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Abstract:

Manual classification of disease into different classes based on
residential patient areas is a tedious task and may vary depending
on the scenario studied. Therefore, the standard Naive Bayesian
classification algorithm was used to classify the disease based on
several characteristics that represent their residential areas and
their numbers, and for quick and easy prediction also in the process
of classifying the areas most susceptible to chronic disease, and
the importance of the study lies in reducing the normal manual
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work. A methodology focused on the problem of extending the
traditional naive Bayesian model was used to classify uncertain
data. The main problem of the naive Bayes model is estimating
the conditional probability of the class, and estimating the kernel
density is a common method so the kernel density estimation
method has been extended to deal with uncertain data.This
reduces the problem to considering double integrals. For finite
kernel functions and probability distributions, the double integral
can be evaluated analytically to give a closed formula, allowing
an efficient formula-dependent algorithm in general, however,
double integral cannot be simplified in closed forms. In this case, a
sample-based approach is proposed.The remarkable experimental
results also indicate that the proposed classification method can be
promising and can be applied elsewhere and help in the diagnosis
process by patient area. The Naive base algorithm was used to
validate the proposed method experimentally to be 90% accurate,
which proves its efficiency.
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Problem statement :

Difficulty dealing with small-scale data and forecasting
multiple, overlapping categories

It is difficult to classify the areas most susceptible to chronic
diseases.
Aims of this paper :

Extending the traditional, naive Bayesian model to classify
uncertain data

Easy and fast prediction of data set category

Improving the condition of categorical variables compared to
numerical variables
Introduction:

Naive Bayes is a classifier using probability and statistical
methods proposed by a British scientist, Revered Thomas Bayes %,
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Naive Bayes often works much better in many complex real-world
situations than might be expected V.

Naive Bayes is a popular model in Machine Learning
applications because of its simplicity in allowing all attributes
to contribute to the final decision equally. This simplicity is
equivalent to computational efficiency, which makes the Naive
Bayes technique attractive and suitable for various fields.

Naive Bayes is a subset of Bayesian decision theory. It’s called
naive because the formulation makes some naive assumptions.
Python’s text-processing abilities which split up a document into
a vector are used. This can be used to classify text. Classifies may
put into human-readable form.It is a popular classification method
in addition to conditional independence, overfitting, and Bayesian
methods. (2

Considering a set of objects, each of which belongs to a
known class, and each of which has a known vector of variables,
the aim 1is to create a rule which enables to allocate future objects
to a class, given just the vectors of variables marking out the future
objects. These problems are known as —supervised classification
probleml, are worldwide, and most of the methods for constructing
such rules have been developed. It is very easy to establish, and
no need any complicated repetitive parameter estimation schemes.
This means it should be applied to huge data sets. It is easy to
interpret, so unskilled users in classifier technology can make out
the reason for it 1s making the classification it makes. Finally, it
often does surprisingly well: it should not be the best possible
classifier in any particular application, but it can usually be relied
on to be robust and to do well.

ClassificationMethodology :

Naivebayesalgorithm

TheBayesTheoremformulaisasfollows:

It provides a method for calculating the suffix P (¢ | x) from P
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(c), P(x),and P (x | ¢). Look at the equation below:

Class Prios Probabilit)
Likelihood 7 T
"

P(x| ) P(c)
P(x) s

Posterior Probability Predictor Prior Probability

Plc| x)=
l

Ple|X) = P(x, | €)= P(x, |e)x---x P(x_|c)x P(c)

Where:
P(c | x) is the posterior probability of class (target) for the
given predictor (attribute).

P(c¢) 1s the prior probability of class.

P(x | ¢) is the probability which is the probability of expecting
a given class.

P(x) is the previous probability of the prediction.

Analysis and discussion

TrainingandTestDataSetSamples:

The followingisthe sample ofthe training group corresponding
to the selection of the most common chronic disease in the eastern
regions. The table clearly shows the different features used for the
classification and the nature dependent on the application. The
test data is also similar to the training data without class column
which will be predicted with the help of the implementation of the
algorithm described below.

Using the probabilities estimation below :

( chronic diseases = asthma , number of patients= 15, areas

of injury= East )
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Tablel : Data set

Chronic diseases Num.b er of | Areas of inju- class
patients ry

Heart diseases 17 The West high
Stroke 15 The South medium

Depression 17 The East low

Asthma 17 The East high

Lug cancer 25 The West high

Stroke 18 The North low

Asthma 15 The East high

Asthma 22 TheEast low

Although the number of crisis patients is large in the eastern region,

the disease is classified as belonging to the LOW category because

of the field of specialization that depends on the application.

Step 1 : We calculate the probabilities of the target

attribute values :

P(high) =40.5 =8/
P(medium) = 10.1 = &/
P(low) =30.3 =8/
Create probability table(2,3,4)(likelihood ) :

Table 2:
Predicted expected Low high medium
Heart diseases 0/3 1/4 0/1
Stroke 1/3 0/4 /1
Depression 1/3 0/4 0/1
Lug cancer 0/3 1/4 0/1
asthma 1/3 2/4 0/1
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Table 3:
Number of patients Low high medium
15 0/3 1/4 1/1
17 1/3 2/4 0/1
22 1/3 0/4 0/1
25 0/3 1/4 0/1
Table 4:
Areas of injury Low high medium
The West 0/3 2/4 0/1
The south 0/3 0/4 1/1
The north 1/3 0/4 0/1
The East 2/3 2/4 0/1

Classification result:

P(high\new instance)= P(high)*P(chronic diseases = asthma\
high)*P(number of patients= 15/high)*P(areas of injury=east/high )

P(high)= 0.5*%(20.0312=(4/2*4/1* 4/

P(medium\new instance)= P(medium)*P(chronic diseases =
asthma\ medium)*P(number of patients= 15/ medium)*P(areas of
injury=east/ medium )

P(medium)= 0.1*(00=(1/0*1/1* 1/

P(low\new instance)= P(low)*P(chronic diseases = asthma\
low)*P(number of patients= 15/ low)*P(areas of injury=east/ low )

P(low)= 0.3*(10=(3/2*3/0* 3/

Then P(high) > P(low) & P(medium)

Results:
Study results based on previous experience
1. So the crisis is most prevalent in the east (Chronic
diseases are categorized into different categories based
on Relevant traits as the number of disease-related traits
is increased to determine the original knowledge of the
disease and categorized accordingly)
2. When the independence assumption is held, the naive
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Bayes classifier performs better compared to other models
such as logistic regression and requires less training data.

3. Theabove improved algorithm can be applied to any region

of the world, where the algorithm has been improved by
applying it to multiple samples of a data set andGet faster
when training and query large numbers

4. Facilitate the diagnosis process according to the region.

Recommendations:

Using more than one data mining algorithm with multiple
classification tasks to learn how to interact with properties and for
further development and improvement.
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