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Abstract: This paper describes how keywords are extracted
from Arabic text using the page rank algorithm, by constructing
a graph whose vertices are formed by candidate words that are
extracted from the title and the abstract of a given Arabic text
after applying a tagging filter to that text. Next, a co-occurrence
relation is applied to draw the edges between the vertices within
specified window sizes. Then, the page rank algorithm is applied
to the graph to rank the importance of each keyword. Finally,
the vertices are sorted in descending order by their page rank
scores and the tokens with highest scores are chosen as the
keywords. Several experiments were conducted on a dataset that
consisted of 100 Arabic academic articlesfor training and 50 for
testing. The results were evaluated by using precision, recall,
and the F-measure. The maximum recall achieved on the
dataset was 63%, as not all the manually identified keywords and
keyphrases existed in the article abstracts and titles. The
proposed method achieved 25% of recall, which is acceptable as
it is comparable to that of a method in the literature that was
applied to an English language testing dataset that consisted of
500 English documents, which achieved 42% of recall wherethe
maximum recall percentage of the testing dataset was 78%.
Despite the difficulties and challengesin searching for keywords
in the Arabic language and using fewer documentsin the Arabic
testing dataset than in the English, it can be concluded that the
proposed keyword and keyphrase extraction system using the
page rank algorithm works well.

Keywords: Text Processing, Arabic Language, TextRank
Algorithm, Keyword Extraction

[. INTRODUCTION

Keywords and keyphrases can be defined as a sequence
of one or more words extracted from a document that
provide important and descriptive information about the
content of a document, and such words and phrases may
serve as either an indicative summary or as document
metadata, both which can help the reader in their search for
relevant information. Keywords can be used to facilitate the
more efficient searching of information and to help the
reader to make a decision about whether it is necessary to
read a document [11]. They can be useful in various
applications such as retrieval engines, browsing interfaces,
thesaurus construction or text mining [12].
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The manual selection of keywords and keyphrases from a
document by a human is an extremely slow, difficult, and
time-consuming process that can lead to errors, so it is
almost impossible to extract keywords successfully in this
manner. Hence, automatic keyword and keyphrase
extraction is an important task that needs to be automated
due to the benefits it can offer in managing information
[13]. Automatic keyword extraction should be done
systematically and with either minimal or no human
intervention, depending on the model. The goa of
automatic extraction is to apply the power and speed of
computation to the problems of access and discovery.
Moreover, it obviates the significant cost and difficulties
associated with the use of human indexers in the task of
information retrieval [5]. Many keyword extraction
algorithms have been developed and implemented in recent
years. Perhaps one of the most notable is the keyword
extraction system using the page rank algorithm, which was
implemented on English-language text by Mihalcea and
Tarau (2004) [8]. For their system, they introduced the text
rank, agraph-based ranking model for text processing, and
showed how this model can be utilized successfully in
natural language processing (NLP) applications, and
especialy in the extraction of keywords. The subsequent
keyword extraction system proposed by Mihalcea, Liu, and
Lieberman (2006) [9] is another tried and tested in-
formation retrieval application for NLP and can extract the
required information from a large database. (Natural
language processing can be defined as the ability of a
computer program to understand human speech as it is
spoken.) [14]. However, these studies, like the mgjority of
research in this area, were conducted on texts in the English
language. In contrast, very few research studies have been
carried out on methods to facilitate the key- word searching
of Arabic-language text. This may because, compared to
the English language, Arabic is more challenging to
process. Arabic is a rich language with a complex
morphology; it has very different and difficult structures
compared to other languages. It consists of 28 letters
written from right to left. Text is written, in a cursive style,
which means that Arabic can- not be written as
unconnected, separated letters as in English. In other words,
in general, all the letters must be connected together.
Moreover, there are no capitals or small letters in Arabic,
and letters can be written in four different forms depending
on their location in a word. In fact, most of the letters in
Arabic have four forms: Stand-alone, word initial, media
and word ending depending on their position in aword [4].
In addition,
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Arabic words have two genders, feminine and masculine;
three numbers, singular, dual, and plural; cases, hominative,
accusative, and genitive [3]. As explained by Namly,
Bouzoubaa, Tahir, and Khamar (2015) [10], Arabic words
can be divided into three types: Noun, verb and particle, the
authors state that a noun is a token that has a meaning in
itself without needing to be connected with time. A verb is
atoken that indicates a state or a fact happening in the past,
present, or future. Particles are used in sentence
construction [1]. A particle may consist of more than one
letter and can be used to convey the following types of
meaning: introduction, exclusion, restriction, inauguration,
interrogation, future, rectification, imperative, stimulation,
authenticity, selection, solicitation, similitude,
variability, astonishment, definition,
interpretation, separation, paucity, profusion, wish,
premonition, regret, confirmation, answer, rejection,
augmentation,  condition,  circumstance,  exposition,
attraction, finality, oath, originality, surprise, lamentation,
call, negation, and interdiction. Furthermore, the Arabic
language is a Semitic language that is characterized by a
wide number of linguistic variants. The characteristic
feature of Semitic languages is their basis in consonantal
roots, which are mostly trilateral (three-lettered). In order to
generate Arabic text, a proper understanding of Arabic
grammar is needed. Arabic grammar consists of
morphology and syntax. Morphology refers to the forms of
words and their transformations into intended meanings.
Syntax refers to the case endings of words and their
positions in the sentence. From the above, it is clear why
there are several challenges to be over- come for the
successful extraction of keywords from Arabic text. The
complexity of the language may aso be the reason why
trandliteration into another language such as English can be
difficult. Trandliteration can be defined as a method of
mapping the script of one language to the best matching
script of another language, word by word, or perfectly letter
by letter. It is used to represent Arabic words for readers
who cannot read the Arabic script. Compared to the large
number of publications and available resources and
lexicons in English, there are fewer publications and very
few resources for Arabic. Thus the lack of resources, the
variant sources of ambiguity, and rich metaphoric script
usage remain the most challenging problems for Arabic
NLP researchers. In sum, the Arabic language is a highly
inflected language; it has much richer morphology than
English. Hence the need for more studies in this area and
the motivation for this research which seeks to apply the
page rank method often used for English texts to the
problem of keyword extraction from Arabic texts.

causality,

Il. PAGE RANK ALGORITHM

Perhaps the most famous keyword search engine is
Google, which is owned by Google, Inc. The company
states that its mission is to organize the world’s information
and make it universally accessible and useful. Google is the
largest search engine on the web; it receives over 200
million queries each day through its various services. The
page rank approach lies at the heart of the Google’s search
software. The page rank algorithm for ranking web pages
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was developed by Larry Page and Sergey Brinat Stanford
University in the late 1990s as a means, to determine how
much more important a certain web page is compared to
other web pages. For their method, they use a common type
of authority measure, namely, the in-degree measure for a
specific page [2]. In essence, the page rank agorithm is
applied to a graph whose vertices represent individual web
pages, in order to determine the importance of a certain
vertex (a web page) within this graph. It does this by
taking into account global information recursively
computed from the entire graph, rather than by relying only
on local vertex-specific information. The basic concept that
is applied in a graph-based ranking model is that of voting.
When one vertex (web page) links to another one, it is
basically creating a vote for that other vertex. Thus, the
higher the number of votes for a vertex; the higher the
importance of that vertex. Each vertex is given a score that
is determined by the number of votes that are cast for by
other vertices, as well as the scores of the vertices that have
cast these votes [8]. So let G (V, E) refer to the constructed
graph, where V is the set of vertices in  the graph that
represents the web pages, and E is the set of edges between
the vertices. An edge is constructed in the graph between
two vertices when one vertex points to another vertex. So,
for agiven vertex V, let In (V) represents the set of vertices
that point to the vertex (V), and Out (V) represent the set of
vertices that points to. Thus, according to Equation 1 in [2],
the score of agiven vertex (Vi) is computed as follows:

SUD=A-d) +d* Lemwogmgy SVH O

Where d refers to the damping factor whose, value can be
set between 0 and 1. This role of this factor is to integrate
into the model the probability of jumping from a given
vertex to another random vertex in the graph. The factor
value of d isusualy set to 0.85 [2]. Therefore, this value is
used in the current research implementation.

1. KEYWORD EXTRACTION USING THE PAGE
RANK ALGORITHM

In the method for keyword extraction outlined in
Mihalcea and Tarau (2004) [8], a net- work graph is
constructed using candidate keywords as nodes, where co-
occurrence is used to draw edges between them, and then
the page rank algorithm is applied to the graph to rank the
importance of each keyword. Their text rank algorithm
makes use of the Hulth (2003) dataset. This dataset consists
of 2000 English abstracts from the international
Information Science, Physical Sciences, Engineering and
Computer Sciences (INSPEC) database from the years 1998
to 2002 and includes articles Computers and control, and
information technology (IT). Keywords were assigned by a
professional indexer into two sets: A set restricted to terms
in the INSPEC Thesaurus, and an uncontrolled set. It
should be noted that in their work, keywords were assigned
from the full documents, not just the abstracts. The
resulting keyword dataset was divided: 1000 for training,
500 for validation, and 500 for
ahold out test.
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A. Dataset

In line with the above approach, in the current research,
the text rank algorithm was tested on a collection of articles
published in the Arabic language that were collected
manually from the Internet from a range of disciplines:
Islamic law, basic and social sciences, child-rearing and IT.
This dataset was divided into two sets: 100 documents for
training, and 50 documents for a hold-out test set. Some
statistics were calculated for this dataset which was of great
benefit in the implementation of experiment. The Arabic
abstracts with their titles were reprinted in Notepad files.

Also, their corresponding keywords were also reprinted
in Notepad files with the same names as the abstract files
but with different extensions. Every file had its own total
number of keywords and keyphrases that were built
manually. Table | shows the number of keyphrases that
were found in the abstract files, which ranged from 2 to 12,
the table also shows the total frequency of abstract files that
contained the specified numbers of keyphrases.

Tablel. Number and Frequency of Keyphrasesin the
Dataset

Number of Keyphrases
2 8

Total No. of Documents

R|B|o|o|u|s|w
PlR|o|~

From Table I, it can be seen that the minimum number of
keyphrases that were found in a document was 2, and the
maximum number was 12. Table |l summarizes the
information in Table | as a computed average number of
keywords and keyphrases that can be found in a document.
Note that the keyphrases consist of one word or more. In
order to determine the length of each keyphrase, a full
statistical analysis was performed on these keyphrases.

Tablell. Minimum, Maximum and Average Number of
Keywords and Keyphrasesin the Dataset

Minimum Number of Keyphrases 2
Maximum Number of Keyphrases 12
Average Number of Keyphrases per 3.973333333
Document )

The keyphrases were identified for four different situations
(search locations):

1. Document title

2. Document abstract

3. Document title or abstract

4, Document title and abstract

Table Il shows the number of existing and non-existing
keyphrases for the above mentioned four different search
locations. Statistics in Table |11 are a great benefit in the
weighted PageRank equation. This is because the search
results can be improved by using suitable weights in the
PageRank equation. For example, in this research, the
keywords and keyphrases that were automatically found in
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titles were given more weight; because it was observed that
most of the keyphrases in the abstracts also existed in their
respective titles, The table shows the maximum expected
recall for each situation (search location), which was
caculated by dividing the total existing keywords and
keyphrases by the total number of keywords and
keyphrases (596) that were found manually in the dataset.
It shows that the maximum recall that can be achieved
when searching the documents is 63% (abstracts or titles).
In other words, the ideal recall percentage that can be
achieved is 63% not 100% because not al the keywords
and keyphrases existed in both the abstracts and titles of all
the documents. It can be seen from Table Il that based on
the title or abstract (document) search location results, the
minimum keyphrase length (in words) is one and the
maximum is six.

Tablelll. Number of Keyphrases with Different
Lengths (in Words) from Different Search L ocations

Search 2 3 4 5 6
Loca L Word | Word | Word | Word | Word Reca]l
B Word in%
-tion s s s s s
Title 61 167 33 7 3 0 45.46
Abstract 80 192 38 8 3 1 54.02
Titleor 20 227 46 9 3 1 63.08
Abstract
Tide 5 | 13 | 25 6 3 0o | 3640
and
Abstract

3497

The following steps were used to determine the number of
retrieved keyphrases based on their length:

1. Caculate the total existing keyphrases in the
abstracts and their titles (376 out atotal of 596).

2. Determine the percentage of retrieved keywords
from the total words in each document (30%).

3. Determine the number of retrieved keyphrases (12;
because the maximum number of keyphrases in a
document in the dataset is 12, as shown in Table1).

4. Focus on the keyphrases that consist of one, two and
three words because they constitute 96.54% of the
total existing keyphrases.

5. Determine the number of one-word (Single-Word)
keyphrases according to the following equation:

90

12 =
* 376

3

Where 12 is the total number of keyphrases retrieved,
90 is the number of existing one-word keyphrases in
the documents and 376 is the total number of
existing keyphrases in the documents.

6. Determine the number of two-word keyphrases
according to the following eguation:

227 .

376

Where 227 is the number of existing two-word
keyphrases in the documents.
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7. Determine the number of three-word keyphrases
according to the following equation:

46 _

376

Where 46 is the number of existing three-word
keyphrases in the documents.

2

12

From the above method, the number of automatic
keyphrases that is retrieved is 12, which is divided as
follows into; Three one-word keyphrases, seven two-word
keyphrases and two three-word keyphrases.

B. Research Methodology

The agorithm of the proposed system consists of the
following main steps:
Input: A dataset of Arabic documents (abstracts and their
titles).
Output: A set of keywords and keyphrases for each Arabic
document (abstract with itstitle).
Begin
e Boundaries of Arabic sentences are detected and
each sentence is separated.
e Arabic words in each sentence are tokenized and
tagged with three main part-of-speech (POS) tags.
Verb (V), Noun (N, N1 and NT) or Particle (P).
e Arabic nouns are divided into three main types:

— (N) refers to general nouns that are not attached
to any type of particle

— (N1) refers to nouns that are attached to particles
such as pronouns or attributes that describe
these nouns

— (NT) refersto genera nouns that are not attached
to any type of particle and appear in document
titles.

¢ Punctuation marks between words in each document
are tokenized as punctuation marks that separate
sentencesin files.

e Vertices are chosen from the text based on manual
tagging, where only nouns of types (N and NT) are
selected. According to the training dataset, user
tends to use nouns as keywords in the Arabic
language. This differs from the situation for the
English language, where users tend to use nouns and
adjectives as keywords.

e Edges are drawn between vertices that fall within a
co-occurrence window of size n, and these edges can
be forward, backward or bidirectional.

e The page rank algorithm is applied on the
constructed graph using an initial value of 1 for each
vertex until convergence to within a specified
threshold value occurs [6].

o Vertices are sorted by their page rank scores in
descending order and a percentage of the total
number of tokens in each document is chosen as
keywords. Each token is expanded into a set of
keyphrases by searching for each occurrence of the
token in the original text, and for each occurrence all
adjacent words that are eligible tokens and collected
and concatenated into a phrase [8].
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In this research, the top 30% of the total number of tokens
in each document are selected as keywords according to
their page rank scores. For example, if the total number of
words in a document is 100, then just the top 30 vertices are
selected as keywords. While, if the total number of words
in a document is 85, a ceil function is used to ignore the
fractional part and round up to the next integer, then the top
26 vertices are selected as keywords.

C. Creation of Graphsfor Arabic Texts

There are two main steps in the methodology adopted for
this research: (1) construct a graph from an Arabic text and,
(2) application of the page rank agorithm to the
constructed graph. Fig. 1 shows an example of an Arabic
document from the collected dataset. The document is an
abstract and it is named (20.ABSTR) and is used as to
illustrate the steps followed in the research methodology.

(Title)
ladgal Aggl) - e Ll agie 3 Adal)

(Abstract)

Sigaa Sra dx Y oal ¢ Jelll g clad¥) soaer S9S JA ¢ Sle Ll agle aliedl Al ARl 332 gD
oy Allie Al Lghadd s ¢ agiall Ade Allewe; SN 2 Uias Le g1 € Algaad GRdl
L lgte mal ol ) Gagla LIt g el 4BEN 3 ) B

(ML 1 Kevwords and kevphrases)

Agall
el aghe

Al

Fig. 1. Example of Arabic abstract document
(20.ABSTR).
First, every token in the document is tokenized and tagged,
asshowninFig. 2.

NI lalgt NT &g :: NT cle,d NT o P b NT Adal

P ¢ Nae,d Nage Nl NAila NG Pob Vo
Négs Pow Py PY Pal ¢ N sl Py N chad) NLisw Vot
NLilw N guifill P ¢ Vdm PL P4 £f Nl 4pal N gail
NO N1 g N Afie N aup NLLEdp Py < Nagill N ide
o Pl Nl P N pagldll N1 Py N o) N 4iilh P i

Fig. 2. Tokensand Part-of-Speech Tags for document
(20.ABSTR).

Then, after the stopwords have been removed, the graph of
the document is constructed by using nouns of types (N and
NT) as vertices. The co-occurrence relation is used to
connect the selected vertices, which is controlled by the
distance between the word occurrences. All the lexical units
that pass the above syntactic filter are added to the graph,
and an edge is added between those lexical units that co-
occur within a window of N words, where N can be set
anywhere from between 2 to 10 words. In Fig. 3 the tokens
shaded in yellow are the vertices for the document
(20.ABSTR) that are selected to construct a graph after the
data have been filtered and only the tokens of types N or
NT have been selected. The right part of the shaded text
represents the token (word) and the left part represents its
POS tag; note that the two parts are separated by an
underscore ().
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NI ladgad NT Agll : : NT cle,dll NT 4% P NT Adal

PO ¢ Nae,dl Nuage Nl NALe NAGH Ped V. oys
N & Pos Py PY Pl o NJsdll Py N o) N1 isw Vo
Nl Ly N owiglill P o Vs PL Py $¢ Nl alpaad N ail
N N1_pas: N Ajis N Ay N1 Py o« N gl N ide

L Pl Naldl P N oasldll N1 P g N ool N 4iil) P 3

Fig. 3. Vertices selected from document (20.ABSTR).

Edges in a graph may be directed or bidirectional. A
bidirectional graph is a graph in which the vertices or nodes
are connected together, where al the edges are
bidirectional. In contrast, a graph in which the edges point
in a certain direction is called a directed graph. A directed
graph may be a forward or backward graph. In a forward
graph, vertices are connected together, where each vertex
points to its successors based on a certain relation, while in
a backward graph, al the vertices are connected but each
vertex points to its ancestors, also according to a specific
relation [7]. In the first experiment, the above three graph
types (bidirectional, forward, back- ward) are implemented
separately on the training dataset. Then other features are
added to each graph type gradually to determine whether
those features improve the outcomes. The results are
compared based on the highest average F-measure value in
order to select the best settings. These settings are then
applied to the test set.

D. Application of the Graph Types to the Documents

Bidirectional Graphs Each edge in a bidirectional graph
has two directions. When the window size is set to 3, the
tokens shaded yellow (vertices of the constructed graph) in
Fig. 3 are tested to determine whether these vertices exist
within a window size of 3 in the original document. If they
do, then there is a bidirectiona relation between these
vertices according to their locations in the origina
document. Fig. 4 shows the bidirectional graph built for
document (20.ABSTR) with awindow size of 3.

Fig. 4. Bidirectional graph for document (20.ABSTR)
with window size of 3.
Forward Graphs In aforward graph every vertex points to
its successors according to the used window size and its
position in the text. Fig. 5 shows the forward graph built for
document (20.ABSTR) with a window size of 3.
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Fig. 5. Forward graph for document (20.ABSTR) with
window size of 3.

Backward Graphs In contrast to the forward graph, in the

backward graph, every vertex points to its ancestors, also

based on the window size and its position in the text. Fig. 6

shows the forward graph built for document (20.ABSTR)

with awindow size of 3.

Fig. 6. Backward graph for document (20.ABSTR)
with window size of 3.

E. Applying the Page Rank Algorithm

After the vertices are added to the constructed graph they
are restricted through the use of syntactic filters that select
only the lexical units of a certain part of speech, such as
only nouns of type (N or NT), for each Arabic document
(abstract and its title) in the sample. All the lexical units
that pass the syntactic filter are added to the graph, and then
edges are drawn between those lexical units that co-occur
within a predefined word window. After the graph is
constructed (bidirectional, forward or backward), the score
associated with each vertex is set to an initial value of 1.
Then the page rank algorithm (Equation 1) is run on the
graph vertices for several iterations until it converges. This
process usually requires 20 to 30 iterations to reach an error
threshold of 0.0001. Convergence is achieved when the
error rate for any vertex in the graph falls below that
threshold. The error rate is approximated by using the
difference between two successive scores for each of the
graph vertices. When a fina score has been obtained for
each vertex of the graph of a document, the vertices are
sorted in reverse order according to their page rank scores.
Then the top 30% of the total number of tokens that exist in
a document are retrieved for use in the post-processing
steps for keyword and keyphrase extraction into a page rank
list.
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Note that the value of 30% was selected after comparing
the results of several experiments conducted on the training
test to identify the best possible rate that would lead to the
best results, as shown in Equation 2.

Keywords = |30 percent = Total Tokens| (2)

Where Total Tokens refers to the total number of tokensin
the document. This number is equal to 55 in document
(20.ABSTR). Therefore, according to Equation 2 above, the
number of selected vertices =17.

Keywords = |30 percent * 55|
Keywords = |16.5|
Keywords = 17

Hence, the top 30 percent of the words (17 words) extracted
from document (20.ABSTR) in Fig. 3 are retrieved for the
post-processing stage in this system.

F. Post-Processing Sepsto Extract Keywords and
Keyphrases

After removing stopwords, applying the above syntactic
filters that select only lexical units of a certain part of
speech, assigning a page rank score for each vertex in the
constructed graph, arranging the vertices in descending
order according to their page rank scores and choosing the
top 30% of the total humber of words in the document as
keywords, the post-processing stage to extract keywords
and keyphrases takes place as follows:

I nput:

A list of Arabic documents (abstracts and their titles), and a
list of selected keywords for each document.

Output: A set of keywords and keyphrases for each Arabic
document (abstract with itstitle).

Begin

1. Scantheoriginal document token by token.

2. Add dl single tokens found in the text and apply
the page rank algorithm to return a candidate list
of keyphrases with the corresponding page rank
score.

3. Add all successive tokens found in the original
text as a keyphrase to the keyphrase list with the
corresponding page rank score which is equal to
the summation the of tokens’ page rank scores
constituting that keyphrase.

4. Ignore al keyphrases of size greater or equal to
four tokens.

5. Remove al keyphrases of size 3 (i.e, those that
consists of three tokens) if they have a candidate
sub-keyphrase of size 2 (i.e, consisting of two
tokens).

6. Sort al the returned keywords and keyphrases
based on their page rank scores, then:

e Add the top three keyphrases of size 1 (one
word) to the final list of keyphrases.

e Add the top seven keyphrases of size 2 (two
words) to the final list of keyphrases.

e Add the top two keyphrases of size 3 (three
words) to the final list of keyphrases.

To summarize, all the tokens in the original document are

scanned and if there are two or more successive keywords
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then a keyphrase is composed out of these successive
keywords. Else a keyword consisting of a single word is
selected. Thus, keywords and keyphrases of several lengths
are composed. Based on an assessment the statistics derived
from the used dataset, it was found that the percentage of
actual keyphrases with lengths of one, two and three words
congtituted the greatest proportion of the total, at about
96.54%. Therefore, automatic keyphrases containing one,
two and three words were selected and automatic
keyphrases with lengths greater than three words were
ignored. Finally, a specific number of retrieved automatic
keywords and keyphrases of two or three words in length
are selected according to some statistics derived from the
used data. Hence, for document (20.ABSTR), The top three
keywords of one-word in length, the top seven keyphrases
of two words in length and the top two keyphrases of three
words in length were selected as the extracted keywords
and keyphrases.

G. Weighted Verticesin Graphs

Two methods are used to apply weights to the graph
vertices:

e The final page rank score for each token is multiplied
by its frequency in the document.

e Each page rank score for the selected keyword that
exists in the document title is multiplied by a weight
value that is determined by (3), after applying severa
experiments.

The results of the experiment showed that using weights
for the graph vertices improved the results significantly.
Vertices are connected through links (edges). These links
may be strong or poor depending on severa factors. For
example, words may occur more than once in a document.
In this study, weights are applied to the vertices in the
constructed graph according to frequency of the term
(word) in the document and the positions of the term
(word) with in the document, either in the title or the
abstract.

IV. EXPERIMENTSRESULTS

The following is a list of additional features and
techniques that were employed in the proposed system in
order to determine whether and to what extent their usage
would improve the results of the page rank a gorithm:

1. Graph Type.
2. Removal of stopwords.
3. POStagging.

4. Window size (2, 3, 5 or 10).

5. Weightsfor vertices.
The results of applying the above features are presented in
the following subsections.

A.  Experiment 1: Effect of Graph Type

The first experiment was performed to determine the
effect of the graph edge direction on the effectiveness of the
proposed keyphrase extraction system using the page rank
algorithm. The texts in this experiment include stopwords
but POS tagging was not applied to the tokens in the
documents.
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The texts were taken from the training dataset. Tables IV, V B. Experiment 2: Effect of Slopword Removal
and VI show the results of applying the proposed system
using a bidirectional graph, forward graph and backward
graph, respectively, with window sizes of 2, 3, 5 and 10 on
the training dataset.

The second experiment involved removing the stopwords
from the training dataset and then applying the proposed
system using the forward graph, to window sizes 2, 3, 5 and
10 but without using the POS tagging process. Table VII
shows the results. As can be seen from the table, the
removal of stopwords from the documents as a
preprocessing step before applying the proposed system

Table1V: TextRank Using Bidirectional Graph (Bl)

and Various Window Sizes (w) on the Training Dataset
Ret-

Experi- Rl ; leads to better results. Since stopwords are very common
e Ret- rieved Pre- F- . .

ment vants | rieved | Rele | REA | casion | Measuravprds that appear frequently in text they carry little
Name . . . Jo

vants meaning; they serve a syntactic function but do not indicate

BlLw=2 | 401 | 1142 | 12 | 00352 | 00110 | 00162 g hiect matter. Their presence can cause problems when
Bl,Lw=3 | 401 | 1142 | 12 | 00352 | 00110 | 00162

Bl w=5 | 401 | 1142 12 00352 | 0.0110 00162 ching for phrases that can best describe a document, so
BlI, w=10 | 401 | 1142 12 0.0352 | 0.0110 0.0162 their remova tends to yield better results because the
competition for a page rank is then just between the
required tokens. The effectiveness of stopword removal is
graphicaly illustrated by Fig. 8 which shows a comparison
TableV: TextRank Using Forward Graph (FD) Various of the F- measure values for different window sizes of 2, 3,

Window Sizes (w) on the Training dataset 5 and 10 using the forward graph on the training dataset
i Ret- with and without stopwords.
E;F;rtl Rele- Ret- rieved Recall Pre- F- P
Name | Vants | rieved | Rele- ceson | Measure TableVII: TextRank Using Forward Graph (FD) and
L Various Window Sizes (w) on the Training Dataset after
FD,w=2 | 401 | 1074 8 0.0196 | 0.0071 [ 0.0101 9
FD,w=3 | 401 | 1079 9 0.0236 | 0.0089 | 0.0126 Removal of Stopwords
FD,w=5 | 401 | 1073 10 0.0240 | 0.0114 | 0.0145 Experi- Ret- E
FD,w=10 | 401 [ 1043 15 0.0363 | 0.0180 | 0.0209 ment Rele- | Ret- | rieved | Re Pre Meas
vants | rieved Rele- | call cesion
) Name vants ure
TableVI: TextRank Using Backward Graph (BD) ol
Various Window Sizes (w) on the Training Dataset My e |14 | a7 |12 0.0396 0‘%58
Er)r(g?]rti- Rele- | Ret- rr\;st(;d Recall Pre- F- D 5O9 0,068
N vants | rieved Rele- cesion Measure . 401 1131 53 14 0.0456 ’
ame w=3 2
vants 64
BD,w=2 | 401 | 1095 2 0.0058 | 0.0017 0.0027 D 0. 0.075
BD,w=3 | 401 [ 1088 2 0.0050 | 0.0019 0.0028 Wt 401 | 1139 58 16 0.0519 4
BD,w=5 | 401 | 1078 7 0.0203 | 0.0067 0.0100 05
BD,w=10 | 401 | 1051 10 0.0248 | 0.0119 0.0146 FD, 0. 0.08
. 401 | 1135 63 17 0.0566 o7
Based on the above results, it can be seen that the forward S0
graph has the highest F-measure values in all window sizes.
Therefore the forward graph was adopted instead of the
backward and bidirectional graphs and the rest of ‘
experiments were performed using the forward graph only. ‘ 22: ‘
Fig. 7 contains a bar chart of the results of the above Vs
experiments using window sizes of 2, 3, 5 and 10 and | o0
T . 3 |
bidirectional (BI), forward (FD) and backward (BD) graphs g
L | E 0.04 -+ B With Stopwords
on the tra nlng data%t | & o003 W Stopwords Removal
002 +
001 +
ol
FD, w=2 FD, w=3 FD, w=5 FD, w=10
Experiment Name
0.025 L
o 002 Fig. 8. F-measureusing forward graph and different
g 0015 - window sizeson training dataset with and without
s o001t stopwords.
* ooos 4R I il sl . C. Experiment 3: Effect of POS Tagging
L s S = TS, BT T . .
3 J, PSP LESE LS The third experiment was conducted to assess the effect
ool 0"‘“%‘@ ® @“‘ of using POS tagging on the training dataset after the
ESperimenthame removal of stopwords.

Fig. 7. F-measure Using Bidirectional (BI), Forward
(FD) and Backward (BD) graphswith Different
Window Sizeson Training Dataset.
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This experiment involved removing the stopwords,
tokenizing the words in the documents by utilizing the POS
tagging process and then applying the proposed system
using forward graph with window sizes 2, 3, 5 and 10.
Table VIII shows the results.

TableVIII: TextRank Using Forward Graph (FD)
various Window Sizes (w) on the Training Dataset after
Removing Stopwords and Applying POS Tagging.

training and test datasets, each page rank score for each
word was multiplied by its frequency in a document. In
Arabic texts words that are more frequent must be given
more weight so that they are selected as keywords. Table X
shows the results of applying the token frequency weight to
the training dataset and Table XI shows the results for the
test dataset. It can be seen that the F-measure score
significantly increases from 0.1535 to 0.1683 for the
training dataset and from 0.1473 to 0.1560 for the test

i Ret- datipset.
Er):]%irt' Rele- Ret- rieved Recall Pr‘e- ) -
Name vants | rieved | Rele- ceson | Measure |TableX: TextRank Using Term Frequency in the
vants o . .
FD,w=2 | 401 | 982 107 0.2785 | 0.1093 | 01535 | orvyard Graph (FD) and Wlnglow Sizeof 2on the
FD. w=3 201 087 104 02710 | 0.1055 01478 | Training Dataset after Removing Stopwords and
FD, w=5 401 986 101 0.2662 | 0.1028 0.1445 Applying POS tagging
FD,w=10 | 401 | 989 103 0.2687 | 0.1048 | 01471 | Rele Ret-
Lr%iﬁt ) N rl?:tv;e rieved Recall Pre- Mefa-sur
The effectiveness of POS tagging is shown in Fig. 9, which| name | V@t | g Rele- cesion e
provides a comparison of the F-measure values for different S vants
window sizes of 2, 3, 5 and 10 using the forward graph on| pp, a1 | ogp 117 03060 | 01203 | 01683
the training dataset after stopword removal with and] w=2 ' ) )

without POS tagging.

018
0.16

0.14

012
01

'r

FD, w=3 FD, w=5 FD, w=10

0.08
006 3
0.04

®without POS Tagging

F-Measure

mwith POS Tagging

002 +—

Experiment Name

Fig. 9. F-measureusing Forward graph with different
Window Sizeson training dataset after removing
Stopwor dswith POS tagging with and without POS
tagging.

In order to assess the performance of the proposed system
on the test dataset, the above features were applied to the
test dataset at different window sizes. Table IX shows an
example of the results when the features were applied to the
test dataset with a window size of 2, which was found to be

the optimum window size for this part of the experiments.

TablelX: TextRank Using Forward Graph (FD) on the
test dataset after Removing Stopwordsand Applying
POS Tagging at a Window Size of 2.

Table XI: TextRank Using Term Frequency in the
Forward Graph (FD) and a Window Size of 2 on the
Test Dataset after Removing Stopwords and Applying

POS Tagging.
. Ret-
Experi- Rele | Ret- | rieved Pre
ment . Recall .
vants | rieved Rele- cesion Measure
Name
vants
FD, w=2 195 493 52 0.3032 0.107 0.156

E;[;nertl— Rele- I?I(;t/ Ret-rieved Recall Pre- M F-
Name vants ed Rele-vants cesion rE eaSL
FD, 195 | 493 49 0.2855 | 01014 | 0147
w=2 3

2) TermPosition asa Weight

The automatic keywords and keyphrases generated by the
proposed system and those that existed in the titles given
more weights in order to determine whether this approach
would have an effect on the results. Thus, every generated
keyword or keyphrase in the title was multiplied by a
number to give it more weight. Specificaly, the page rank
scores of the keywords and keyphrases in the titles were
multiplied by weights of 1, 2, 3, 5, 10, 15, 20 and 30. Table
X1l shows the result of using these term positions as
weights in the proposed system together with forward graph
and a window size of 2 and applying the proposed system
to the training dataset.

Table X11: TextRank Using Term Position Weights
(WT) in the Forward Graph (FD) with a Window Size
of 2 on the Training Dataset after Removing Stopwords

and Applying POS Tagging.

D. Experiment 5: Effect of Using Weights for the
Verticesin the Graph

The fifth and fina experiment involved adding different
types of weight to the page rank score for each word based
on several factors. Numerous runs of the experiment were
made to find suitable weights that would improve the
results of the proposed keyword extraction system. Three
types of weights were used: Token frequency, token
position (abstract or title) and a combination thereof.

1) Token Frequency asa Weight
In order to check the effect of token frequency on the
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Experi- Ret- F-
Rele- Ret- rieved Pre-
ment vants | rieved Rele- Recall cesion Meas.
Name re
vants
FD, 0.27 0.109 0.153
WT=1 401 982 107 a5 3 5
FD, 0.29 0.160
WT=2 401 983 112 12 1139 1
FD, 0.29 0.114 0.161
WT=3 401 983 113 a5 P 5
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in the value of the F-measure. Table X1V shows the result
of using the combined term frequency and term position
weights in the forward graph with a window size of 2 on
the training dataset, after stopword removal and with POS.
The weight number of 3 was multiplied with the tokens that
existed in the titles.

Table XIV: TextRank Using Combination of Term
Frequency and Term Position Weights (WT) in the
Forward Graph (FD) with a Window Size of 2 on the
Training Dataset after Stopword Removal and
Application of POS Tagging.

As can be observed from Table XII, increasing the term
weight number resulted in an increase in the value of the F-
measure. The weight number was increased until values
became fixed and unchanged. The highest f-measure value
was obtained by a weight number of 3. Table XIII shows
the result of using the term position as a weight in the
proposed system when it was applied to the test dataset.

It can be seen that very similar results were obtained by
using several weights for the tokens in the titles. However,
the highest F-measure value was still that obtained by the
weight number of 3. So only this weight needs to be used to
multiply the tokens that existed in the titles of the data
sample.

Table X111: TextRank Using Term Position Weights
(WT) in the Forward Graph (FD) with aWindow Size
of 2 on the Test Dataset after Removing Stopwords and

Experi- Ret | Ret- F-
p Rele- - rieved Pre-
ment . Recall . Measu
vants rie Rele- cesion
Name re
ved | vants
FD, 68 0.210
WT=3 401 4 111 0.2948 | 0.1936 2

Table XV shows how using the above combination of
weights in the proposed system also improved the results
for test dataset using the same parameters.

Fig. 10 and 11 show the results of using the forward graph,
stopword removal, POS tagging and a window size of 2
with the above combination of weights on the training
dataset and test dataset, respectively.

Table XV: TextRank Using Combination of Term
Frequency and Term Position Weights (WT) in the
Forward Graph (FD) with aWindow Size of 2 on the
Test Dataset after Stopword Removal and Application
of POS Tagging.

Experi- Ret-
ment Rele- Ret- rieved Recall Pr‘eL F-
vants | rieved Rele- cesion Measure
Name
vants
FD, WT=3 195 283 43 0.2465 0.1828 0.1982

Applying POS Tagging.
Experi- Ret-
m%nt Rele- Ret- rieved Recall Pre- F-
N vants | rieved Rele- cesion Measure
ame
vants

FD, 195 | 493 | 49 | 02855 | 01014 | 01473
WT=1 ' ' '

FD, 195 | 493 53 | 03078 | 01108 | 0.1604
WT=2 ' ' '

FD, 195 | 493 53 | 03088 | 01112 | 0.1610
WT=3 ' ' '

FD, 195 | 494 53 | 03088 | 01107 | 0.1605
WT=4 ' ' '

FD, 195 | 494 53 | 03088 | 01107 | 0.1605
WT=5 : : :

FD, 195 | 494 53 | 03088 | 01107 | 0.1605
WT=10 ' ' :

FD, 195 | 494 53 | 03088 | 01107 | 0.1605
WT=15 : : '

FD, 195 | 494 53 | 03088 | 01107 | 0.1605
WT=20 : : '

FD, 195 | 494 53 | 03088 | 01107 | 0.1605
WT=30 : ' :

3) Term Frequency and Term Postion as a

Combined Weight

In afinal experimental variation, the term frequency weight
was combined with the term position weight, results to
investigate whether there would be a further improvement

Retrieval Number: L26141081219/20190BEIESP
DOI:10.35940/ijitee. L 2614.1081219
Journal Website: www.ijitee.org

3503

e
3 o1s
H
1]
E 01
r WFD, w22
005
0

without Weights Term Frequency
Weight

TermPosition  Term Frequency
Weight  &Term Position

Experiment Name

Fig. 10. F-measure using Forward graph and a window
size of 2 on thetraining dataset after removing
stopwords and applying POS tagging.

Fig. 11 shows the results of using the forward graph,
stopword removal, POS tagging and a window size of 2

with the above weights on the test dataset.
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F-Measure
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Fig. 11. F-measurefor Different Experimentsusing
Forward graph and a window size of 2 on the test
dataset after removing stopwor ds and applying POS

tagging.

V. CONCLUSION

The results of the experiments conducted for this study
show that it is possible to build a keyword extraction
system using the page rank algorithm and to apply it
successfully to Arabic texts, despite the difficulties of the
Arabic language which is morphologically rich and highly
ambiguous due to its complex morpho-syntactic agreement
rules and the presence of alot of irregular word forms. The
results of several experiments on the training dataset
revealed the most suitable the suitable techniques and tools
to use to obtain the best possible results when applying the
proposed keyword extraction system to the test dataset.
These techniques and tools are as follows:

e Using the forward graph
e Removing stopwords from documents as a
preprocessing step.
e Applying a linguistic feature, namely POS tags, on
the words in documents as a preprocessing step.
e Using the window size of 2.
e Multiplying the page rank scores of the graph
vertices by their frequencies and multiplying the
page rank scores of the termsin thetitles by 3.
The results showed that removing al meaningless
stopwords, and nominating general nouns that exist either
in the abstracts or titles improves the results significantly.
In addition, the results proved that the word position is an
important factor in a keyword extraction system for Arabic
text as assigning more weight to the words that exist in
titles improve the results significantly. Furthermore, the
results indicated that the word frequency is aso an
important factor as multiplying each word’s page rank
score by its frequency also led to a significant improvement
in the results.
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