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Abstract

An approach for automatic domain-relevant collocation extraction from Arabic text corpus is
proposed. It uses naive linguistic and statistical methods to extract collocations and relate them to
specific domains depending on prevalence and tendency collocation ranking mechanism. In order to
realize the proposed approach we use a corpus separated into ten domains. The proposed approach
starts with preprocessing this corpus, then extracting candidate collocations. After that, it ranks the
candidate collocations depending on the distributional behavior of candidate collocations within the
domain and across the rest of the corpus. Then we distribute the candidate collocations over the
domains depending on their rank values to get domains' term matrix. Finally, we evaluate the
resulting collocation matrix by using it to classify the domain of a number of documents. The results
are encouraging in most domains such that the achieved rate of accuracy exceeded 90%.

Keywords Preprocessing, Stemming, light stemming, Arabic Collocation Extraction, Collocations,
Domain-Relevant Collocation Extraction.
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1. Introduction
Collocation is any text sequence that
appears together frequently and collocation

extraction is the process of
extracting collocations automatically from
acorpus[1]. Automatic domain relevant

collocation extraction from text corpus is rather
important in natural language processing
studies and applications. Moreover, it is an
essential component in many lingual system

models. The resulting collocations are
commonly used in NLP tasks like information
retrieval, text mining, and document

summarization [1].

Any corpus participating in the collocation
extraction process needs to be preprocessed by
removing non letters, stop word, and others [2].
The main stages for collocation extraction are:
the extraction of candidate collocations and the
validating and ranking of these collocations [3].

There are several methods for extracting
candidate collocations like linguistic filtering
that uses the linguistic patterns like "N ADJ, N
N, and N PREP N" for filtering the tagged
corpus [4]. Also the noun phrase which take
any sequence of word following a noun can be
used [3]. Other approaches use a local grammar
approach that uses a role for extracting a
collocation like the telling role in [5]. The n-
gram sliding window could be used for
candidate collocation extraction with n length
[6, 7].

There are several ranking methods for
validating the extracted collocation. They Are
categorized into two categories, Unithood and
Termhood (TH) [8]. Unithood is the degree of
strength or stability of  syntagmatic
combinations and collocations [9]. It is
calculated only for complex collocations.
Samples of these measures are T-Score,
Normalized Google Distance(NGD), mutual
information and log-likelihood, and relies
simply on the occurrence and co-occurrence
frequencies from domain corpora as the source
of evidence [10]. On the other hand Termhood
measures the degree to which these stable
lexical units are related to domain-specific
concepts like C-value, NC-value, TF/IDF and
others [11]. Some ranking methods use both of
them like Termhood.
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Our aim in this paper is to develop an approach
for automatic domain-relevant collocation
extraction from Arabic multiple domains
corpus. Existing works concentrate on a single
domain [4]. This approach depends on the
prevalence and tendency measures for ranking
the extracted candidate collocation on the target
domain and across the rest of the corpus. We
expect to have pure domain-relevant
collocations matrix as an output of the
approach. This matrix could be helpful in
classifying documents, automatic library
indexing, and other lingual application.
Depending on the type of the corpus, this
approach could be used in generating spam
mail matrix for spam mail detection.

The rest of this paper is organized as follows:
Section 2 presents some related works, Section
3 presents the detailed development of the
approach, Section 4 presents and discusses the
results, and Section 5 concludes the paper and
suggests future work that improves the
developed approach.

2. Related Works

A lot of work in the field of domain-
relevant term extraction is done in non-Arabic
languages. For example EXATOIp [12] is a
software tool that extracts domain-relevant
terms of syntactic annotated corpus. It uses
both linguistic and statistical approaches to
extract and select significant terms from a
domain represented by the annotated corpus.
The system extracts the noun phrases from xmi
documents and counts the iteration of each
phrase and save a list of them.

Term Extractor [13] is a high-performing
technique for automatic extraction of shared
terminology from available documents in a
given domain. It identifies relevant terms based
on two steps: first, a linguistic processor is used
to parse text and extract typical terminological
structures, like compounds, adjective-noun and
noun preposition noun sequences. Then, the list

of terminological candidates is purged
according to domain pertinence, domain
consensus,  lexical  cohesion,  structural

relevance and miscellaneous filters to give a
list of terms.
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For the Arabic language several works are
available for term extraction, but little work is
done in the domain-relevant term extraction. A
few approaches for single domain as well as for
multiple domains automatic term extraction is
done. These works mostly use what is called
Field Association (FA) to classify terms related
to a specific domain [14]. The pre-processing
step is very important in the Arabic language
because it is highly inflectional. Moreover,
special stemmer is designed depending on the
topic of the research and the methods that are
used. In information retrieval light stemming is
widely used to keep the information value
within the terms and words [15-17].

In building a word vector, Al-shalabi and
Kanaan [18] designed and implements a system
for building an Arabic lexicon. The stemming
process they use is likely more accurate. Other
light stemmer approaches like the one tested in
[19] have low results, and the tool proposed by
[20] could be merged with other tools to
enhance the preprocessing stage. In our work,
we try to test several preprocessing methods to
choose the best for our approach.

A multi-word term extraction program for
Arabic language is designed in [21]. They take
into consideration the linguistic specifications
of Arabic word like graphical, inflectional,
morpho-syntactic and syntactic variants. They
use the N ADJ, N1 N2 and N1 PREP N2
patterns. They rank the Multi Word Term like
(MWT-like) units by means of statistical
techniques, Log-Likelihood Ratio (LLR),
Mutual Information (MI) and t-scores.

A two-step approach is proposed in [16] for
extracting candidate MWTSs. First, using a Part
of Speech (POS) linguistic filter to extract
candidate MWTs then wusing a bigram
compound noun patterns. Second, they assign
each candidate MWT a score depending on the
combination of both the C-value ranking
method and the LLR ranking method [22-24].

A model for automatic Collocation Extraction
is proposed in[4]. They define collocation as:
“A word combination whose semantic and/or
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syntactic properties cannot be fully predicted
from those of its components and which
therefore has to be listed in a lexicon”. They
use the following structural patterns of Arabic
collocation (N+N, N+ADJ, V+N, V+ADV,
ADJ+ADV and ADL+N). They use the joint
tagging and segmenting algorithm that used for
Arabic tagging by [25] and produce a bigram
collocation depending on POS and previous
patterns. Then, they select four association
measures (LLR, Chi-Square (X, MI, and
Enhanced Mutual Information (EMI)). They
conclude that the log-likelihood ratio clearly
outperforms the other association measures.

Most of the works reviewed above are dealing
with one domain. This could give a false
indicator of the relation between the term and
the domain. On the other hand, the number of
domains in the corpus increases the
representatives of the extracted terms for the
domains. The number of the domains increases
the probability of the term to appear in several
domains and competition of the domains for
the term increases. Moreover these works
depend on dedicated patterns for extracting
candidate terms. This could exclude a large
number of terms that might have a significant
relation to the domain. They use ranking
methods that quantify the term depending on
one domain. These approaches for term
candidate ranking might be inappropriate for
multi domain corpus. Ranking candidate terms
should depend on both domain and cross
domain.

3. Development of the Approach

The approach is shown in Figure 1 and
consists of the following stages:

1. Select a corpus suitable for our
research.

2. Preprocess the corpus, extract

candidate collocation, and count the

iteration,

Rank the candidate collocations, and

4. Distribute the ranked collocations
over the domains.

w
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Figure 1 The primitive model

Next, we elaborate each of these stages.

3.1 Corpus selection stage

The approach should facilitate the
extraction of the domain relevant collocations
from Arabic corpus. Therefore, it needs to
handle a corpus with the following properties:

— A big corpus that could give a good

distributional behavior for the
collocations.

— The corpus should be separated into
domains.

There are several corpuses on the Internet
which can beused for collocation extraction.
We review them depending on the above
properties and select the OSAC corpus [26].
The corpus collected from various websites and
includes 22,429 text documents distributed

over ten domains: Economics, History,
Entertainments, Education and Family,
Religious and Fatwa's, Sports, Health,
Astronomy, Law, Stories, and Cooking
Recipes). The corpuses contain around
18,183,511 (18M) words and 449,600

keywords after stop words removal.

3.2 Preprocessing, collocation extraction,
and iteration counting stage

The second stage in the approach is
preprocessing, collocation extraction, and
iteration counting. It is clarified by tracing the
following example:

"BBC Arabic w1 ¢ 55 0 4 liall (e
| e sl 3300 4 ska &l ¢ 585"

As shown in Figure 1 this stage consists of
three processes (Preprocessing, collocation
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extraction, and iteration counting)beginning
with preprocessing which uses light stemmer
that removes diacritics, punctuations, none
Arabic letters, the definite article, and stop
words as shown in Table 1. This process is
repeated for all the domains.

The stemmed word vector matrix then passes to
the candidate collocations extraction process,
which extracts the collocations from the
stemmed word vector depending on a sliding
window with length from one to four saving
them to candidate collocation vector matrix as
shown in Table 2. This process is also repeated
for all the domains.

After that, we count the iteration of each
candidate collocation and the number of
document the candidate collocation appears in.
The result of applying this process on the
previous example is shown in Table 3.

Where Cl in Table 3 is the number of times the
collocation appears in the corpus whereas DI
in Table 3 is the number of document where
the collocation appears in. IWC, 2WC, 3WC,
and 4WC are the collocation lengths from one
to four words. This process is repeated for all
domains.
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Table 1 Results of the preprocessing step.
.. Remove Remove Remove
original definite Remove Remove non Arabic stop
text . diacritics punctuation
article letters words
BBC BBC BBC BBC
Arabic Arabic Arabic Arabic
e & O e e
& B o o o
g £ 5 pha g 5 pha g 5 pha g 5 pha g 5 pha
il il N ] il L]
Sl Sl Sl Sl Sl Sl
Al s Mo A A Mo
AL AA al sk Ak Ak alsh
3300 3300 3300 3300 3300
| e slS | e slS | e slsS | siaslS ) e slS | e slS
Table 2 Collocation Extraction with one to four words
One word Two words Three words Four words
collocation| collocation (2WC) | collocation (3WC) collocation (4WC)
ke gorie Ji bi g 5 ple JaiSy il Ik g5 pde JeiS
JaiS bi gy ke il Laa g o e Sl calil Iad ¢ e
5 e S5 il S5 il laa
Sl alsh Al
&l
a5k
eSS
Table 3 The iteration matrix for economy domain
1IWC | CI | DI 2WC Cl|DI| 3WC |CI|DI| 4wC |CI | DI
- . B
e | 64 |57 | 11 SR feeui a1 |1
Ty — Sl
JaiSy 9 7 | bigsre | 5|5 e 1)1
g e | 937 | 336 | Sl calil |1 1
S | 2 2
A | 227 | 191
dgh | 7 | 5
eS| 9 7
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3.3 CANDIDATE COLLOCATION
RANKING STAGE

Candidate collocation ranking is the
third stage of this approach. In this stage, we
give a value for each candidate collocation
and this value is used in the evaluation of the
relevancy of the collocation to the domain.
These values are stored in a matrix with two
columns for each domain; one for the
collocation and the other for the rank value.
The ranking methodology used is due to
Wilson Wong et. al. [11, 27,28] and is stated
as follows:

The termhood of a collocationa (TH(a)) is
the final ranking value of the collocation and
is stated in Equation 1. The rank value
depends on the candidate evidence in the
form of the discriminative weight of the
collocation (DW(a) Equation 1) and the
adjusted contextual contribution of this
collocation (ACC(a) Equation 7) contextual
evidence.

The discriminative weight is measured in
Equation 2. As shown in the equation, this
measure depends on cross-domain
distributional behavior (domain tendency of
the collocationDT(a) and intra-domain
distribution domain prevalence of the
collocationDP(a)).

The domain tendency of the collocation is
measured depending on the frequencies of a
collocation within the domain and frequencies
of a collocation outside the domain as shown
in Equation 3.

The domain prevalence of the collocation
depends on the collocation itself for simple
collocation (one word collocation). It is
measured using Equation 4 and for complex
collocation (more than one word collocation)
it is measured using Equation 5. The
prevalence for simple collocation is measured
depending on the frequencies of the
collocation over the domain and across the
rest of the corpus and the total frequencies of
it to the total collocations iterations.
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The prevalence for complex collocation
depends on the prevalence for the header of
the collocation and the value of the modifier
evidence of the collocation.

The modifier evidence of collocation (in the
form of modifier factor) is calculated using
Equation 6. The modifier factor depends on
the summation of frequencies of all the
modifiers of the collocation over the domain
and across the rest of the corpus.

The adjusted contextual contribution of the
collocation ACC(a) as contextual evidence is
calculated using Equation 7 where the
adjusted contextual contribution depends on
the  adjustment of the  contextual
discriminative weight and the discriminative
weight itself.

The adjusted contextual discriminative weight
of the collocation ACDW(a) is calculated
using equation 8 and it depends on
discriminative weight of all the context words
of the collocation and the similarity between
the collocation and its context words
Equation 9.

The similarity is calculated using Google
normalized distance (NGD(a,c)) as stated in
Equation 10. It depends on the number of the
documents the collocation and its context
words appear within.

Table 4 shows the result of applying this ranking
methodology on the example sentence.

From the preceding, we find that the ranking
method we use quantifies the three types of
linguistic  evidences derived from the
prevalence and tendency measures in the form
of candidate evidence, modifier evidence, and
contextual evidence. In addition, to adjust the
contribution of the contextual weight to the
overall termhood, we can employ two
measures, the adjusted contextual contribution
and the Normalized Google Distance.
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TH(a) = DW(a) + ACC(a) (1)
DW (a) = DP(a)DT(a) 2

DT (a) = log, (fad 1 + 1)
fa& +1
Where f,, represents the frequencies of a collocation within the
domain and f,; represents the frequencies of a collocation
outside the domain.

€)

DP(a) = log;o(faq + 10) logy, ( s fad + 10) 4)

DP(a) =logyo(faq + 10) DP(a™)MF () ©)

Where Frcrepresents the frequencies summation of all collocations, f, ;represents the frequencies
of a collocation within the domain,f,; represents the frequencies of a collocation outside the

domain,MF (a) is the modifier factor, andDP(a™)is the domain prevalence of the collocation
header.

_ Ymemgnrc fma + 1
MF(a) = log; (zm%m [ 1) ©)

Where Ma represents all the modifiers of collocation a, and TC is the entire collocation
candidate.

ACDW (a)+1 DW(a)+1
e(1 DW(@)+1 )e(1 ACDW(a)+1)

ACC(a) = ACDW (a)

lo ACDW (a) +1 41 U

82 DW(a) + 1
Where ACDW (a) is the average contextual discriminative weight andDW (a) is the discriminative
weight.

ACDW (a) = <266Ca b W(I? l*Sim(a' C)> ©)
sim(a,c) =1— NGD(a,c) * & 9)

Where C,represents all the context words of collocation a, |C,| is the number of words,sim(a, c)

is the similarity between a andc, and 0 is a constant for scaling the distance value of NGD
(Normalized Google Distance).

NGD(x,y) = max{log f(x),logf(y)} —logf(x,y)

- (10
logM —min{log f (x), log f (¥)}
Where M is the total number of documents f(x), f(y)is the number of document x, y appears in
and f(x,y) is the number of document booth x and y appears in.
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Table 4 Collocation ranking matrix for one domain
One word Rank Two word Rank Three word Rank Four word collocation Rank
collocation value collocation value collocation value value
JaiSy b g g e culil b g 5
i 0 £ s in 0 e 137 P 137
Ul s
Jey 0 | bagyhe| 263 | T 57
T Sl
0 =g
g Sl
S [ 161 | dskal [ 0
A 0
kb 0
st |0

3.4 COLLOCATION DISTRIBUTION
STAGE

The fourth stage in this approach is
collocation distribution over the domains. This
process is done by assigning each collocation
in the candidate collocation matrix to a specific
domain depending on the rank value of the
collocation. This process is needed to construct
a matrix for domain collocations used in a
classifier for testing the accuracy of collocation
extraction approach.

In this stage, we use a simple method for
collocation distribution. If the collocation exists
in several domains, we put the collocation in
the domain with the highest rank value and
remove it from the other domains. This is
because the domain with the highest rank value
usually includes this collocation. The
collocation is removed from the other domains
with lower ranks because it is most likely not
included in these domains.

Depending on the same example above and
after ranking the example collocation vector to
the ten domains we get rank values stated in
Table 5.

It can be noticed from Table 5that rank values
for domain 1 are higher than the other domains.
This is due to taking the example from domain
1.

In addition, we notice that there are some
collocations that do not appear in the other
domains. These collocations are marked as
(no). Other collocations with rank value0
indicates that the collocation is weakly relevant
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to the domain. Value O indicates that the
collocation seldom occurs in the domain and is
not an essential part of it.

Some collocations are ranked over several
domains, like "&L"is ranked for domain 4 and
domain 5. The winning domain is the domain
with higher rank value. Some domains do not
rank any collocation of the example although
they exist in the candidate collocations of the
domain. This means that not all the
collocations of the example are related to these
domains.

Collocations like "_ki"are not ranked in its
original domain (domain 1) and are ranked in
another domain (domain4). This means that the
collocation is strongly related to the other
domain.

The complex collocations (collocations with
two and more words) are stronger than the
collocations with one word to the target domain
because complex collocations are less frequent
than simple collocations. Finally, the strongest
relation between a collocation and a domain are
found in complex collocations. The resulting
collocation matrix is shown in Table 6. It
shows that terms are placed under their
respective domains based on their rank values,
e.g., collocations like "sSsU" and "ba g 5 da"
are placed under domain 1 because their rank

values under domain 1 are 161 and 263
respectively while they do not appear in the
other domains.
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Table 5 Rank results of candidate collocations from the sample
over the domains
Collocation Rank values for the domains
1 2 | 3 4 5 6 | 78] 9|10
i 0 |0|0|161| 0 [no{no| 0| 0 |no
Jai$ 0 |0|]0]| O 0 |0|no| 0|0 |no
¢ s 0 00 0 0 0|0 |0] 0 |no
Sl 161 |no| O | no | no |no|no|noj|no|no
A 0 0|0 |161(1281 0 | 0O | O | OO
dsh 0 0|0 0 0 0|00 ]|O0]O
| e slS 0 |0|0|no| 0 |0|0|no| O |no
g e Jai5 0 [nofno| no | no|nojfnofno|nojno
bd g 5 e 263 |no|no| no | no |no|{no|nojnojno
S sl il 318 |no|[no| no | no [no|no|nofnolno
sk AL 0 [0 |no|no|no|nojfnofno|nojno
il bl o 5 e 137 |no|(no| no | no {no|{no|nofnojno
S sl il lad 57 [no|[no| no | no [no|no[nofnolno
- 137 |no|no| no | no |no|no|nojnol|no
Sl
Table 6 Sample of Domain Collocation Matrix
1 2 3 4 516789
Ssl e
LL!‘)I:\XA
b gy de
S5l il
i) bad g 5 58
oS 5l il ad
S5l il b g g s

4. Results nd Discussion

We have implemented the approach and
tested it over a real corpus. Table 7 shows the
domains of the tested corpus from 0O to 9, the
word vector size for each domain, and the size
of the candidate collocation for each
collocation length (1 to 4).
Table 8 shows the domains of the tested
corpus from 0 to 9, the word vector size for
each domain, and the size of the domain
collocation for each collocation length (1 to
4).
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We can conclude from Tables 7 and 8 that the
one word collocation is less relevant to the
domains than collocations that contain two,
three, and four words length. Figure 2 depicts
this effect and shows the results of candidate
collocations compared to the distributed
collocations for one word length.

Figure 3 depicts the domain relevancy with
collocation size effect. It represents the
economy domain and this effect is true for the
other domains. As shown in the graph when
the size of the collocation increases the
excluded collocations reduced.
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We have tested the classifier on the testing
corpus that contains 4670 document
distributed into ten domains (0 to 9) as shown
in Table 9.

The results of the classification process are
described in the confusion matrix in Table 10.
The confusion matrix is used for evaluating
the performance of a system using the data in
the matrix. The confusion matrix contains
information about actual and predicted
classifications done by a system [29].

As shown in Table 10 the numbers from 0 to
9 represent the domains. REL represents the
reliability of the classifier to classify the
document domain. ACC represents the
accuracy of the classifier to classify the
document domain. For example the result of
calculating the ACC of domain 6 is as
follows:

Astronomy domain predicted
negative positive
actual Negative 4548 0
Positive 1 121
Accuracy ACC= 0.9199786
Recall R=0.9041803
Specificity TN= 1
Precision REL= 1
FP= 0
FN=0.008197
G-meanl= 0.995893
G-mean2= 0.995893

Rows 4,6, 7 and 9of Table 10 which
represent the domains Sport, Astronomy,
Law, and Cooking Recipes respectively could
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be classified with more than 90% reliability
that this document is not a member of the
other domains. This is due to the nature of
these domains and the kind of words that are
used in them.

The rest of the domains are also highly
reliable except for the History domain (row
1). The History domain does not have unique
collocations that could represent it clearly.

All the domains are highly accurate except
the Stories domain(row 8) as the number of
wrong classifications is high in respect to the
Stories' tested documents. The majority of
wrong classifications are due to History
domain as the Stories and History domains
are close to each other.

Table 10 reveals that the classifier is reliable
for classifying all the domains except for the
History domain. It also reveals that the
classifier is highly accurate for all the
domains except for the Law domain (row 7).

The accuracy of the classifier is
calculated using the following equation and it
reaches 92%:

. (true classification)

total number of cases
Where i is the class number and n is the total number of
classes.

When we have reviewed the corpus and the
errors, we found that the errors are due to the
weakness of the corpus because of the small
number of websites the corpus is grabbed
from.

Accuracy =
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Table 7 Number of candidate terms for the domains
. Word Collocation candidate size
Code Domain vector size 1 2 3 4
0 Economics 1618618 63035 | 435188 | 442312 | 339321
1 History 3668139 154943 | 789543 | 627274 | 411164
2 Education & Family 2241672 122038 | 500072 | 383418 | 251896
3 Religious & Fatwa 1527183 58452 | 201014 | 160079 | 108847
4 Sports 1266928 47198 | 231434 | 235817 | 188543
5 Health 1490953 46942 | 157712 | 124271 | 84680
6 Astronomy 275469 22892 | 63914 | 52381 | 37312
7 Law 619292 28977 | 77772 | 61927 | 43573
8 Stories 2065902 101488 | 323691 | 230145 | 146663
9 Cooking Recipes 268387 14997 | 62530 | 68563 | 54507
Table 8 Number of distributed terms over the domains
Code Domain Word. Domain collocation size
vector size 1 2 3 4

0 Economics 1618618 | 24281 | 400464 | 433403 | 333269

1 History 3668139 | 94630 | 728401 | 610012 | 401045

2 Education & Family | 2241672 | 60425 | 447830 | 370287 | 244885

3 Religious & Fatwa 1527183 | 17281 | 170256 | 153029 | 105068

4 Sports 1266928 | 16623 | 209520 | 228048 | 181979

5 Health 1490953 | 16800 | 139945 | 119822 | 81926

6 Astronomy 275469 6079 | 53738 | 48490 | 34777

7 Law 619292 7316 | 66600 | 58972 | 41791

8 Stories 2065902 | 44111 | 282002 | 218437 | 140094

9 Cooking Recipes 268387 6594 | 56600 | 64668 | 51641

Table 9 The number of documents to be classified for the
domains
Code Domain Number of documents
0 Economics 647
1 History 615
2 Education & Family 712
3 Religious & Fatwa 713
4 Sports 522
5 Health 425
6 Astronomy 122
7 Law 213
8 Stories 173
9 Cooking Recipes 528
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Table 10 The classifier confusion matrix for the domains
Real domain
0 1 2 3 4 5 6 7 8 9 Sum | REL
0 634 1 0 0 6 1 0 0 0 1 643 0.99
1 13 | 583 8 35 22 1 1 6 35 2 706 0.83
" 2 0 27 | 682 2 0 5 0 0 1 5 722 0.94
-% 3 0 1 10 | 676 0 0 0 0 0 0 687 0.98
g 4 0 0 0 0 494 0 0 0 1 0 495 1.00
© 5 0 1 0 0 0 418 0 0 0 15 434 0.96
E 6 0 0 0 0 0 0 121 0 0 0 121 1.00
‘a 7 0 0 0 0 0 0 0 207 0 0 207 1.00
8 8 0 2 12 0 0 0 0 0 136 0 150 0.91
9 0 0 0 0 0 0 0 0 0 505 505 1.00
Sum | 647 | 615 | 712 | 713 | 522 | 425 | 122 | 213 | 173 | 528 | 4670
ACC 095|096 |0.95]|0.95|0.98]|0.99|0.97|0.79 | 0.96
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Figure 2 Candidate collocations and distributed collocations for 1 word
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Figure 3 Collocation candidate and domain collocations over collocation size for
economy domain

5. Conclusion and Future Work

We developed an approach for automatic
domain-relevant collocation extraction from
Arabic multiple domains corpus. The
approach  takes several criteria into
consideration such as the specification of the
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corpus, the collocation extraction method
used in extracting the candidate collocations.
The ranking methodology used by the
approach for ranking the collocations. The
distribution method it uses for distributing
collocations over the domains and the
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evaluation methods and tools used for
evaluating the approach.

It deals with several domains so the corpus
should be separated into domains while most
of existing works deal with general corpus
and others with one domain specific corpus.

The approach uses the sliding window
method for candidate collocation extraction
while existing works deal with several
methods for collocation extraction like NLP
patterns, Local grammar approach, or
syntactic patterns. We use this method
because the other methods depend on the
taggers and the existing taggers have low
accuracy — nearly 25% of the words not
identified by the tagger [25] which affect the
accuracy of the models.

The ranking method we used depends on
several domains which measure the
collocation prevalence and tendency over the
domain and across the rest of the corpus.

We used a simple method for collocation
distribution over the domains to generate the
domain relevant collocation matrix which
depends on the ranking value for the
collocation over all the corpuses and assign
the collocation to the domain with high rank.
Other works deal with one domain and this
differentiation does not exist in other works.

Finally we designed the classifier depending
on the domain relevant term matrix to classify
a domain known document and use a
confusion matrix for evaluating the approach.

There are several ways for improving our
approach:

e Use several corpuses and study the
effect of the corpus change on the
results.

e In the preprocessing stage we could
evaluate  several  preprocessing
options and compare the effect of
each option.

¢ In the collocation extraction stage we
could wuse other methods for
candidate collocation extraction like
pattern passed, local grammar or
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other NLP methods and examine the
approach for these options.

e For the collocation ranking stage we
could experiment several ranking
methods and compare the
implementation results.
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