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Abstract—Whereas a wide range of methods has been
conducted to English multi-word terms (MWTs) extraction,
relatively few studied have been applied to Arabic MWTs
extraction. In this paper, we present an efficient approach for
automatic extraction of Arabic MWTs. The approach relies on
two main filtering steps: the linguistic filter, where simple part
of speech (POS) tagger is used to extract candidate MWTs
matching given syntactic patterns, and the statistical filter,
where two statistical methods (log-likelihood ratio and C-value)
are used to rank candidate MWTs. Many types of variations
(e.g. inflectional variants) are taken into consideration to
improve the quality of extracted MWTs. We obtained
promising results in both coverage and precision of MWTs
extraction in our experiments based on environment domain
corpus.

I. INTRODUCTION

UTOMATIC term recognition (ATR) is still playing

an important role in many Natural Language Process-
ing (NLP) applications such as machine translation, book
and digital library indexing, hypertext linking, and text cate-
gorization. The main objective of ATR is extracting domain
specific terms from special language corpora [1].

One of the most important types of ATR is extraction of
multi-word terms (MWTs); this comes from the advantages
of using MWTs in machine translation, summarization,
question answering systems, and many important computa-
tional linguistic applications. MWT can be defined simply as
a group of words, which are consecutive and constitute a
semantic unit [2].

There are three main approaches for extracting MWTs.
The first one uses a linguistic filter that depends on syntactic
patterns or MWT boundaries detection. The second
approach uses a statistical filter to specify the probability of
each sequence of words to constitute a MWT. The last one is
a hybrid approach of the two previous approaches, this
approach extracts candidate MWTs using a linguistic filter,
and then it assigns each candidate MWT a score depending
on some statistical methods [3].

Most of the statistical methods for MWT extraction con-
centrate on one of two features: the unithood which is “the
degree of strength or stability of syntagmatic combinations
or collocation” [4], and the termhood which is “the degree
to which a linguistic unit is related to domain-specific con-
cepts” [4]. Many methods have been proposed as a unithood
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measure such as mutual information [5], log-likelihood ratio
(LLR) [6], and left/right entropy [7], while there is the C-
value method [8] as an example of termhood measure.

In this paper, we adopt the hybrid approach to extract
MWTs from an Arabic corpus. Needless to say that there is a
rapid development of computational linguistic applications
for Arabic language nowadays, Arabic is the official lan-
guage of 22 countries, it is spoken by more than 200 million,
and it has a very high esteem in the Muslim world [9]. The
proposed approach includes two main steps: the linguistic
filter and the statistical filter. In the first step, we propose
syntactic patterns and use simple part of speech (POS) tag-
ger to extract candidate MWTs. In the second step, two sta-
tistical methods are used to rank the candidate MWTs: the
LLR method and the C-value method. We consider some re-
lated issues like morphological and syntactic ambiguities.
For evaluation purpose, we use an environment domain Ara-
bic corpus, the results indicated that our approach is effec-
tive, and can be used in many related NLP applications effi-
ciently.

The contribution of our work includes two main points: in
the linguistic side, we made an enhancement to the syntactic
patterns to be simple and able to exclude a number of wrong
candidate MWTs. Moreover, in the statistical side, we take
into account both termhood and unithood measures, since we
use a combination between the LLR method and the C-value
method in the ranking process.

The paper is structured as follows. Some of the related
work is described briefly in section two. In section three we
present our proposed approach to extract MWTs. Section
four explains how the approach treats the term variations.
Section five shows the experiments and the results of apply-
ing the extraction approach. The last section contains the
conclusion and the future work.

II. RELATED WORK

A lot of work has been done to extract MWT in many lan-
guages. This work has been proposed by using linguistic fil-
ters, statistical methods, or both as a hybrid approach. How-
ever, the majority of the latest MWT extraction systems
have adopted the hybrid approach, because it has given bet-
ter results than using only linguistic filters or statistical
methods [10].
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As far as we know, there are a few MWTs extraction sys-
tems of Arabic language, one of them is the work which has
been presented by Attia, M. A. [11], he has adopted the lin-
guistic approach by doing manual and semi-automatically
extraction of Arabic MWTs.

In another work, Boulaknadel, S.; Daille, B.; and Aboutaj-
dine, D. [12] have adopted the hybrid approach to extract
Arabic MWTs. The first step of their system is extraction of
MWT-like units, which fit the follow syntactic patterns:
{noun adjective, nounl noun2, nounl preposition noun2}
using available part of speech tagger, taken into considera-
tion graphical, inflectional, morphosyntactic, and syntactic
variants. The second step is ranking the extract MWT-like
units using association measures, these measures are: log-
likelihood ratio, FLR, Mutual Information (MI®), and t-s-
core. The evaluation process includes applying the associa-
tion measures to an Arabic corpus and calculating the preci-
sion of each measure using a collected reference list of Ara-
bic terms [12].

Another system has been proposed by Bounhas, 1. and Sli-
mani, Y. [13]; they have proposed a hybrid approach to ex-
tract compound nouns. In the linguistic side, they used
matcher between POS tagger and morphological analyzer to
produce sequences of tokens, each token could be represent-
ed by a number of solutions, and then using a syntactic pars-
er to extract candidates of compound nouns. In the statistical
side, they applied the LLR method. In the evaluation step,
they used almost the same corpus and reference list which
have been used in [12]. Their results were promising espe-
cially with bigram MWTs [13].

II1. PRoPOSED APPROACH

The proposed MWTs extraction approach has the follow-
ing features: (i) the system is simple as much as possible to
avoid performance and complexity problems, (ii) accurate
since there are previous systems [12] and [13] which have
got good results, and (iii) able to cover the importance of
MWT to increase the possibility for using it in other NLP
systems such as summarization and machine translation sys-
tems.

The proposed approach for extracting Arabic MWTs is
composed of two main steps: (i) the linguistic filter, where
we extract candidate MWTs, and extract bigrams from can-
didate MWTs (ii) the statistical filter, where we rank bi-
grams by the LLR and C-value scores. In the following sub-
sections, we cover the two steps in more details.

A. Linguistic Filter

There are many types of MWT, such as idioms, phrasal
verbs, verbs with particles, compound nouns, and colloca-
tions [13]. Our choice was similar to [12] and [13] where we
chose to deal with compound nouns, since we agree with the
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fact that nouns can represent document’s subject efficiently
[13]. To extract candidate MWTs, we left the syntactic pat-
terns which have been used in many systems like [12], and
propose new patterns based on definite and indefinite types
of nouns. Table 1 and Figure 1 show our syntactic patterns.

TasLE 1.
SyNTACTIC PATTERNS OF MWT

1) definite noun T—=> one or more definite nouns
2) indefinite noun —=> one or more indefinite nouns
3) indefinite noun =—=>one or more definite nouns
@ | (1) or(2)or (3) ==>preposition ==X1) or (2) or (3)

TN
—
)=

en—1

Fig.1: Graphical model of syntactic patterns

These syntactic patterns have some advantages over the
patterns used in other extraction systems such as [12]. First-
ly, it doesn’t require an advanced part of speech tagger. It
needs simple one with just three categories (noun, verb, par-
ticles). Obviously, this means better performance because
most of the POS taggers still have problems in differentia-
tion between nouns and adjectives [11], and less complexity
since we don’t need many words’ classes such as adjectives
and adverbs, which advanced POS taggers try to determine.
Secondly, these patterns include the entire correct candidate
MWTs which might be extracted by patterns in [12], and ex-
clude a collection of wrong candidate MWTs which patterns
in [12] may extract. Table 2 shows examples of MWTs ex-
tracted from proposed patterns and patterns proposed in [12].

The extraction of candidate MWTs starts with the prepro-
cessing step, which includes four sub steps. The first one is
the tokenization, where we separate text into main tokens
(words). Words are always separated by white spaces or
punctuation marks in Arabic language. The second sub step
is the stemming, where the stem of each word is extracted
using an available stemmer proposed by khoja, S. [14].
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TaBLE 2.
ExampLes oF MWTSs EXTRACTED FROM PROPOSED PATTERNS AND
PatTERNS PrOPOSED IN [12]

New Patterns Is it
Candidate MWT atterns used in correct
P [12] MWT?
sl gl yes yes yes
biodiversity
slall ulal yes yes yes
water distillation
s sl yes yes yes
thermal pollution
ile elad no yes no
the sky is cloudy

This stemmer specifies the word’s stem and type, the
types which the stemmer can define are {stemmed word,
stop word, strange word}, the stemmer has its own list of
stop words which we modify through adding additional stop
words. The third sub step is the frequency calculation. In this
sub step, we calculate the frequency of each word as well as
the frequency of each stem. This sub step is important in
dealing with variations. The last sub step is the sentence seg-
mentation. We use simple method for this purpose, where
special punctuation marks are used to determine the bound-
aries of the sentences.

The second step after the preprocessing one is the word’s
classification (by means of Simple POS tagger). There are
three main classes of the word in Arabic: noun, verb, and
particle. What we care about in this step is distinguishing the
nouns from other classes, since our patterns primarily de-
pend on nouns. Although the available POS taggers can help
us very well in this step, we decided to ignore them and
adopted the approach which has been proposed by Ahmad T.
and Salah A. [15].There are two reasons for that. First, this
approach is simple and accurate. Therefore, it is able to keep
one of the merits of our syntactic patterns, which is the sim-
plicity. Second, this approach has a morphological analyzer
phase. This phase is helpful on dealing with term variations.

The architecture of the adopted approach for words’ clas-
sification contains three main phases. The first phase is the
lexicon analyzer. In this phase a lexicon of stop lists in Ara-
bic language is defined. This lexicon includes prepositions,
adverbs, conjunctions, interrogative particles, exceptions,
questions and interjections. All the words have to pass this
phase, if the word is found in the lexicon, it is considered as
tagged to one of the previous closed lists. The next phase is
the morphological analyzer. Each word which has not been
tagged in the previous phase will immigrate to this phase. In
this phase, firstly, the affixes of each word are extracted, the
affix is a set of prefixes, suffixes and infixes. After that,
these affixes and the relation between them are used in a set
of rules to tag the word into its class. It is important to say
that this phase is the core of the system, since it distinguish-
es the major percentage of untagged words into nouns or
verbs. The last phase is the syntax analyzer. This phase can

help in tagging the words which the previous two phases
failed to tag. It is consisting of two rules: sentence context
and reverse parsing. The sentence context rule is based on
the relation between the untagged words and their adjacent,
where Arabic language has some types of relations between
adjacent words. These relations can help in tagging the
words into its corresponding class. The reverse parsing rule
is based on Arabic context-free grammar. There are ten
rules, which are used frequently in Arabic language.

The Third step to extract the candidate MWTs is extrac-
tion of sequences of nouns, as well as sequences of nouns
that connected by a preposition. In this step, we consider
each sentence as a separated unit, and using the words’ clas-
sification approach to extract sequences of nouns. For the se-
quences of nouns that connected by prepositions, we had
two types of prepositions: prepositions which constitute a
separated word and prepositions which are stuck with anoth-
er word. We deal with the two types because our syntactic
patterns consider prepositions from the two types. Table 3
shows examples of prepositions' types. Table 4 shows exam-
ples of extracted sequences of nouns.

TasLE 3.
ExampLEs oF PreposiTiONS' TYPES
separated proposition oo e.g. il (e alanl)
disposal of wastes
stuck preposition <@ e.g. hanll g
drip irrigation
TasLE 4.

ExampLES oF EXTRACTED SEQUENCES OF NOUNS

sequence of nouns e.g. Gl 4 sal dlia ¥ dakiia

world meteorological

organization
sequences of nouns that €.g. e oSl
connected by a preposition remote control
e.g. WYL juadll

the expression by reference

The last step is testing each extracted sequence based on
MWTs syntactic patterns, the sequences which fit the pat-
terns will be considered as candidate MW Ts. Figure 2 shows
the main steps for extraction of candidate MWTs using the
linguistic filter.

MWT might be classified based on the number of words.
Bigram term is the term of two words. We decide to consid-
er bigrams and discard the other terms which consist of more
than two words. Simply, we noted from the terminology
databases that the major percentage of compound nouns is
bigrams.

In our work, we extract the bigrams from each candidate
MWT. We noted that some bigrams are MWT while others
are not. However, this is the last step before using the statis-
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Preprocessing Word's

Classification

Tokenization

Sequences of
Nouns

- Stemming e N g
| Frequency < |~

Caleulation Verh

Word

Sentence

Segmentation particle

Extraction of ‘:‘T\\) Extraction of Candidate
Sequences Sequences of g MWTs MWTs

Nouns Connected

by Preposition

Fig. 2: The main steps for extraction of candidate MWTs using the linguistic filter

tical methods to rank the terms. Table 5 shows an example
of bigrams’ extraction.

TaBLE 5.
EXAMPLE OF BIGRAMS’ EXTRACTION
Candidate sind bl Siadsaaiall Y b
MWT united states Antarctic research program
LY sl ali NOT MWT
states program
sasidll <l MWT
united states
Gipdaaial NOT MWT
Bigrams united for research
kil &l NOT MWT
for Antarctic research
siad kil MWT
Antarctic

B. Statistical Filter

Using statistical methods can help with morphological
and syntactic ambiguities and therefore, increasing the quali-
ty and the quantity of correct extracted MWTs. In this step,
we consider both termhood and unithood measures to get
better results than using only one measure type [16].

To consider the unithood, we chose LLR method because
it gives good results with Arabic MWTs extraction [12]. For
the termhood we adopted C-value method because it has a
wide acceptance as a valuable method to rank candidate
MWTs [16]. LLR method can be used efficiently as signifi-
cance of association measure between the two words in the
bigram [17]. Regarding the C-value method, it requires sim-
ple modification to be able to rank the extracted bigrams.
We list the entire candidate MWTs and the extracted bi-
grams as the first step, and then we apply the C-value equa-
tion only to the bigrams. Note that we would not be able to
calculate the C-value score for the bigrams without some in-
formation about the candidate MWTs which contain those
bigrams.

Practically, we make a list of bigrams ranked by the LLR.
We make another list, which is ranked by the C-value
method. Lastly, we combine the two lists to get a new list of-
bigrams ranked by the two statistical methods. Figure 3
shows the Log-Likelihood ratio equations, and Figure 4
shows C-value method equation. Figure 5 shows the algo-
rithm of proposed statistical filter.

Contingency table
=v Vv
U=u 011 012
Ustu 021 022
U: first word of the bigram. V" second word of bigram
O11: #compound nouns with U and V-
012: #compound nouns with U but without V"
021:#compound nouns with 7 but without U.
022:#compound nouns without " and without U.

Rl =011+ 012 Cl=011+021
R2=021+022 C2=012+022
N =011+012+021+022=R1+R2=C1+C2
L(O11,C1,7)* L(012,C2,r)
L(O11,C1,7/)*L(012,C2,r2)
Le,nry=r"x1-¢""
R1 011 012

= rlf— = —
"ty C1 c2

LILR :7210g{

Fig.3: Log-Likelihood ratio equations

log, a‘.f(a) If a is not nested
C —Value = 1 .
log, a‘(f(a)f Z £(b) Otherwise
= p(Ta) beTa

a: The candidate MWT.

b : Longer candidate MW Ts.

|a] : Length of the candidate MW T.

Ra): Frequency of occurrence of « in the corpus.

Ta : Set of extracted candidate MW Ts that contain a.

P(Ta): Number of candidate terms in 7a.

Ab) Frequency of occurrence of longer candidate

MWT & in the corpus.

Fig.4: C-value method equation
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Input : List of Candidate multi-word terms

output : List of Ranked Bigrams

Method :

Extract bigrams from List of Candidate multi-word terms
For each bigram b do{

Calculate log-likelihood ratio value {
Input: Bigram b
Output: LLR value of bigram b
Method: use equations in Fig.3

Calculate C-method value
Input: List of Candidate multi-word terms
+
Bigram b
Output: C-method value of bigram b
Method: use equation in Fig.4

}

Sort (Bigrams, by LLR value, descending)
Sort (Bigrams, by C-method value, descending)
Make a list of bigrams sorted by LLR
where:
The index of the bigram represents its rank

Make a list of bigrams sorted by C-value method
where:
The index of the bigram represents its rank

Sort (Bigrams, by LLR rank+ C-value rank, descending)

return List of bigrams ranked by C-value method
+
log- likelihood ratio
where:
The index of the bigram represents its rank

Fig. 5: The statistical filter Algorithm

IV. TErM V ARIATIONS

When we try to extract MWT, term variation is one of the
significant factors that should be studied, in other words, it is
important to show how the proposed approach deals with
different types of variations.

In our proposed approach, we started dealing with the
term’s variations in the statistical step. As we mentioned be-
fore, the input of the statistical step is the extracted bigrams
which we try to rank using the statistical methods. Obvious-
ly, these methods use the frequency as a primary factor of
weighting. What we did here is using the stem’s frequency

of nouns instead of word’s frequency, it’s clear that verbs
are excluded from the stem’s frequency calculating process.

To clarify the point, suppose we have the following bi-
grams which have graphical and inflectional variants:

(Environmental pollution)

Al &h asll &5 Rl 5t

Sl &gl

The first word in all bigrams has the same stem, and we
can say the same about the second word. This means that the
statistical methods will consider these bigrams as identical,
and it will give them the same score. After completing the
list of ranked bigrams, an enhancement process will be
available for this list; all the bigrams with graphical and in-
flectional variants will be removed except the best one, we
consider the best choice is the bigram which has the smallest
number of common affixes that might be existed in different
inflectional forms. Moreover, some prefixes of words in bi-
grams are removed before choosing the best bigram. The
best choice for the previous bigrams is [l &k),

Morphosyntactic and syntactic variants are more complex
than the previous ones, and need advanced linguistic pro-
cessing to deal with, our proposed system can deal efficient-
ly only with some types of morphosyntactic variants, as well
as syntactic variants from modification type and postposition
sub-type. Table 6 shows examples of variants’ types that our
approach deals with.

Al &5t il &5t

TaBLE 6.
EXAMPLES OF VARIANTS THAT OUR APPROACH DEALS WITH

graphical variants e.g.
Ao LY A ) s &l s
(thermals)
inflectional variants e.g.

Sl Jws (vegetable mould)
ks saeud (vegetable moulds)

morphosyntactic variants
modification/postposition

e.g.
dus ) s (visibility)
=i a0 sa(vertical visibility)

syntactic variants e.g.

£ Lt st /e lad gl

(radioactive pollution)

V. EXPERIMENTS AND RESULTS

A. The corpus

The lake of Arabic specialized domain corpora forced the
researcher to build new corpora to evaluate their approaches.
In fact, using different corpus from different terminology ex-
traction approaches has a negative impact of the ability to
compare between them.

To keep our system comparable (as much as possible)
with previous work on Arabic MWTs, we used corpus with
some similar properties to that which used in [12] and [13].
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The corpus belongs to the environment domain and collected
from number of websites. The website' which has been used
in [12] and [13] is part of the corpus. Table 7 shows some
information about the corpus.

TaBLE 7.
STATISTICAL INFORMATION OF THE CORPUS

number of words (tokens) 522845
number of stemmed words 495618
number of nouns 281531
number of sequences of nouns 62761
number of candidate MWTs 43018

B. Evaluation and Results

Evaluation of ATR approaches is a complex task, basical-
ly, there are no specific standards for evaluate and compare
different ATR approaches. However, the most of the ap-
proaches have used one of two evaluation methods (and
sometimes both): reference list and validation [17].

For the evaluation purpose we decided to evaluate our ap-
proach using two methods. In the first one, we used the same
way used in [12] and [13]. We consider the MWT is correct,
if its translation is included in Eurodicautom?® (terminologi-
cal database). Unfortunately, Agrovoc® (terminological data-
base includes Arabic terms) is not available currently. The
second method is the manual validation of the terms. In fact,
we found many correct MWTs which are not included in the
used terminology database.

PROCEEDINGS OF THE IMCSIT. VOLUME 5, 2010

The results of our approach are given in Table 8. Obvi-
ously, the results show that using C-value method gives bet-
ter results than using LLR method, while using the combina-
tion between the two methods gives us the best results. For
the results of LLR method, we can explain the differences
between our results and the results obtained in [12] to the
difference of the used corpus.

Indeed, it is important to say that we count the terms with
basic singular-plural and definitude variation as correct
terms, since most of ATR studies allow for these kinds of
variations [4]. Figure 6 shows the results of the proposed ap-
proach. Figure 7 shows sample of extracted Arabic MWTs
ranked by the combination between C-value and LLR meth-
ods.

VI. CoNncLusioN

In this paper, we have presented a hybrid approach to ex-
tract Arabic MWTs. We have concentrated on compound
nouns as an important type of MWT, and chose to extract bi-
gram terms, which constitute a high percentage of compound
nouns. Extraction of MWT required substantial software de-
velopment effort. The proposed approach started with the
linguistic filter step, this step contains: preprocessing,
word’s classification, extraction of nouns’ sequences, as well
as nouns’ sequences that connected by prepositions, testing
each extracted sequence based on MWTs syntactic patterns,
and finally, extraction of bigrams from candidate MWTs.

The next step is the statistical filter. This step includes
rank the bigrams based on LLR and C-value methods, and
this step follows by dealing with different types of term vari-

TABLE 8.

THE RESULTS OF THE STATISTICAL METHODS

# terms Top 25 Top 50
correct not with precision | correct not with precision
Method correct variations correct variations
LLR 23 2 0 92% 43 7 0 86%
C-value 22 3 0 88% 45 5 0 90%
LLR+C-value 23 2 0 92% 47 3 0 94%
# terms Top 100 Top 150
correct not with precision correct not with precision
Method correct variations correct variations
LLR 78 19 3 78% 117 30 3 78%
C-value 86 11 3 86% 128 18 4 85%
LLR+C-value 94 5 1 94% 133 16 1 89%

Uhttp://www.greenline.com.kw
2 http://iate.europa.eu
3 www.fao.org/agrovoc/
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II-E-I] Services

@ Mavigator [l Files

m] Projects
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: Search Results

Top 50
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Fig.6: The results of the statistical methods
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LLR value
[404216.65402181563]
[400939.662959421]
[396669.47281038004]
[400922.17808933305]
[394124.67433174915]
[395017.99484742293]
[393694.47276309735]
[392252.77781336545]
[393540.8072412437]
[392190.2032954277]
[392040.9501259899]
[392274.59782239]
[394080.1211716642]
[392884.53858854938]
[392228.7656031804]
[391875.752025566]
[392240.3465985796]
[392159.0324369316]
[391890.71445463924]
[392302.3853131083]

C-value
[528.3333333333334]
[394.7816091954023)

[352.42857142857144]
[342.5625]
[148.173913043475825]
[131.0]
[148.173913043475825]
[218.9607843137255]
[110.66666666666667)
[126.94736842105263]
[111.73947368421052]
[82.17647058823529]
[70.72727272727273]
[60.0]

[60.3]
[69.33333333333333]
[48.333333333333330]
[40.0]

[38.5]

[34.25]

LLR Rank C-value Rank
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Fig.7: Sample of extracted Arabic MWTs ranked by the combination between C-value and LLR methods
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ation. The results show that our approach of using a combi-
nation between LLR and C-value methods in the ranking
process gave better results than using only one of them. In
general, we obtained promising results in both coverage and
precision of MWT extraction in our experiments based on
environment domain corpus.

In the future, we will work to enhance the linguistic filter
to be able to extract more complex types of MWTs, use
more combinations of statistical methods to rank the candi-
date MWTs, and extend our method to deal with n-grams
MWTs.
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