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ABSTRACT

At present several vectorization approaches are used to
transform text documents into a numerical format. A huge
number of features converted from text data from a single
document take time to process vectorized data with large
dimensions. To reduce the number of dimensions, this work
uses an improved Naive Bayes algorithm to vectorize
documents according to a distribution of probabilities
reflecting the probable categories to which the document that
belongs. The improved Naive Bayes vectorization used
Laplace smoothing to ensure that posterior probabilities are
never zero and logarithmic function to solve the result of the
probability calculation that is too small that cannot be
represented. The text classification algorithms based on the
vector space model, such as the Support Vector Machine
(SVM), use this probability distribution as the vectors to
represent the document that is used to classify the documents.
To validate the improvement of the Naive Bayes vectorization
technique, the results are compared to TF-IDF vectorization.
The results showed that the transformation of data by
improved Nalve Bayes vectorization technique reduces
dimensionality and has contributed to better performance of
the SVM classification approach.

Key words: Document classification, Naive
Vectorization, Support Vector Machine, Vectorization

Bayes

1. INTRODUCTION

Classification of documents can be characterized as the task
of categorizing collections of electronic documents
automatically into their annotated classes, based on their
content[1]. For text documents to be wused in text
classification, it needs to be processed and transformed from
the text version to a document vector, making it much easier
to manage and reduce the dimensionality of features [2].
Features in machine learning are numerical attributes from
which anyone can perform some mathematical operation. But
there are various situations when the dataset does not contain
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numerical attributes. These types of text data cannot directly
be fed in the machine for extracting features, as most of the
algorithms expect the feature vectors of the text as input [3].
The words of text documents are usually explicitly vectorized,
turning the text documents into a numerical format. The
significant number of features transformed from the text data
of a document makes the classifiers take time to process large
vectorized data. Support vector machines (SVM) can be used
as a discriminative classifier of documents and have proved to
be more accurate than most other classification techniques
[4]1[5]. To improve the generalization of the overall system,
this study introduces an improved Naive Bayes vectorization
technique with a smoothing technique to overcome zero
probability of unseen data and application of the logarithmic
function to avoid underflow error. To reduce the number of
features, this study introduces an improved vectorization
technique using Naive Bayes as the vectorizer for the text
documents by using the probability distribution, where the
dimension of the features is based on the number of available
categories in the classification task. The technique takes
advantage of the simplicity of Naive Bayes and the accuracy
of SVM.

2. LITERATURE REVIEW
2.1 Dimensionality Reduction

Reduction of dimensionality is usually used to reduce a large
collection of data to its most discriminative components to
provide specific information and to define it with fewer
features[6][7]that will automatically increase the performance
of the classifier by decreasing the execution time and space
complexity [8]. It is carried out before classification so that
the classifiers can be constructed in a simple way to measure.
By doing so, however, it must also be reliable and must not
lead to information loss. An effective classification must also
be carried out using suitable methods for the reduction of
measurements [9]. The reduction of dimensionality increases
the efficiency of the F-score analysis classification problem.
F-score, on the other hand, is an easy and efficient technique
for selecting meaningful information from the high
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dimensional data[10]. The Fl-score results obtained from
previous test scenarios showed that classification using the
dimension reduction process performed better in selecting
features in [11].

2.2 Naive Bayes Vectorization

Machine learning algorithms most commonly take numeric
feature vectors as input for automatic learning, extraction and
analysis[12]. Thus, when working with text documents, a way
to convert each document into a numeric vector is needed.
This process is known as text vectorization. This technique
aims to build a new set of features after applying a few
transformations into the corpus. It enables the machines to
understand the textual contents by converting them into
meaningful numerical representations [13]. Usually, the
extracted features do not carry the same information as before
because of the transformations. However, it is possible to
achieve a more condensed data providing a great dimension
reduction[14].Vector space representation of text is used in
various text classification problems. The key idea is that the
context of words in a particular document is captured and has
a better representation, hence it can help build a better
classifier [15].

Naive Bayes vectorization for text documents used the
probability distribution, where the dimension of the features is
based on the number of available categories in the
classification task [16]. It uses the raw text document for
training purposes, and the classifier uses the vectorized
training data supplied by the vectorizer [17]. Naive Bayes
vectorization focuses on the Bayes formula with presumed
independence among predictors, using a set of training data to
calculate the posterior probability, which is calculating the
likelihood and estimates the probability terms needed for
classification[18][19]. In the context of document
classification, the Naive Bayes vectorization uses the
probability of a particular document being annotated to a
particular category, given that the document contains certain
words in it, is equal to the probability of finding those
particular words in that category, times the probability that
any document is annotated to that category, divided by the
probability of finding those words in any document[20][21],
as shown in equation (1):

Pr (Category/Word) = Pr (Word|Category) * Pr (Category)
Pr (Word) )
Each document contains words which are given probability
values based on the number of its occurrence in the document.
Many researchers proved the effectiveness of using Bayes
theorem in various domains, such as in health [22][23],
agriculture [24][25], and image processing [26][27]. Meneses
et al. [28] have presented two simple approaches to
approximate Bayes formula while making accurate decisions.
The performance was assessed where a decision is made on
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which of two occurrences is most likely to occur and where a
choice is made between an option that offers acceptable
usefulness for something that is certain or for a risk that
results in either a worse or better value. Bayes theorem was
also studied in classifying thousands of Navigational
Talexmessages gathered in navigational area VI for an
effective and safe intelligent navigation system. Based on the
result, the accuracy rate of the optimal classifier reaches 97
percent[29]. One closely related research paper to this study
was of [30][31], that have used a Naive Bayes vectorization
technique to preprocess the text documents and decrease the
dimensionality. The results also improved the accuracy of the
classification.

2.3 Smoothing Method

Smoothing is a method which adjusts the maximum
likelihood estimate to correct a non-zero probability to unseen
words and increases the accuracy of the model due to data
sparseness [32]. The general form of the smoothed model is of
based on equation (2):

P(w|d) = {

Where Ps (w | d) is the smoothed probability word seen in the
document and P(w|C) is the group language model and ad is
the coefficient controlling the probability assigned to unseen
words so that probabilities sum to one. In general, smoothing
methods differ in the choice of Ps (w | C). It can be as simple
as adding extra count or more complex where words of the
different count are treated differently. Not only do smoothing
methods generally prevent zero probabilities, but they also
attempt to improve the accuracy of the model as a whole
[33][34].

if wis seen
otherwise

Ps (w]|d)

ad P(w|C) @

Chen and Goodman [33] previously examined smoothing
methods for language modeling, involving additive
smoothing (Laplace/Lidstone), Good-Turing, Jelinek-Mercer,
Katz smoothing, Witten-Bell, Absolute Discounting, and
KneserNey. For comparison evaluation, they used the
measure cross-entropy for evaluating language models. The
best smoothing method according to this study is their
modification of Kneser-Ney smoothing.Researches on
smoothing methods were further studied in text classification
with Naive Bayes. For spam email classification,
Hafilizara[35] compared Laplace, JelinekMercer, Dirichlet,
Absolute Discounting, and Two-Stage smoothing. The results
revealed that the Dirichlet smoothing method provided the
best performance. For question topic classification, Yuan et
al. [36] studied four smoothing methods for Naive Bayes:
Jelinek-Mercer, Dirichlet, Absolute Discounting, and
Two-Stage (TS). Their result showed that Absolute
Discounting and TS are the two best-performing methods.

Smoothing methods have also been studied in conducting
real-time stream data which investigated a scheme adopting
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Laplace smoothing technique with Binarized Naive Bayes
Classifier (NBC) for enhancing the accuracy, and employing
SparkR for speed up.[37].

2.3 Support Vector Machine (SVM)

SVM is a non-probabilistic linear binary classifier, supervised
models of learning described by a separating hyperplane. It
uses a separating hyperplane or a decision plane to demarcate
decision boundaries among a set of data points classified with
different labels. It is a strictly supervised classification
algorithm. In other words, the algorithm develops an optimal
hyperplane utilizing input data or training data, and this
decision plane in turn categories new examples [6]. In other
words, provided the labeled training data, the algorithm
produces an optimal hyperplane which classifies new
examples. The operation of the SVM algorithm is based on
finding the hyperplane which gives the training examples the
largest minimum distance. Within the SVM theory, this
distance is called a margin [38], [39]. A hyperplane is
constructed in this feature space that maximizes the separation
margin between the hyperplane and the points located closest
to it as a supporting vector [39]. The best hyperplane is the
one which is the biggest margin. If such a hyperplane exists, it
is known as the —maximum margin hyperplane, and the
linear classifier it defines is known as a maximum margin
classifier or the perceptron of optimal stability [40].

3. METHODOLOGY

In this study, an improved Naive Bayes vectorization model is
developed to reduce the dimensionality of data and to produce
a higher classification accuracy. The proposed improved
Naive Bayes vectorization as discuss in our previous study
[41] was done by applying Laplace smoothing and utilizing
Logarithmic function. The steps to implement and validate the
performance of the improved vectorization include data and
preprocessing, vectorization, and evaluation is shown in
Figure 1.

Naive Bayes Vectorization

Evaluation

Data Preprocessing

Confusion Matix

10-Fold Crozs-Waidason

= e
P -

i

SupportVacior Machine
(3VM) Classifcafion

TF-IDF Vectorization

Figure 1: Improved Naive Bayes Vectorization Model
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3.1 Data Source

The proposed improved Naive Bayes vectorization has been
tested and evaluated using three datasets.

The WebKB dataset which had been utilized in the study of
was acquired from Ana Cardoso-Cachopo’s[42] website
consists of four categories - Faculty, Student, Course, and
Project with a total of 4199 documents. The training set is
constructed by 2803 documents, while the testing set consists
of 1396 documents.

The song lyrics are gathered from different websites such as
Lyrics (www.lyrics.com), Genius (www.genius.com), and
Musixmatch (www.musixmatch.com) with a total of 325 song
lyrics. The determination of category based on five categories
— Love songs, Christmas songs, Friendship songs, Worship
songs, and Nationalism songs are manually annotated to
determine the labels to be used for supervised learning.

News headlines from the year 2012 to 2018 obtained from
HuffPost which was originally collected by Misra[43]. Using
the data tool of a spreadsheet application, each news headline
was manually labeled according to the following five
categories namely — Urban, Science, Arts, Politics, and Travel
news with a total of 2640 documents.

The study uses the same training dataset for both the Naive
Bayes vectorizer and the SVM classifier. The Naive Bayes
vectorizer uses the labeled text document as training data, and
the classifier uses the vectorized training data supplied by the
Naive Bayes vectorizer.

3.2 Preprocessing Methods

In this stage, terms standardization is done to eliminate
accentuation, punctuation, special characters, and numbers.
All letters are converted into lowercase letters, every character
except alphabets and multiple spaces are replaced by single
space. Noisy data such as text file header, footer, HTML,
XML, and markup data are removed.

3.3 Building the Improved Naive Bayes Vectorization

The initial step of analyzing the text document is by grouping
each document in the training set by its category. A simple
word extraction algorithm is used to extract each word from
the document (X) to generate a list of words containing the
number of occurrences of each word in the category (C). The
same method is used to generate the sum of all words in every
category in the training data set.

The prior probability of every category can then be computed
using equation (3):

Pr(C)= Total Number of Document in Category

Total Number_Of Document_in_Training Dataset (3)
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To calculate the likelihood of a particular category for a
particular word, the equation (4) below is used.

Pr(X|/C)=  Occurrence of Word In the Category
Total Number_of All Words_in_Category ( 4)

When you have a model with many features, the entire
probability will become zero because one of the feature’s
value was zero. Laplace smoothing is applied to avoid zero
probability situation and to ensure that each word has a
probability of occurrence, based on at least a single count,
even if it does not appear in the training data. The count is
increased to a small value (usually 1) [32][44] using the
equation (5):

Pr{XjC)= Oceurrence of Word In the Category +1
Total Number_of All. Words_in_Category + [V] +1

where [V] is the total unique words in the training set (5)
Based on the derived Bayes’ formula for text classification,
Pr(Category) is prior probability,Pr(Word|Category) is the
likelihood, and Pr(Word) is the evidence, the posterior
probability Pr(Category | Word) of each word (W) in the input
document annotated to each category can be measured. The
overall probability for a document to be annotated to a
particular category is calculated using the equation (6):

Pr (C] X) = Pr (W3] C) * Pr (W2/C) * Pr (W5]C) * Pr (Wy/C) * Pr (C) ©)
Since the numerical values of probabilities of words are
relatively small, multiplying all these probabilities to find the
product will produce a smaller numerical value that frequently
results in underflow which means that for that given test
sentence, the trained model will fail to predict the category.
To avoid this underflow error, a mathematical log is applied
using the equation (7):

Pr (C|X) =log (Pr (W1]C) + log (Pr (W2[C) + leg (Pr (Ws/C)
+log (Pr (Wr/C) + log (Pr(C)) (7

The logarithmic function is applied since log increases or
decreases monotonically which means that it will not affect the
order of probabilities. Smaller probabilities will still stay
smaller after the log has been applied to them and vice versa.
For example, if the test word “very” has a smaller probability
than the test word “happy”, so after passing these through log
would although increase their magnitude but “very” would still
have a smaller probability than “happy”. Therefore, without
affecting the predictions of the trained model, it can effectively
avoid the common pitfall of underflow error [45].

The right category is characterized by the category that has the
highest posterior probability value, Pr(C|X), as stated in the
Bayes Classification Rule [19].

3.4 Evaluating the Model

After creating the improved model, the model was trained
using a set of well-categorized vectorized training data
supplied by the Naive Bayes vectorizer.
LIBSVM[46]machine learning toolkit was used to train the
classification models. The model was trained using a set of
well-categorized vectorized training data supplied by the
Naive Bayes vectorizer. The vectorized training data was split
into a 70% training set and a 30% testing set or classification
by performing the SVM. To evaluate the robustness of the
estimates from the SVM models, 10-fold cross-validation was
performed in the training data set. The rest of the
classification tasks is performed using the linear kernel
function with the implementation of parameter C that is set to
1.

The enhanced Bayesian vectorization was evaluated using
precision, recall, F1-score, and accuracy as the performance
measures and the confusion matrix to calculate the
classification accuracy. By comparing the results by SVM, the
following quantities are calculated: true positive (TP) is the
number of correctly classified as positive, false negative (FN)
is the number of positive that is incorrectly classified as
negative, true negative (TN) stands for the number of
correctly classified as negative, and false positive (FP) refers
to the number of negative incorrectly classified as positive.

4. SIMULATION RESULTS AND DISCUSSIONS

3.4 Evaluating the Model

Table 2, Table 3, and Table 4 show the vectorized datasets.
The SVM classifier uses the vectorized training data supplied
by the Naive Bayes vectorizer using the probability of
distribution, thus the dimension of the features is based on the
number of available categories in the classification task. The
values in the document vector represent the document’s
distributed weight across dimensions. In a simplified sense,
each dimension represents a meaning and the document’s
numerical weight on that dimension captures the closeness of
its association with and to that meaning. The highlighted
value in a document represents the highest probability which
implies the dimension or category it belongs.

Table 2: WebKB Vectorized Dataset

Dimensions
Student Project Faculty Course
D1 -1528.109737 -1409.781524 -1523.181248 -1480.765305
D2 -1182.500564 -1191.481065 -1147.096308 -1236.280216
D3 -221.375349 -261.300554  -244.026094  -274.782398
D4 -561.518291 -549.604916 -576.978703 -577.289606
D5 -323.583274 -380.002109 -367.2785337  -396.408677
D6 -407.763630 -409.585134 -414.588941 -445.364748
D7 -367.178463 -450.227649  -385.508061  -269.031450
D8 -bB8.317706 -695.105569  -627.513497  -697.268028
D9 -323.583274 -380.002109 -367.278537  -396.408677
D10 -241.351670 -250.511730  -233.469836  -200.680403
D11 -221.375349 -261.300554 -244.036094 -274.782393
D12 -182.044346  -192.218146 -183.242878 -172.687813
D13 -1108.399663 -1093.530481 -1054.474892 -1129.752040
D14 -410.409171 -397.119331 -413.201508 -433.162720

Document Vectors
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Table 3: Song Lyrics Vectorized Dataset

Dimensions
Love Friendship Nationalism Christmas Worship
D1 -2580.349993 -2516.334786 -2474.428634 -2262.621802 -2442.679011
D2 1828103199 1949473296  -1995.040641  -1973.467746  -2047.910439
D3 -1727.352492 -1692.9876 -1544.21037 -1672.625958 -1681.369276
D4 -957.3867199 -1003.832631 -1005.444345 -980.8188683 -944.3536479
[dlos 4063530006 4602874812 | 4229897976 -AS6.7388647  -439.7727406
E D6 -361.3669245 -350.4719835 -340.8241934 -339.2494678 -316.397041
P07 5621941614  -512.9861315  -536.8724575  -530.4080285  -552.0452298
E D8 -553.2400566 -637.1449015 -669.7632184 -637.2073184 -651.1753393
GADS 5411405680  -497.426322 5520954499 5323144759  -561.4067353
SN D10 -553.2400566 -637.1449015 -669.7632184 -637.2073184 -651.1753393
DIl 5511535418  -547.1836843 5446356017  -551.2129305  -496.3401497
D12 -549.4614543 -587.3143457 -597.8084644 -529.0216214 -580.0977775
D13 5411405689  -497.2426322  -552.9954499 5323144759  -561.4067353

-540.8106269 -532.1132048 -504.9112197 -538.0454528 -519.7914224

Dimensions

Travel
-335.4937899
-316.7236967
-340.2715219
-304.1305638
-262.8811688
-308.7454853
-202.8593052
-168.1999942
-148.4353848
-138.5805522
-132.8197067
-73.51550759
-65.33730364

-20.6153904

Politics
-392.1726942
-333.1298519
-371.5100921
-325.4112333
-237.9788547
-302.1647354
-188.9765867
-174.4026887
-144.8113119
-141.4014093
-119.8263701
-80.08187655
-63.77256888
-20.42177995

Science Art
-375.2771484  -360.3400066
-327.5337453  -302.1400091
-372.9664293  -358.4244257
-316.9512638  -298.0765503
-283.3504225 -281.1841375
-269.9111703  -303.4388203
-204.6852348  -204.8471656
-169.3769844  -170.4868124
-154.1148189  -147.7335032
-142.5412225  -132.2164654
-130.8224244 -130.546041
-70.98554564  -79.41066098
-66.26689319  -66.54338443
-19.49598844  -20.66873619

Urban

D1 -373.3131517
D2 -330.2906368
D3 -363.3534738
Da -314.9563424
D5 -281.8710751
-297.1104507
D7 -204.5633827
D8 -152.8356684
D9 -150.1246518

-144.414198
-129.4845255
-72.78735939
-57.28986428
-19.23122643

Document Vectors
]
&

3.4 Classification Results

Table 5, Table 6, and Table 7 show correctly classified number
of observations. In Table 5, the SVM classifier correctly
classified 318 Students, 86 Projects, 202 Faculty, and 176
Courses. In Table 6, the SVM classifier correctly classified
17 love songs, 11 friendship songs, 24 nationalism songs, 24
Christmas songs, and 21 worship songs. In Table 7, the SVM
classifier correctly classified 180 urban news, 173 science
news, 118 art news, 114 politics news, and 181 travel news.

Table 5: Confusion Matrix for WebKB Dataset

" Predicted Values

5 Student Project Faculty Course

< | Student 319 2 5 1

@ | Project 7 86 3 i

g Faculty 24 ] 202 4
Course 1 0 1 176

Table 6: Confusion Matrix of Song Lyrics Dataset

Predicted Values
§ Love Friendship Mationalism  Christmas  Waorship
E Love 17 0 0 ] 1
= | Friendship 0 11 ] 0 0
..E Maticnalism 0 0 4 0 0
<€ | Christmas ] 0 0 24 0
Waorship ] 0 0 ] 21
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Table 7: Confusion Matrix of News Headlines Dataset

Predicted Values
§ Urban  Science Art Paolitics Travel
E Urban 180 1] 1] ] 1
= Science 4 173 1 0 a
..E Art 0 1] 118 ] 1
< | Politics 1 1] 1] 114 2
Travel 4 5 1] 1 181

The Naive Bayes vectorization technique had been utilized to
transform textual data into a numerical format. On the other
hand, the TFIDF (Term Frequency Inverse Document
Frequency) technique has been reported as one of the most
widely used pre-processing techniques by many text mining
research groups for the same purpose. To validate the
improvement of using Naive Bayes as a vectorization
technique, the study compared the classification performance
over the TF-IDF vectorization for the SVM classifier. As
shown in Table 8, the improved vectorization technique model
achieved a significantly higher Accuracy than the
classification method of using TF-IDF. The improved
technique also yields the highest values for Precision, Recall,
and F1-score.

Table 8 : Comparison of using Improved Naive Bayes Vectorization
and TF-IDF Vectorization in Classification

Classification Accuracies of the SVM Classifier with WebKB Dataset
Dataset 4199 WebKB

Training Set” 2803

Testing Set: 1396

Precision Recall Ff-score  Accuracy
Improved Maive Bayes Vectorizatior  94% 93% 94% 94%
TF-IDF Vectorization 91% 89% 91% 91%

Classification Accuracies of the SVM Classifier with OPM Song Lyrics Dataset
Dataset OPM Song Lyrics

Training Set: 228

Testing Set: 97

Precision Recall Fi-score  Accuracy
Improved Maive Bayes Vectorizatior  999% 99% 99% 99%
TF-IDF Vectorization 85% 85% 82% 82%

Classification Accuracies of the SVM Classifier with News Headlines Dataset
Dataset Mews Headlines

Training Set’ 1848

Testing Set: 7592

Precision Recall Fi-score  Accuracy
Improved Maive Bayes Vectorizatior  989% 95% 95% 98%
TF-IDF Vectorization 79% 80% TE% TT%

Furthermore, by applying the improved Naive Bayes
vectorization technique to preprocess the documents, the
textual data is transformed into a numerical format, thereby
reducing the dimensionality of the data resulting in higher
F1-scores.
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5. CONCLUSION

Based on the comparison using the three datasets the
improved Naive Bayes-SVM classifier outperforms the
TF-IDF. It has been observed that the proposed improvement
is highly efficient and classifies the documents with great
accuracy. The employment of Laplace smoothing to the
enhancement of Naive Bayes-SVM has achieved a
classification a higher accuracy compared to the TF-IDF.
These results showed that the Naive Bayes vectorization
technique has contributed a more effective textual data
transformation process to the SVM classifier, as compared to
the use of the TFIDF vectorization technique for the same
purpose.

Future directions of the research will be the exploration of
other features and weights to produce word vectors and
investigates the effect of other smoothing methods to Naive
Bayes vectorization.
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