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WHTENIEKTYAJIbHbI AHANI3
U BU3YAJTTU3AUUA OAHHDbIX

Framework for Arabic Text Classification
Based on Topic Modeling

Ghassan Khazal, Alexander Zamyatin

Computer Science Department, Tomsk State University, Tomsk, Russia

Most Arabic text classification researchers represent the text as a Term
Frequency-Inverse Document Frequency (TFIDF). The TFIDF is not able to
recognize synonyms and semantic relationships between texts. Topic
modeling was used to represent words in the documents as topics to process
text accurately and efficiently. In this work, we apply topic modeling to
cluster Arabic words into topics. These words assigned to the same topic are
related semantically. We make a model for three different approaches that
used in dimensionality reduction by using topics modeling and show their
effectiveness in Arabic text classification by using different classifiers. First,
we apply LSI, LDA, and HDP on Arabic text document then we generate
three different matrices of topics for LDA and LSI and HDP. The goal of this
work 1s to compare between the feature represented with TFIDF and the
topic model using two text classifiers Support Vector Machines (SVM) and
Neural Network (NN). The results showed that the topic modeling using
LSA and SVM give better performance based on F1 measure equal to 90%.

1. Introduction

Text classification is the field of natural language texts to one or more
predefined classes according to their content [1]. Nowadays, Arabic text
documents are increasing at an explosive rate. Arabic Text classification has
become a key technique for summarizing, organizing, understanding, and
searching these documents and also for the information retrieval for the
documents with a specific topic. Text classification usually uses supervised
machine learning algorithms for learning the classification model [2, 3].
Topic modeling has wide research direction in data mining and natural lan-
guage processing. Topic modeling used to identify the semantic structure of
the text document by using Bayesian analysis on the collected text document.
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When we try to access any big text information that we want it requires the
complex structure to organize these text data for searching, summarizing or
understanding these big text data. These data consist of a lot of topics or any
document may be having a mixture of topics. For this topic modeling 1s use-
ful for auto summarizing, searching, and understanding text data. Most of the
Arabic text researchers use vector space model for text document representa-
tion. i.e. represent the text as a vector of words and this feature cannot indi-
cate the semantics of the text, and also it will cause a huge size of feature
space. Our proposed model for this work we use topic modeling for feature
representation to avoid this problem. In this work we use three techniques of
topic modeling; Latent Semantic Analysis LSA, Latent Dirichlet Allocation
LDA, and Hierarchical Dirichlet Process HDP. The performance based on
topic modeling on Arabic text classification using two classifiers SVM and
NN. In the experimental analysis, we searching for an answer to the follow-
ing question: Which classification algorithms and a number of latent topics
yield better results and are there optimal variables used of latent topics based
representation of Arabic text classification?

This paper is organized as following: Section 2 represent work related to
this paper. Section 3 represents a review of topic modeling techniques. Sec-
tion 4 describes topic model for Arabic text classification. Experiment and
results are showed in section 5, and the conclusions in section 6.

2. Related work

There is previous work that uses topic modeling as feature representation
for text classification to enhance text the performance, the undertaken tasks
on text classification. In [1] investigate generative statistical topic modeling
for multi-label documents that associate with individual tokens with different
labels. In [2] propose a novel approach to build classification system and to
classify documents using multi-latent Dirichlet allocation (LDA). And [3]
use conventional representation schemes for text documents with large text
as data reduction technique. The author evaluates the performance of LDA
model for text classification by using five classifiers. In [4] use the topic hid-
den analysis of LDA for feature representation then compare it with the clas-
sical feature representation in text classification. For the experiments, he uses
SVM as the classifier and different type of weighting ranking for terms.
The [5] focus on studying the LDA model then compare it with bigram fea-
ture. The [6] propose a hierarchical model for classification by using topic
modeling and integrating additional term features from neighboring pages.
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The [7] focuses on the topic identification for the Arabic language by using
topic modeling with different Arabic stemmers on LDA. The author shows
LDA is an efficient for Arabic identification, especially with the appropriate
hyper-parameters. In [8] apply the topic modeling on clustering the words
into topics then compare between the feature technique of BOW and the
topic modeling using LDA. Finally [9] focus on the filtering approach for
dimensionality reduction. This filtering approach consists of two stages;
feature ranking and thresholding. The experiments done by using four Eng-
lish datasets and two Arabic datasets and its indicate the possibility of using
this approach in Arabic TC.

3. Topic modeling techniques

In text classification, topic modeling has an important effect. For the
collected text documents probability of the topic modeling will compute set
of polynomial distribution by using parameter estimation. This distribution
called topic, by capturing related information of the words. To extract stable
latent structure and finding a short relative description of the text document
in the dataset. In topic modeling the basic idea is assume that each document
i1s a mix of topics. Each topic represents the probability distribution of the
words. Also, topic models represent as text generation model. I.e., when
generates a new text, a topic distribution will be gained first for each word in
the text, then a topic is obtained randomly by the topic distribution. In the
end, a word will be got randomly by the word distribution of the topic [5].

Documentl Document? Document3
1] Je|1]| <& 1| Jef1] & 2| e 2] &
1| 1] < 1| oay| 2] & 2| @s| 2] &
1| Jef1|o=s 2| | 2| @AD 2| 8|2 @S
1] du1|o=4 1| Jdwl2] < 2] e 2] <&

0.306 | < 0.325 | o= A

0.452 | e 0.452 | 4w

0.214 | @ds 0214 | J.

Topic 1 Topic 2

Fig. 1. Generative process of topic modeling
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A. Latent Semantic Analysis (LSA)

This type of modeling used to represent the terms as a vector and it useful
for finding the similarities among texts by computing the distance among
vectors. First LSA represents the text as a matrix the row used for terms and
columns for the documents.

Also, it uses TFIDF to calculate the interaction between words and the
document. TFIDF represented in equation land 2. Where TF in each docu-
ment represents term frequency and IDF represent term important in all
documents.

TF,; = TF x IDF, (1)

IDF = logﬁ : (2)
Nt

To refine Term document matrix (TDM), LSA use technique called Sin-
gular Value Decomposition (SVD). LSA uses Singular Value Decomposition
SVD techniques to enhance the Term Document Matrix TDM, SVD decom-
poses TDM to three matrices to confirm the robust relation among words and
the documents also remove the noise. The decomposition displays all char-
acteristics of theses matrices. Equation (3) represents SVD, and equation (4)

represents decomposition of m x n matrix of the SVD [10].

TDM=UxSxV"'. (3)

Where U: m dimensional matrix, V: n dimensional matrix, and S: diagonal
matrix [3].

Anxd :Unxr Drxr Vrid : (4)

B. Latent Dirichlet Allocation (LDA)

LDA 1s a generative probabilistic model for group of documents. The
main idea of this method (LDA) is to represent the documents as mixtures of
topics. The probability distribution is use to represent the topic of the term
and each article is distribution probability of topics [11]. LDA used for iden-
tification of topics in different fields such as classification, filtering, and
information retrieval. There are three levels to represent LDA. The parame-
ters o and B represents corpus level, these parameters are used to generating a
corpus process. o is uniform Dirichlet prior distribution of per document
topic distributions. B is the uniform Dirichlet prior distribution of per topic
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word. 0 is a document level parameter used to sample one time per docu-
ment. z and w are word-level parameters and sampled only one time for each
word in each document. Finally, N represents the number of the terms tokens
in a document and M represents the number of documents [12, 13].

The LDA introduces set of (K) latent parameter, i.e topics. Each word in
the document is generated by one of the topics. The generative process for
each document w can be described as follows [11]:

1. Choose N ~ Poisson ()

2.Choose® ~Dir(a.)

3. foreachof the N wordsW, :

a) chooseatopic z, ~Multionmial (0)

b) chooseaword w, from P(w, |z, ,B)amultinomial
probability condition onthetopicz,

[B]kxv i :p(Wj :1|Zj :1) (5)
A k-dimensional Dirichlet random variable 6 can take values in the (k—1)-
simplex, and has the following probability density on this simplex:

F(Z -1, )eocl

0 oMt 6
PO= 11 ) : ©
N
p(6,z,wlo.B) = p(B|o)] | p(z,10) p(w,|2,.B) . (7)
N
pw|aB)=| p(e|a>{HZp(zn|e>p(w,,|zn,B>Jd"e , (8)
n=l z,

M N,
pDla.p)=]]] p(edla>£H2p<zdn|9d>p<wdn|zdn,B>Jdked- ©)
d=1

n=1l z,,

To explain how LDA generates a document. Suppose that a text corpus
contains four topics, such as political, economics, techniques and movies.
The document describe the production of movie process may contain both
the topic of technology and movie. Technology topic may have a many
words that related to technology. These words have a probability, probability
of these words appearing in the document with the topic technology. Simi-
larly, there are many words that related to movies in the movie’s topic, and
also have probability. When generating a document about movie production,
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the topics will be chosen randomly first. The probability of choosing two
topics of technology and movies will be higher. And then, a word will be se-
lected. The probability of choosing the words that are related to the two top-
ics will be higher. So, the selection of a word is completed. After selecting N
words continually, a document is created [12, 14].

¢ O
O OO @ N

a e

Fig. 2. LDA representation

C. Hierarchical Dirichlet Process HDP

HDP is generative model for the document in the text corpus and can be
described as document d, d is a sequence of words drowns fro vocabulary V
with | V] = k. The probability of the document d given the class i in the hierar-
chy given by [13]:

( ij’ d.
P(dli)=P(d)———](6;) " (10)
(dli) = P(d] dej!g()

where d; is the number of occurrences of the jth word of the vocabulary in
document d;

0, = (0,0, ). (11)
The parameter vector describes the parameters for a multinomial distri-
bution. We note that, contrary to most previous work where documents are
classed only on the leaves of the concept hierarchy, we consider every node
in the concept hierarchy as a valid class into which some of the documents
belong [8, 11].
Also, the vector 0i have dirichlet prior distribution:

0i ~Dir(1,.....,1)if iistheroot node ,
0i | Opa (i) ~Dir cOpa(i)other wise ,

where pa(i) identifies the parent of node I and ¢ is constant smoothing pa-
rameter chosen in advance.
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4. Experiments of the proposed work

The goal of this work is to design topic model to show the effect of this
feature representation on the classification accuracy of Arabic text using two
classifiers. Figure 3 represents the proposed text classification models.

[
I
Bark Chieras of
oushomners IMAUTAn e
NN AT

Terms extraction

| |

TFIDF LSA LDA HDP

|

Classification Algorithm

SVM / NN

I "- Classification Model ‘ Eecdler oiss

Fig. 3. represents the proposed text classification models

The keyword-based for our model for classification is constructed of five
steps:

Step 1: Gathering Arabic text data to apply our model.

Step 2: Text data preprocessing to clean the text from the unwanted text.

Step 3: Apply different feature representation TFIDF, LDA, LSA, and

HDP.

Step 4: Construct trained classification Model.

Step 5: Evaluate the results.

In our experiments, we use a collection of text documents for bank ques-
tionnaires. We selected 6 classes for each class 50 document. The total num-
ber of documents is 1800, as shown in Table 1.
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Table 1
Dataset information

Category name in Arabic Category name in English Doc. No.
olaiy) lilay Jaalds 5 ) jaa) Issuing and operating credit cards 300
L) I ol cle 5Ll Disputes and insurance violations 300

il ¢ Sae Aglaa Protecting bank customers 300
Jasaill Al yd ¢ Mae dglas Protecting clients of finance companies 300
& gl £ Slac Bank customers 300

Ol Uyl e Dlae Clients of insurance companies 300

For preprocessing splitting written string into tokens called tokenization,
which it represent the first step in many natural language processing tasks.
For most languages, tokenization involves splitting punctuation, and some
affixes off of the words [6]. Also to minimize the dimensionality of term
space removing non-Arabic characters, removing stop words (articles, prepo-
sitions, and pronouns), removing numbers, removing Diacritics, and word
length less than three characters.

We apply 8 experiments to show the effect of topic modeling and compare
with TFIDF model. The experiment parameters as described in Table 2.

Table 2
Experiment Parameters
Parameters Description
Dataset In-house collected Dataset “banking client’s questions and queries” [7, 8]
Training size 70%
Testing Size 30%

Tokenizing, filtering (stop word removal, word length <3 characters,

Pre-processin . .
p € | non-Arabic word removal, numbers removal, districts removal...)

Feature TFIDF, LSA, LDA, or HDP
representation
Classifiers SVM, NN

To report the evaluation results, we use three metrics: Recall (equation
12), Precision (equation 13) and F-measure (equation 14).

No.of Doc.correctly labeled (12)
No.of topics Doc. ’

Rceall =

No.of Doc.correctly labeled
No.of labelled Doc.

Precision =

: (13)
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F — measure — 2xRecall x Precision . (14)
Recall + Precision

Table 3 shows the results in of precision, recall, and F1 for our model.
The average values computed using 10-fold cross-validation. The results
showed that the SVM accuracy in average better than the NN classifiers for
all experiments. The results of all applied experiments on the two classifi-
cation algorithms are illustrated in Table 3 and Fig. 4.

Table 3
Precision, recall, and F1 results of the proposed model
Method F1 P R

LSA -SVM 0.90 0.89 0.91
LDA - SVM 0.80 0.81 0.79
HDP — SVM 0.81 0.82 0.81
TFIDF — SVM 0.85 0.85 0.86
LSA — NN 0.82 0.82 0.83
LDA — NN 0.74 0.71 0.78
HDP — NN 0.75 0.71 0.79
TFIDF — NN 0.79 0.78 0.81

0.50 7 . SUM

040 B NN

0.30 A

0.20 A

0.10

0.00

Fig. 4. Shows the distribution of average accuracy achieved with different classifiers
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Also, the approach of LSA gives higher performance compared to apply-
ing the TFIDF with both classification methods. And the other method gives
a good performance that reaches the performance of TFIDF model.

For LDA approach gives better performance with SVM, we use a to 0.1
and B to 0.01 according to the work of [9, 16].

5. Conclusions

In this research, three types of topic model are used for clustering term
features into a group of topics. First, we find the same topic for terms that are
semantically related. Then we compared classification performance among
four feature representation techniques, TFIDF model and three techniques of
topic model. We use two text categorization algorithms: SVM and NN for
evaluation. Our results reported that the SVM accuracy in average is better
than NN classifiers for all experiments. Also, the approach of feature repre-
sentation with the LSA model achieves the better performance with
F-measure (90 %) with SVM and (82 %) with NN; an improvement of about
5 % and 3% over the TFIDF model respectively. LDA and HPD not give any
enhancement in performance, we think that was because of the relation
among words are not enough and also because of noisy data.
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