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Abstract: In this research, we propose an integrated 
classification GANB algorithm that combines a feature extractor 
with a classifier to construct a classification model. The feature 
extractor automates the examination of raw pre-processed 
unstructured documents. Following feature extraction, 
categorization generates meaningful classes based on the supplied 
features. The study uses a genetic algorithm (GA) for feature 
extraction and Naïve Bayes(NB) for classification purposes. The 
simulation evaluates the suggested classification model's 
accuracy, sensitivity, specificity, and f-measure using various 
performance indicators. Over the Medline cancer datasets, the 
suggested GANB gets a higher classification rate than existing 
approaches. 

Keywords: Genetic Algorithm, Naïve Bayes, Feature 
Extraction, Classification  

I. INTRODUCTION 

To improve quality, compare efficacy research, 
evidence-based medicine, and set up solid genomic analysis 
phenotypes, where online data are increasingly important. 
Unfortunately, most online data implementations have been 
conceived to enable one-on-one interactions and not support 
aggregated data analysis as many secondary uses require. 
Consequently, efforts to clinical information must confront a 
few widespread data standards and large amounts of 
potentially helpful information stored as free, structured text 
[1]. Researchers have responded by inventing and using 
information retrieval (IR) technologies, including natural 
language processing (NLP), information extraction, and 
machine learning methods. Despite the fact that there have 
been over 20 years of experiments in IR performance, the 
complexity of the task and technical limitations to accessing 
clinical IR technologies have precluded broad application 
and translation. There exist several classification algorithm 
[2] – [5], where most of the methods depend on machine 
learning models like GA [6-10]. However, most of the ways 
stuck with the local optimum solution. The study proposes a 
document classification paradigm that includes stemming, 
stopword elimination, tokenization, filtering, and 
classification. Furthermore, the categorization of Medline 
document collections is improved by feature extraction 
utilizing evolutionary algorithms and Nave Bayes' 
classification goals.  
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The main contribution of the work involves using a Genetic 
Algorithm for the feature extraction of documents and Naïve 
Bayes for the classification of cancer documents from 
Medline document datasets. The following is the outline for 
the paper: The proposed categorization model is shown in 
section 2. Section 3 assesses the entire project, while section 
4 summarises the findings. 

II. PROPOSED METHOD 

Figure 1 depicts the suggested method's design. The study 
first evaluates the Medline datasets and offers training data 
before allocating some of the newer cases for testing. The 
architecture first pre-processes the raw documents using a 
filtering procedure to remove any empty/redundant or null 
subsets. It then employs GA [6] - [10] feature selection to 
filter out the features relevant to the cancer datasets and 
exclude them. Finally, a classifier uses the NB [11-19] 
classifier to separate the papers into cancer and other groups. 

 
Fig.1. Proposed Model 
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2.1  GA Algorithm 

GA is a meta-heuristic algorithm that is based on the Darwin 
theory of natural evolution, where the fittest survival by the 
method of natural selection. Genetic optimization essentially 
solves the high-quality solutions to these problems and the 
search issues depend on genetic operators like selection, 
crossover and modification. 
Selection: Selection of two best chromosomes through the 
selection operator will lead to the reproduction. The best 
chromosomes for reproduction are therefore selected more 
often. 
Crossover: This operator brings together the two-selected 
chromosome to produce offspring that holds the parent 
chromosomal features. Alocus in both the chromosome and 
bits are exchanged to produce two descendants. 
Mutation: The reduction in local optimum solution for the 
problem is lowering the transformation process. This 
operator modifies the newly generated offspring by switching 
random from 0 to 1 bits. This is where the likelihood of P(m) 
mutation is set at low (as 0.05). 
The phases of GA's algorithm for addressing optimization 
problems for document classification are as follows: 
Step 1. Population or feature setXgeneration with 

chromosomes P 
Step 2. Compute the fitness values ffor entire 

chromosomes  
Step 3. OffspringProduction X.  
Step 4. Perform the selection and crossover  
Step 5. Perform the mutation operation.  
Step 6. Find the rand value  
Step 7. Fix mutation probability P(m) as 0.05.  
Step 8. If rand<P(m)  
Step 9. X=X+(P(m)*rand)  
Step 10. End  
Step 11. Update current population with new ones.  
Step 12. Continue till stopping criterion. 

2.2 Naïve Bayes Classifier 

The Naive Bayes Approach (NBA) is a transparent classifier 
that gathers data in both numerical and textual formats. When 
compared to various spare allocation systems, it is trivial to 
actualize and computationally inefficient. One of the most 
significant barriers to the classifier's performance, when 
lineaments are tightly coupled, is that it executes incorrectly. 
As a result, examining the frequency of phrase contingency 
in the feature vector is a mistake. The Naive Bayes category 
method's duct disadvantage and similarly low type of entire 
are equivalent to other discernment procedures NBA has 
made significant progress in a variety of exploratory projects 
(Friedman, Sahami, McCallum and Nigam, Mladenic, 
Craven, Nigam ) was used as a yardstick in others (Twycross 
and Cayzer 2002), (Yang et al. 2002).                             

    (1) 
Using an NBA, the operation starts by creating a probability 
distribution based on the set of guidance papers. This 
distribution is called a prior distribution. When a recent test 
testimony is taken into account, equation (1) is used to divide 
it, and the previous dispensation is remodeled into a posterior 
distribution. According to supposition, NBA has the least 
error among all the alternative classifiers. Nonetheless, 

according to a convention, it is impossible to consistently 
estimate appearance and class conditional independence. NB 
classifies the features referring to Bayes theorem with naïve 
independence assumption [15]. The NB classifier is accurate 
and speedy in classifying the features. The formula of NB is 
given as follows, where it is defined as a simplification model 
for classifying the documents.  
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The value of P(a1,a2,…..,an) over individual Vj is considered 
similar, where the value is omittedsuch that the Eq.(2) is 
modified as follows: 
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In each word of documents <a1,a2,an> is considered 
independent, where (Vj|a1,a2,an) P(Vj) in following equation is 
represented as. 
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In themeantime, the P(vj) is found w.r.t. training data, where 
the value is given as: 
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III. RESULTS AND DISCUSSIONS 

The study uses the proposed classification method to 
retrieve documents from a vast online database in this 
section. In addition, the researchers used cancer-related 
documents from the Medline database to test the system's 
performance. The study's success is measured using a variety 
of measures, including accuracy, sensitivity, specificity, 
F-measure, and geometric mean. 

Table.1. Clustering Accuracy 

Documents GA NB GA-NB 

100 documents 0.812 0.827 0.857 

 500 documents  0.751 0.764 0.792 
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Table.2. Sensitivity 

Documents GA NB GA-NB 

100 documents 0.801 0.812 0.849 

 500 documents  0.735 0.752 0.781 

Table.3. Specificity 

Documents GA NB GA-NB 

100 documents 0.792 0.804 0.817 

 500 documents  0.741 0.742 0.774 

Table.4. F-measure 

Documents GA NB GA-NB 

100 documents 0.782 0.792 0.801 

 500 documents  0.741 0.756 0.762 

 
Table 1 shows the classification accuracy over Medline 
datasets between the proposed GA-NB and other existing 
methods. The results of classification accuracy shows that the 
proposed method achieves higher rate of accuracy on all 
document classification than existing methods. 
Table 2 shows the sensitivity over Medline datasets between 
the proposed GA-NB and other existing methods. The results 
of sensitivity shows higher rate of sensitivity on all document 
classification. 
Table 3 shows the specificity over Medline datasets between 
the proposed GA-NB and other existing methods. The results 
of specificity on Medline datasets shows higher specificity on 
all document classification. 
Table 4 shows the F-measure over Medline datasets between 
the proposed GA-NB and other existing methods. The results 
of F-measure shows high f-measure value on all document 
classification. 

IV. CONCLUSIONS 

The paper develops an integrated classification model with 
pre-processing, feature extractor and classifier for document 
classification. The feature extraction using genetic algorithm 
and classification purpose for Naïve Bayes improves the 
classification of Medline document datasets. The simulation 
shows that the proposed GANB classification model obtains 
higher accuracy, sensitivity, specificity and f-measure. To 
arrive at a universal framework for document organisation 
and classification, a study plan has been presented. Taking 
into account all of the preceding categories, the framework 
will employ various contextual characteristics while taking 
domain expertise into account to determine which features or 
combinations of features are most appropriate. Using 
classification accuracy, precision, sensitivity, specificity 
analysis, and datasets from the machine learning repository, 
the proposed GANB methods are compared to those of 
existing classifiers. The experimental results show that the 
proposed methods have produced impressive results in 
classifying real-life challenging multi-class problems. 
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