diabetes team suggested that HbA1c is employed in the study
of diabetes, and research can make when the HbAlc point is
>6.5% and otherwise taken as intermediate hyperglycemia is
present [38]. HbAlc imitate the blood glucose meditation in
the earlier three months and gives normal and stable
hemoglobin. Hence this test is very powerful in imperfect
resource places [16-21].

Rimesh Pal et al. [39] experimented with the diabetic
ketoacidosis illness hyperglycemic hyperosmolar syndrome
for COVID-19 patients by diagnosing it with biochemical
parameters. The authors determined that the pH of patients
who died and were discharged from hospitals was lower. The
Covid-19 patients with people with diabetes are analyzed in
[23-26].

3. Materials and Methods
Before loading into the dataset in the Weka tool, the
dataset contains the following structure exposed in Figure 3.

First, upload the Pima Indian dataset into the python
Weka tool with the help of open file options. Figure 4
represents the Minimum, Maximum, Mean statistics and
Standard Deviation for the Pima Indian dataset.
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6,148,72,35,0,33.6,0.627,50,1
1,85,66,29,0,26.6,0.351,31,0
8,183,64,0,0,23.3,0.672,32,1
1,89,66,23,94,28.1,0.167,21,0
0,137,40,35,168,43.1, 2.288,33,1
5,116,74,0,0,25.6,0.201, 30,0
3,78,50,32,88,31.0,0.248,26,1
10,115,0,0,0,35.3,0.134,29,0
2,197,70,45,543, 30.5,0.158,53,1
8,125,96,0,0,0.0,0.232,54,1
4,110,92,0,0,37.6,0.191, 30,0
10,168,74,0,0,38.0,0.537,34,1
10,139,80,0,0,27.1,1.441,57,0
1,189,60,23,846, 30.1,0.398,59,1
5,166,72,19,175,25.8,0.587,51,1
7,100,0,0,0,30.0,0.484,32,1
0,118,84,47,230,45.8,0.551,31,1
7,107,74,0,0,29.6,0.254,31,1
1,103,30,38,83,43.3,0.183,33,0
1,115,70,30,96,34.6,0.529,32,1
3,126,88,41,235, 39.3,0.704,27,0
8.99,84,0,0,35.4,0.388,50,0

Fig. 3 Pima dataset unstructured manner

Choose |None Apply
Current relation Selected attribute
Relation: diabetes Attributes: 9 Name: Pregnancies Type: Numeric
Instances: 768 Sum of weights: 768 Missing: 0 (0%) Distinct: 17 Unique: 2 (0%)
Attributes Statistic Value
Al None Invert Pattern Minimum 0
Maximum 17
No. Name Mean 3845
1 Pregnancies StdDev 337
2 | Glucose
3 BloodPressure
4 SkinThickness
5 Insulin
6 | BMI
7| DiabetesPedigreeFunction
8 Age Class: Outcome (Nom) v Visualize All
9 | Qutcome

Status
OK

Fig. 4 Loading dataset

After loading the dataset, you can click the edit menu in Wekatool; it represents the content of the data in Figure 5.
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'Rela‘tion: diabetes

Mo. 1:Pregnancies 2:Glucose 3:BloodPressure 4: SkinThickness 5:lnsulin 6 BMI 7: DiabetesPedigreeFunction 8: Age 9: Outcome
Mumeric Mumeric Mumeric Mumeric Mumeric Numeric Mumeric Mumeric Mominal

1 6.0 148.0 720 35.0 0.0 336 0.627 50.0 yes
2 1.0 85.0 66.0 29.0 0.0 26.6 0.351 31.0 no

43 8.0 183.0 64.0 0.0 0.0 233 0.672 32.0 yes
4 1.0 82.0 66.0 23.0 94.0 28.1 0.167 21.0 no
5 0.0 137.0 40.0 35.0 168.0 43.1 2.288 33.0 yes
6 5.0 116.0 74.0 0.0 0.0 25.6 0.201 30.0 no
7 3.0 78.0 50.0 320 88.0 31.0 0.248 26.0 yes
8 10.0 115.0 0.0 0.0 0.0 353 0.134 29.0 no
9 2.0 197.0 71 Right click {or left+alt) for context menu 0.158 530 yes
10 8.0 125.0 96.0 0.0 0.0 0.0 0.232 54.0 yes
11 4.0 110.0 92.0 0.0 0.0 376 0.191 30,0 no
12 10.0 168.0 74.0 0.0 0.0 38.0 0.337 34.0 yes
13 10.0 139.0 80.0 0.0 0.0 27.1 1.441 57.0 no
14 1.0 189.0 60.0 23.0 846.0 30.1 0.398 59.0 yes
15 5.0 166.0 720 19.0 175.0 25.8 0.587 51.0 yes
16 7.0 100.0 0.0 0.0 0.0 30.0 0.484 32.0 yes
17 0.0 118.0 84.0 47.0 230.0 45.8 0.551 31.0 yes
18 7.0 107.0 T4.0 0.0 0.0 29.6 0.254 31.0 yes
19 1.0 103.0 300 380 83.0 43.3 0.183 33.0 no
20 1.0 115.0 T0.0 300 96.0 346 0.529 32.0 yes
21 3.0 126.0 88.0 41.0 235.0 39.3 0.704 27.0 no
22 8.0 99.0 84.0 0.0 0.0 354 0.388 50.0 no
23 7.0 196.0 90.0 0.0 0.0 39.8 0.451 41.0 yes
24 9.0 119.0 80.0 35.0 0.0 29.0 0.263 29.0 yes

Add instance
Fig. 5 before Normalization
&) Viewer

Relation: diabetes-weka.filters.unsupervised.attribute.Normalize-51.0-T0.0
Mo. 1:Pregnancies 2 Glucose 3:BloodPressure 4 SkinThickness 5 lnsulin 6: BMI  7: DiabetesPedigreeFunction 8: Age 9: Outcome

MNumeric MNumeric MNumeric MNumeric Mumeric  Numeric MNumeric Mumeric MNominal
688 1.05882352941.. 0.5376884... 0.409836065573.. 0.191919191919... 0.0 0.4217.. 0.0439795046968403 0.1333.. no
689 1.05882352941.. 0.7035175... 0.606557377049... 0.262626262626... 0.212765... 0.3591... 0.3202391118701964 0.0333.. no
690 1.05882352941.. 0.7236180.. 0.672131147540... 0.464646464646.. 0.212765.. 0.6870.. 0.10973526900085397 0.4166.. yes
691 1.47058823529... 0.5376884... 0.655737704918... 0.0 0.0 0.3666... 0.33219470538001705 0.2166.. no
692 1.76470588235.. 0.7939698... 0.934426229508... 0.0 0.0 0.6304.. 0.07643040136635354 0.3833.. yes
693 2.11764705882.. 0.6080402... 0.573770491803.. 0.323232323232... 0.112293... 0.5827... 0.34500426985482496 0.0333.. no
694 2.41176470588.. 0.6482412... 0.557377049180... 0.494949494949.., 0.147754... 0.5737... 0.15414175918018785 0.3666.. yes
695 2.11764705882.. 0.4522613... 0.491803278688... 0.0 0.0 0.3502.. 0.04824935952177626 0.0666.. no
696 1.41176470588.. 0.7135678... 0.737704918032... 0.242424242424... 0.567375.. 0.4530... 0.02134927412467976 0.3666.. yes
697 2.17647058823.. 0.8492462... 0.606557377049.. 0.191919191919... 0.147754... 0.4456... 0.08112724167378309 0.1666.. yes
698 0.0 0.4974874... 0.0 0.0 0.0 0.3725.. 0.07472245943637916 0.0166.. no
699 12.23529411764.. 0.6381909.. 0.721311475409.. 0.111111111111... 0.183215... 0.5141.. 0.2220324508966695 0.1166.. no
700 12.23529411764.. 0.5929648... 0.573770491803.. 0.0 0.0 0.6631... 0.35269000853970967 0.0833.. no
701 2.11764705882.. 0.6130653... 0.622950819672.. 0.272727272727... 0.236406.. 0.5350.. 0.17292912040990605 0.0833.. no
702 1.35294117647... 0.6281407... 0.639344262295... 0.313131313131... 0.0 0.47113.. 0.20794192997438082 0.4666.. yes
703 12.05882352941.. 0.8442211... 0.721311475409... 0.292929292929... 0.0 0.5216.. 0.35311699402220326 0.5166.. yes
704 2.11764705882.. 0.6482412... 0.0 0.0 0.0 0.5737.. 0.0964987190435525 0.3333.. no
705 2.23529411764.. 0.5527638... 0.622950819672... 0.202020202020... 0.118203... 0.4232.. 0.017079419299743805 0.1 no
706 12.35294117647.. 0.4020100.. 0.655737704918... 0.363636363636... 0.0 0.5931.. 0.042271562766865924 0.1166.. no
707 1.58823529411.. 0.5778894... 0.0 0.0 0.0 0.0 0.07813834329632792 0.15 yes
708 2.11764705882.. 0.6381909.. 0.377049180327.. 0.212121212121... 0.395981... 0.5126... 0.041844577284372325 0.0166.. no
709 1.52941176470.. 0.8241206... 0.6393442622095... 0.0 0.0 0.4888.. 0.02988898377455166 0.4 yes
710 211764705882, 0.4673366.. 0.524590163934... 0.323232323232... 0.189125... 0.5663.. 0.2544833475661828 0.0333.. yes
711 D.17647058823... 0.7939698... 0.524590163934... 0.131313131313... 0.457446.. 0.4649.. 0.09265584970111014 0.05 no

Add instance

Fig. 6 Content of PID dataset after normalization applied
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After loading the dataset, the pre-processing stage is
important. For any missing value, replace the lost value from
the Weka filtering. In this stage, inconsistent and incorrect
data are removed with the help of replacing missing values
and normalization from the Weka filters. No missing value in
the dataset. Hence normalization is applied for values lying
from zero to one. This is shown in below Figure 6.

The next step is to build the classifier model with the
help of classify tab. For training the classifier, the following
classifiers are used.

3.1. 1Bk Algorithm

IBk (Instance-Based learner based on k neighbor) is the
nearest neighbor approach; it uses distance measure and is
named a lazy learner algorithm. They explicitly gave the
number of nearest neighbors. Various algorithms can be used
to determine the nearest neighbor quickly. When the time of
classification, this algorithm provisions the dataset and
performs an action on the PID data instead of learning the
training set immediately.

# Instance Based Learner algorithm
Set of training sample DB
Let wl.... Wk represents the k instances from D
Nearest to wq return

Give the new data points to the group (Neighbor maximum)
Given query instance wy to be classified.

3.2. J-48 Decision Tree

The J48 decision tree on WEKA uses the Iterative
Dichotomiser 3 algorithm. Internal nodes of this decision tree
represent the various features, and a branch indicates the
observed samples. Finally, terminal nodes are the dependent
variable for predicted attributes, and other features are the
independent variables in the dataset. J48 is the operation of
the open-source C4.5 algorithm in Weka. It generates the
rules from Pima diabetic’s data. The training data is a prior
classified sample of set Z= {z1, z2,}. Each sample zi
contains an m-dimensional vector (y1, i, y2, i... ym, i) where
the yj shows the attributes for the corresponding sample. The
greatest information gain produces more classification
accuracy.

Steps to implement the J-48

When the instances belong to a similar class, the leaf
is labelled as a similar class

Information gain is measured for each feature from the
test on the features

Based on the currently chosen parameter, the best
feature is taken

3.3 0OneR Algorithm

This algorithm learns a one-level decision tree and
creates a group of rules which test the specific nominal
feature.
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Steps
= One division for each of the values of the features

Each division gives the most repeated class

Error rate: fraction of instances that don't fit into the

popular class of their equivalent division

Select the attributes with the lowest error rate

3.4. Multi-Layer Perceptron (MLP)

Multilayer perceptron uses backpropagation to learn the
classify instances. The network parameters are modified
throughout the training time and contain unthresholded linear
units of all sigmoids. Between nodes of initial weight is
adjusted, and the splitting data is shuffled with seed help.
The option Momentum means applied to the weight
updates—the classifier throughput when nominal features in
the dataset are increased to nominalToBinary pre-processing
filters. In the neural network, hidden Layers are positive
whole numbers, one indicates the presence of hidden layers,
and zero means no hidden layers. A simple structure of
Multi-Layer Perceptron and layer generations in Weka tools
are exposed in Figure 7 and Figure 8, respectively.

3.5. Random Forest

A random forest is a Machine Learning (ML) approach
utilized to resolve regression and classification problems. It
uses ensemble learning and associates more classifiers to
clarify multifaceted problems.
Implementation steps:

= Choose random K data points from the training set.
Construct the decision trees associated with the
chosen Subsets.
ChooseN for decision trees to build and repeat the
random K selection and build the decision trees.
For new data points, determine the predictions of
each DT, and consign the new data points to the
group that succeeds in the popular votes.

Weights

Output

Y
Input

Features

b9

x:

Fig. 7 Structure of the Mult-Layer Perceptron
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Preprocess  Classify ~ Cluster ~ Associate  Select attributes  Visualize
Tlassifier
Choose  |MultilayerPerceptron-L 0.3-M 02-N500-Y0-S0-E20-Ha

[est options Classifier output

Use training set Attrib Glucose

Supplied test set Set Attrib BloodPressure
Attrib SkinThickness
Attrib Insulin

Attrib BMI

(@) Cross-validation Folds | 5
Percentage split

More options...

-11.85477693945685
-1.9789632224056273
3.9193173483517105
1.3144209217406457
-5.649512329382993

Attrib DiabetesPedigreeFunction

-7.005454008988526

(Nom) Outcome

Start

Result list (right-click for options)
10:23:35 - trees J48

10:25:01 - lazy.IBk

10:34:19 - lazy.IBk

10:52:21 - treesJ48

10:58:16 - trees.RandomForest
11:02:54 - trees RandomForest

11:09:38 - functions.MultilayerPerceptron Sigmoid Node 6

Sigmoid Node 5
v

Attrib Age 4.298212502393039
Inputs  Weights
Threshold -6.3971520111613085

7.092862038667962
-10.482084730235492
5.8997086942163355
Attrib SkinThickness 0.9472307356459843

-1.7496632286921512
-5.930141431990668

attrib Pregnancies
Attrib Glucose
Attrib BloodPressure

Attrib Insulin
Attrib BMI
Attrib DiabetesPedigreeFunction -0.8438154732764928
Attrib Age -17.549549571669562
Weights
-2.680976261124792
-8.300419035259155
-5.585276088279831
Attrib BloodPressure 3.2507354425794555
Attrib SkinThickness 2.791884742094978
Attrib Insulin -7.860339851746224

Inputs
Threshold
Attrib Pregnancies

Attrib Glucose

Attrib BMI

-9.050989471473747

Attrib DiabetesPedigreeFunction

Attrib Age
Class yes

Input

Node 0

ST,

9.722584297111865

-2.8330512279929994

Fig. 8 Layers generation in MLP

3.5. NavieBayes Algorithm

A Naive Bayes classifier is called a probabilistic ML
model employed for classification jobs. The Bayes in Naive
Bayes comes from Bayes’ Theorem. Bayes’ Theorem defines
the probability of an occurrence according to prior
knowledge related to the event. Naive Bayes is a linear
classifier.  Naive Bayes used alpha and beta
hyperparameters to adjust for smoothing out. Due to this
process, the training set can optimize.
Implementation steps:

= Separate using class labels.

Ve

Importing Modules
(Python Libraries)

L

Loading the PID dataset

Input and Output separation

v

Splitting Training and Testing data

|
|
|
|

.

= Review the dataset and data by class
= Apply probability distribution function L
= Class Probabilities.

3.6. Proposed Improved Artificial Neural Network (
This proposed research uses the PID dataset to construct

the neural network. Python contains numerous build

libraries. Panda’s library is used to load the PID dataset. For \.

mathematical calculation, Numpy is used. The keras model
is used to construct the deep neural network. After importing
libraries and loading the dataset, we need to separate the
input and target fields. The proposed model flow and
architecture are shown in Figure 9 and Figure 10.

172

Building Improved
Artificial Neural Network (IANN)
(Activation Fn: relu and Sigmoid)

~N

.

Validated IANN by splitting training
and testing data, Cross Validation

~

J

Fig. 9 Proposed Improved Artificial Neural Network
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Data may be separated into training and testing data to
build the classification model. In model building, activation
functions are essential features in artificial neural networks
(ANN). This research used ReLU and Sigmoid functions to
construct the model. In ANN, the activation function
describes the output of that node specified as an input set.
Tensor flow is the framework to implement the deep learning
model.

Input
featurt

Input Output

Ieaturé

Input
eatur
3

Output
Layer Input

Input
Layer

Hidde
Fig. 10 Layer description

Table 1. Algorithm pseudo code to find Training accuracy and Testing
Accuracy

Table 2. Algorithm pseudo code to find Training accuracy and Testing
Accuracy

#import the python libraries
Numpy, Pandas, tensorflow, Keras and Sklearn
Loading the diabetes dataset
# Separating the input and output attributes
Predictor = df.iloc[;, :-1]
output = df.iloc[:,8]
# Split the training and testing data
W_train_A, Z test, Z train_B, Z test=
train_test_split(Predictor, output,
random_state=42)
W_train, W_valid, Z_train, Z_valid =
train_test_split(W_train_A, Z_train_B,
random_state=42)
# Model creation
Numpy. random.seed(7)
tensorFlow.random.set_seed(7)
modeliann =Sequential()
modeliann.add(Dense(15,input_dim=8,
activation="relu"))
modelann.add(Dense(10,activation=relu"))
modeliann.add(Dense(8,activation="relu"))
modeliann.add(Dropout(0.25))
modeliann.add(Dense(1, activation="sigmoid"))
Find Training accuracy and Testing Accuracy

#import the python libraries
Numpy, Pandas, tensorflow, Keras and Sklearn

Loading the diabetes dataset
# Converting the dataframe into an array

Predictor = df.iloc[:, :-1]

Target = df.iloc[:,8]
cvscoress = []

W=np.array(Predictor)

Z=np.array(Target)
# Cross validation
fkfold = StratifiedKFold(n_splits=10, shuffle=True,
random_state=7)
# Model creation
for ftrain,ftest in fkfold.split(W, 2):
modeliann=Sequential()
modeliann.add(Dense(15,input_dim=8,
activation='relu"))
modeliann.add(Dense(10,activation="relu'))
modeliann.add(Dense(8,activation="relu"))
modeliann.add(Dropout(0.25))
modeliann.add(Dense(1, activation='sigmoid"))
#Compile the model
Modeliann.compile(loss="binary_crossentropy",
Optimizer="SGD",
Metrics=['accuracy'])
modeliann.fit(W[ftrain], Z[ftrain], epochs=20)

scores = modeiann.evaluate(W([ftest], Z[ftest],
verbose=0)
print("%s: %.2f%%" % (modeliann.metrics_names[1],

scores[1]*100))
cvscoress.append(scores[1] * 100)
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The proposed architecture is a modified MLP, which
uses four hidden layers. Sigmoid and Relu activation
functions are used.

Table 1 shows the algorithm pseudo code to find the
proposed work's training and testing accuracy. Step 1
Imported the python libraries and loaded the PID dataset.
After loading, separate the train data and test data. Then
proposed model is created with four hidden layers and
epochs is 200. Finally, the user gets the accuracy of the
classifier. Table 2 shows the algorithm pseudo-code for
cross-validation measures. Here K-fold, split=10 and
epochs=20 are used.

4. Experimentation and Results

Experiments can be carried out using the python Weka
machine-learning tool. Then test the performance of the
different classifiers derived from machine learning.

4.1. Dataset Description
The proposed techniques emphases on diabetic patients
in instructing them to deliver a sufficient analysis. Pima
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Indians Diabetes (PID) is a benchmark dataset from the UCI
ML repository [30-32]. It is used as training and test data for
predicting the model. This data contains patients who are
females at least 21 years old of Pima Indian heritage. Every
suffering from diabetics, disease person is sharp through 8
descriptors and 2 classes. The patient proves signs of
diabetes based on the World Health Organization (WHO)
norms. Table 3 and Table 4 represent the information about
the PID benchmark data.

Table 3. Features of the Pima Indian diabetes

No. of Name of the Descriptions
Features feature
w1 Pregnancies for | Number of times pregnant
Women
w2 Glucose Level | Plasma glucose
concentration a 2 hours in
an oral glucose tolerance
test
w3 Blood Pressure | Diastolic blood pressure
(mm Hg)
w4 Skin Thickness | Triceps skin fold thickness
(mm)
W5 Insulin level 2-Hour serum insulin
(mu U/ml)
W6 BMI Body mass index
(weight in kg/(height in
m)"2)
w7 Diabetes Diabetes pedigree
Pedigree function
Function
w8 Age of patient | In years
4 Outcome-class | Oorl
variable

Table 4. Parameter of the Pima Indians Diabetes benchmark dataset

Dataset | Samples | Descriptors | Number Classes
of
features

Pima 768 8 9 2

Indians

diabetes

4.2 Measure Used

4.2.1. Precision

Proportion of appropriately identified positive

interpretations to all expected positive observations as shown
below Equation (1).

Precision = L 1
recision = TP + FP ( )
4.2.2. Recall

Proportion of appropriately forecasted positive

interpretations to the total observation in the actual class as
represented in Equation (2).
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TP

Recall = m

(2)

Here TP: True Positive, FP: False Positive, TN: True
Negative and FN: False Negative

4.2.3. F-Measure
Weighted average of precision and Recall false positives
and false negatives are considered. It is given by Equation

@3).

2(Recall * Precession)

F — Measure: 3

(Recall + Precission)

4.3. Experiment Result and Discussion

The experiment result shows different data mining
results of classifier measures for NaiveBayes (NB),
MultiLayer Perceptron (MLP), OneR, J48 1Bk, J48, OneR,
MultiLayer Perceptron (MLP), RandomForest (RF),
MultiLayer Perceptron (MLP), and NaiveBayes (NB)
algorithms using Weka for 5-fold and 10-fold measures of
cross-validation, which are shown in Figure 11 and Figure
12 respectively. NaieBayes makes superior classification
outcomes and is compared to other algorithms in the Pima
diabetic dataset. The throughput of the classifier using 5-fold
cross-validation is represented in Table 5. NaiveBayes
produces 76.30% of the data correctly classified among all
the classifiers. Similarly, from available classifiers, NB
produces a better result of 76.30% as a correctly classified
instance among all the classifiers in the class label as an
outcome in the PID dataset using the cross-validation of the
10-fold test, which is represented in Table 6

1Bk RF NB

148 OneR MLP
| Classification Result for 5-Fold Cross Validation Correctly
classified (%)

90
80
70
6
5
4
3

=N
O O O O O o o

m Classification Result for 5-Fold Cross Validation Incorrectly
classified (%)

Fig. 11 Classifiers - 5-Fold Cross Validation
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Table 5. Correctly and incorrectly classification using 5-Fold Cross

Table 7. Precision, Recall and F-Measure Performance of Classifier - 5-

Table 6. Correctly and incorrectly classification using 10-Fold Cross

Validation
- Incorrectl
Classifiers Correctly Classified Classified):nstance
Instance (%0)
(%)

IBK 70.18 29.81
OneR 70.83 29.16
J48 73.82 26.17
MLP 75.13 24.86
RF 75.91 24.08
NB 76.30 23.69
100

80

60

40

N
o

1Bk

X II II II

OneR

148

II
MLP

II II
RF NB

m Classification Result for 10-Fold Cross Validation
Correctly classified (%)

m Classification Result for 10-Fold Cross Validation
Incorrectly classified (%)

Fig. 12 Classifiers using 10-Fold Cross Validation

Table 7 and Table 8 show different data mining results
of classifier precision, recall and F-Measures for NaiveBayes
(NB), MultiLayer Perceptron (MLP), OneR, J48 1Bk, J48,
OneR, MultiLayer Perceptron (MLP), RandomForest (RF),
MultiLayer Perceptron (MLP), and NaiveBayes (NB)
algorithms using Weka for 5-fold and 10-fold cross-
validation measures. NaiveBayes produces the highest value
of 67.8% precision, 61.2% recall and 64.3% F-measure
among other available algorithms in 5-fold cross-validation
and 67.6% precision, 61.6% recall and 64.5% F-measure
among other available algorithms in 10-fold cross-validation.

Validation Fold Cross Validation

Correctly Incorrectly Name of the Precision Recall F-Measure
Classifiers Classified Classified Classifiers

Instance (%) Instance (%0) OneR 62.4 48.9 54.8
IBK 70.31 29.68 IBk 58.1 53.4 55.6
J48 71.22 28.17 J48 58.5 60.4 59.4
OneR 71.87 28.12 Multil 62.2
MultiLayer L aer 64 60.4

Y/ perceptron
P i MLP 74.34 25.65
erceptron ( ) RandomForest 66.3 63.1 64.6

?;EfomFOFGSt 7591 24.08 NaiveBayes 67.8 61.2 64.3
NaiveBayes (NB) 76.30 23.9 Table 8. Precision, Recall and F-Measure Performance of Classifier-10-

Fold Cross Validation

Name of the .. F-Measure
- Precision | Recall

Classifiers

OneR 60.5 47.4 53.1

IBk 58 53 55

J48 63.2 59.7 61.4

MLP 65.3 61.2 63.2

RF 66.7 61.9 64.2

NB 67.6 61.6 64.5

The classifiers' error rate is demonstrated in Table 9 and
Table 10 for 5-fold cross-validation and 10-fold cross-
validation, respectively. The MAE of NB in 5-fold cross-
validation and 10-fold cross-validation, a value of 28.43, is
obtained. Hence, the error rate of NB is highly reduced
compared with all other available algorithms.

Table 9. Classifier Error Performance using 5-fold cross-validation

Classifiers | One | J-48 | RF IBk | MLP | NB
in % R

Mean 348 | 32 31.23 | 29.7 | 29.3 | 28.43

Absolute 3 6

Error

(MAE)

Root Mean | 28.1 | 46 40.45 | 544 | 415 | 41.69

Squard 3 8

Error

(RMSE)

Relative 530 | 71 68.70 | 65.4 | 64.5 | 62.47

Absolute 3 8

Error

(RAE) (%)

Table 10. Classifier Error Performance using 10-fold cross-validation
Classifiers | J-48 | IBk OneR | MLP | RF NB
in %

MAE 32.19 | 29.88 | 29.12 | 29.38 | 31.29 | 28.43
RMSE 46.45 | 54.53 | 54.01 | 42.36 | 40.52 | 41.69
RAE 70.81 | 65.73 | 64.17 | 64.64 | 68.84 | 62.54
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Fig. 13 Visualization of PID dataset features
14/14 [ ] - @s 5ms/step - loss: ©.40893 - accuracy: ©.8832 - val loss: 8.4659 - val acc =~~~ 772
O cpoch ro=8%
poch 193/200
14/14 [ ] - @s 7ms/step - loss: ©.4184 - accuracy: 0.8056 - val loss: 0.4659 - val accuracy: 0.7778
Epoch 194/208
14/14 [ ] - @s sms/step - loss: ©.4296 - accuracy: ©.8832 - val loss: 8.4662 - val accuracy: 0.7778
Epoch 195/200
14/14 | ] - @s 6ms/step - loss: ©.3964 - accuracy: ©.8879 - val loss: 8.4664 - val accuracy: 0.7778
Epoch 196/200
14/14 [ ] - @s 6ms/step - loss: @.40871 - accuracy: 0.8241 - val loss: 8.4669 - val accuracy: 0.7778
Epoch 197/208
14/14 [ ] - @s 5ms/step - loss: ©.4@55 - accuracy: 0.8056 - val loss: 0.4665 - val accuracy: 0.7778
Epoch 198/200
14/14 | ] - @s 5ms/step - loss: ©.4158 - accuracy: ©.7894 - val loss: 8.4675 - val accuracy: 0.7708
Epoch 199/200
14/14 [ ] - @s sms/step - loss: ©.407@ - accuracy: 0.8194 - val loss: 8.4673 - val accuracy: 0.7778
Epoch 200/200
14/14 [ ] - @s 5ms/step - loss: ©.4317 - accuracy: 0.7986 - val loss: 0.4666 - val accuracy: 0.7778

Fig. 14 Training and Testing Accuracy of IANN

Visualization of data is an essential part of data science.
It supports knowing data and can be used to explain the data
to a new person. The visualization of all features in the PID
dataset is shown in Figure 13.

IANN evaluated the model with training and
validation accuracy. It is represented in Figure 14 with
an epoch of 200. This deep learning model produces a
training accuracy of 79% and a testing accuracy of
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77%. Hence, this model produces the highest accuracy
compared to existing algorithms. Figure 15 shows the
result of the proposed classifier, which produces 83%
precision, 81% recall, and 82% F-Measure. The
proposed IANN produces good precision and F-
measure compared to the existing NB. Figure 16
exploded the proposed IANN 10-fold cross-validation
results. The 10" fold gets 69.74% accuracy, and the
average accuracy is 66%.
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v ° print(classification_report(results,y test))

C precision recall fi1-score  support
Q 0.83 0.81 9.82 126

1 0.65 0.68 0.67 66

accuracy 0.77 192

macro avg 8.74 0.75 0.74 192
weighted avg 0.77 0.77 0.77 192

Fig. 15 Proposed work-classifier results.

£if s |================s==============| - W5 ZMS/STEP - LOS5! W.b5Y/ - ACCUPECY: W.bsl/
o Epoch 13/28
22721 [==============================] - @s 2ms/step - loss: B.6593 - accuracy: B.56532
Epoch 14/26
22721 [==============================] - @s 3ms/step - loss: B.6553 - accuracy: B.56532
Epoch 15/26
22/21 [==============================] - 85 2ms/step - loss: 8.6566 - accuracy: 8.6517
Epoch 16/26
22/21 [==============================] - @5 2Zms/step - loss: ©.6539 - accuracy: 8.6532
Epoch 17/2@
22/21 [s==s======s====s=ss=ss=s==========)] - @5 2ms/step - loss: B.6565 - accuracy: 8.6474
Epoch 18/2@
22/21 [==============================] - Bs 2ms/step - loss: B.6528 - accuracy: B.B5532
Epoch 19/2@
23/3) [==============ccococoooooooo=c] - Bs Ims/step - loss: B.8518 - accuracy: 8.6832
Epoch 26/26
22/21 [==============================] - 85 Ims/step - loss: 8.6515 - accuracy: 8.6532

accuracy: 69.74%

65.508% (+/- 1.65%)
Fig. 16 Result of 10 fold cross validation

Bayes model produces good performance compared to other

5. Conclusion and Future Direction existing models. Our proposed improved artificial neural

This research uses the PID dataset to build the deep ~ network model is designed as a modified ANN using multi-

learning model for diabetic classification. The Weka tool is  layer perceptron, producing 79% training accuracy and 77%

used to build the classifiers for 1Bk, OneR, J48, Multilayer ~ testing accuracy. Furthermore, this work can be extended
Perceptron, RandowForest, and Naive Bayes. The Nave using a huge dataset and deep learning techniques.
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