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Abstract- Text data mining has gotten a lot of attention
recently, and text categorization is one of the most
interesting disciplines. Because of the increasing
increase of textual documents, it has grown in
popularity. These materials are related with a limited
number of categories, such as medical, sports, and
Olympic Games. This text categorization can open up a
number of possibilities for developing multi-label
learning approaches, especially for text-based data. One
of the important components employed by automatic
text classification is text data mining, which is the
process of uncovering useful learning patterns from
text-based information. It is accomplished through the
development of new machine learning techniques. The
ML framework, in any case, produces less expressivity.
This ML framework is implemented using a Train-Test
scenario. If the present framework is found to be
insufficient, the Train-Test-Retrain process is created,
which is a difficult and time-consuming process. In this
study, we compared the performance of three classifiers
for a text mining dataset: Naive Bayes, Decision Tree
J48, and Multi-Layer Perceptron (MLP). Simulation is
used to determine the performance of all three
classifiers, and the experimental findings are shown. It
is clear from the data that the decision Tree J48
classifier outperforms the other two classifiers.
Key words: Text categorization, Text data mining, MultiLayer Perceptron (MLP), Decision Tree J48, Naive Bayes
and Train- Test scenario

1.INTRODUCTION
Text mining is the technique of obtaining highquality data from text, also known as text data
mining, and is also referred to as content analysis.
High-quality data is frequently inferred by imagining
patterns and employing techniques such as statistical
pattern learning. In general, text data mining entails
organizing the content of the information (commonly
parsing, with the expansion of some inferred phonetic
features and the expulsion of others, and subsequent
inclusion into a dataset), extracting patterns from the
organized information, and finally assessing and
understanding the result. The term 'high quality' in
text data mining referred to a combination of

application, distinctiveness, and appeal. Information
extraction, text summarization, text clustering, text
classification, construction of granular taxonomies,
relation modelling of entities (that is, learning
relations among named things), and sentiment
analytics are all common text data mining tasks. Data
recovery, lexical inquiry to consider word frequency
distributions, pattern recognition, labeling/annotation,
information
extraction,
and
data
mining
methodologies combining connection and link
investigation,
representation,
and
predictive
investigation are all part of text analysis. The main
goal is to apply natural language processing (NLP)
and analysis methodologies to translate text into
valuable information for investigation.
1.1 Text analytics
Text analysis refers to a set of linguistic, quantitative,
and machine learning methodologies for framing and
structuring the data content of textual data sources in
order to get commercial knowledge, exploratory data
exploration, study, or analysis [1]. This word is
typically interchangeable with text data mining; in
fact, Ronen Feldman changed a 2000 picture of 'text
data mining' [2] to depict 'text analysis' [3] in 2004.
The latter phrase is now more widely used in a
corporate context, whereas the term 'text data mining'
was used in a handful of the previous application
domains in the 1980s, most notably government
intelligence and life-sciences research[4]. Text
analysis also refers to the use of text analysis to
respond to commercial issues, whether alone or in
conjunction with the investigation and assessment of
handled, numerical data. According to the adage, 80
percent of commercial information begins in an
unstructured state, essentially text [5]. These methods
and processes identify and update knowledge factors,
commercial principles, and connections in a textbased style that is resistant to mechanized operation.
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2. RELATED WORK
Decision tree approaches [8] reproduce nonautomatic requests for training data in the form of a
tree-based structure, with a node representing the
queries and a leaf representing the specific dataset
type. 'Over-fitting' is the negative rating in decision
tree approach. It is simple to use and beneficial.
There are two types of Bayesian techniques: Nave
and Non-Nave Bayesian methodologies. The naive
techniques are divided into two categories:
multivariate and multinomial. Both groups are based
on the dispersion of terms in data documents [10]. An
N-gram is a never-ending sequence of n characters
that make up a long section of a material [11]. The
most forward-thinking N-grams are kept. This
method generates a basic number of parts that appear
differently in relation to text analysis by taking into
account word separators and punctuation marks;
additionally, it is extremely tolerant of spelling errors
and is unaffected by all progressions models based on
discrete letters (Chinese language, DNA orders...). Its
success in dialect recognition can be attributed to its
content classification [12].
3. CLASSIFIERS
The text dataset is analyzed using three different
types of classifiers:
•
•
•

Naïve Bayes
Decision Tree J48
Multi-Layer Perceptron (MLP)

3.1 Naive Bayes
One of the most fundamental ways to building
classifiers is Naive Bayes: frames that allocate labels
for class to problem cases, represented as vectors of
attribute measurements, with labels extracted from a
constrained set. It is a combination of procedures, not
a single technique, that is used to train these
classifiers, as in a typical rile: Given the class
variable, complete nave Bayes classifiers assume that
the measure of a given characteristic is independent
of the measure of other attributes. For example, if a
fruit is red, round, and around 10 cm in diameter, it is
likely to be considered an apple. The nave Bayes
classifier considers each of these characteristics
independently in determining whether or not this
organic product is an apple, disregarding any possible
correlations between the shading, roundness, and
diameter parameters. In the context of supervised
learning, naive Bayes classifiers can be efficiently
taught for a few types of probability frameworks. The
maximum likelihood technique is used in many real-
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time applications for parameter approximation for
naive Bayes frameworks. Alternatively, one can use
the naïve Bayes framework without using any
Bayesian procedures or taking into account Bayesian
likelihood. Despite their naïve model and clearly
warped assumptions, naive Bayes classifiers have
performed admirably in a variety of uncertain realtime situations. An analysis of the Bayesian
characterization issue in 2004 revealed that the
clearly implausible feasibility of naïve Bayes
classifiers is motivated by solid hypothetical reasons
[5]. In 2006, a comprehension-based comparison of
Bayes classification with other classification
approaches revealed that various methodologies, such
as random forest [6,], outperform Bayes
classification.
3.2 Decision Tree J48
J48 is the most well-known decision tree-based
categorization technique, as the name implies.
Initially, it classifies photos based on their properties
and creates a tree structure. The tree structure is
explained in a straightforward manner. The Decision
Tree J48 is an extension of the ID3 algorithm, and it
is used mostly for its straightforward methodology
for locating concealed pixels in images. The photos
were grouped in a leaf structure and trimmed during
categorization. These pixels were classified by
labelling, and the information on each pixel was
extracted and tested. The perfect pixel is chosen from
the resultant pixel, and these classifiers are useful for
dealing with both discrete and continuous values.
3.3Multi-Layer Perception (MLP)
The Multi-Layer Perception (MLP) is a feed forward
artificial neural network (ANN) technique in which
categorization is done by mapping the input images.
The mapping is based on the training and testing
dataset's features. The mapping is done using the
back-propagation approach in this case. By doing so,
the MLP creates a directed graph of nodes that are
subsequently connected to one another. A non-linear
activation function is provided for each node in the
graph. MLP's datasets were also trained using
supervised learning techniques, which are useful for
categorizing non-linear data. For resolving the
complications, it uses a stochastic fitness function.
4. EXPERIMENTAL RESULTS
The 'Letter dataset' is used in this paper for text
analysis and text categorization. The classification is
carried out using the Weka tool, which employs three
classifiers: Naive Bayes, Decision Tree J48, and
Multi-Layer Perceptron (MLP). The results of each
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classifier are presented in this section in great detail.
Time taken to build model: 1.49 seconds
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4.1 Results of Naïve Bays classifier
=== Evaluation on training set ===

Correctly Classified Instances
64.405 %
Incorrectly Classified Instances
35.595 %
Kappa statistic
0.6298
Mean absolute error

0.032

Root mean squared error

0.1383

12881
7119

Relative absolute error

43.3058 %

Root relative squared error

71.9279 %

Total Number of Instances

20000

Total Number of Instances

20000

Detailed Accuracy by Class
4.2 Results of Decision Tree J48 classifier
Correctly Classified Instances

19269

Incorrectly Classified Instances

731

Kappa statistic

0.962

Mean absolute error

0.0044

Root mean squared error

0.0471

Relative absolute error

5.9985 %

Root relative squared error

24.4918 %

Total Number of Instances

20000

96.345 %
3.655 %

5. CONCLUSION

Time taken to build model: 344.96 seconds
=== Evaluation on training set ===
16491

Correctly
Classified

Figure 1: Comparison of classifiers

4.3 Results of Multilayer perceptron

Correctly Classified Instances
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The 'Letter dataset' is used in this work for text
analysis and categorization. For text datasets, a
performance analysis is undertaken using this dataset
for three classifiers: Naive Bayes, Decision Tree J48,
and Multi-Layer Perceptron (MLP). Weka is used to
model these, and the results are tabulated and
compared. It is obvious from the findings that the
Decision Tree J48 classifier performs better in terms
of accuracy and precision rate.

82.455 %
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