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ABSTRACT 
In this paper we present a language independent approach for 
conflation that does not depend on predefined rules or prior 
knowledge in the target language. Different from prior studies on 
Arabic text that use pure n-gram models without any attempt for 
further enhancement on the basis of refined n-gram similarity 
measures or stemmer techniques which are language-specific, we 
propose an unsupervised method based on an enhancement of the 
pure n-gram model that can group related words based on various 
string-similarity measures. The proposed approach is based on the 
enhancement of n-gram comparisons that restrict the search to be 
in specific locations of the target word by taking into account the 
order of n-grams. We show that the proposed method is effective 
to achieve high score similarities between all of the word form 
variations. Furthermore, it reduces the ambiguity, i.e. obtains a 
higher precision and recall, compared to the pure n-gram based 
approaches. 

Categories and Subject Descriptors 
H.3 [Information Storage and Retrieval]:H.3.3 Information 
Storage and Retrieval: Information Retrieval and Search—
Conflation techniques; 

General Terms 
Algorithms, Measurement, Performance, Experimentation, Lan-
guages, Verification. 

Keywords 
Information retrieval, N-gram approaches, Stemming, Arabic 
language. 

1. INTRODUCTION 
Conflation is a general term for all processes of merging together 
nonidentical words which refer to the same principal concept i.e. 
to merge words which belong to same meaning class. The primary 
goal of conflation is to allow matching of different variants of the 
same word. In natural language processing, conflation is the proc-

ess of merging or lumping together nonidentical words which 
refer to the same principal concept [1]. In the context of informa-
tion retrieval (IR) conflation has a more restricted meaning and 
usually refers to grouping together morphological variants of the 
same or related words [2]. Conflation algorithms can be broadly 
divided into two main classes: stemming algorithms, which are 
language dependent and which are designed to handle morpho-
logical variants, and string-similarity algorithms, which are (usu-
ally) language independent and which are designed to handle all 
types of variant [3].  

1.1 Arabic language 
Arabic is a Semitic language, it consist of 28 letters, and its basic 
feature is that most of its words are built up form, and can be 
analyzed down to common roots. The exceptions to this rule are 
common nouns and particles. Arabic is a highly inflectional lan-
guage with 85% of words derived from tri-lateral roots. Nouns 
and verbs are derived from a closed set of around 10,000 roots 
[4]. Arabic has three genders, feminine masculine and neuter; 
three numbers, singular, dual (represent 2 things), and plural. May 
be replace by “The specific characteristics of Arabic morphology 
make Arabic language particularly difficult for developing natural 
language processing methods for information retrieval. One of the 
main problems in retrieving Arabic language text is the variation 
in word forms, for example the Arabic word “kateb” (author) is 
built up from the root “ktb” (write). Prefixes and suffixes can be 
added to the words that have been built up from roots to add 
number or gender, for example adding the Arabic suffix ”ان“ (an) 
to the word “kateb“ (author) will lead to the word “kateban” (au-
thors) which represent dual masculine. What makes Arabic com-
plicated to process is that Arabic nouns and verbs are heavily 
prefixed. The definite article ”ال“ (al) is always attached to nouns, 
and many conjunctions and prepositions are also attached as pre-
fixes to nouns and verbs, hindering the retrieval of morphological 
variants of words [5]. In Table 1 an example for the word student 
is presented in order to clarify this issue. Arabic is different from 
English and other Indo-European languages with respect to a 
number of important aspects: words are written from right to left; 
it is mainly a consonantal language in its written forms, i.e. it 
excludes vowels; its two main parts of speech are the verb and the 
noun in that word order, and these consist, for the main part, of 
trilateral roots (three consonants forming the basis of noun forms 
that are derived from them); it is a morphologically complex lan-
guage in that it provides flexibility in word formation: as briefly 
motivated above, complex rules govern the creation of morpho-
logical variations, making it possible to form hundreds of words 
from one root [6]. Furthermore the letters shapes are changeable 
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in form, depending on the location of the letter at beginning, mid-
dle or at the end of the word. 
Based on these properties of Arabic language, i.e. that nouns and 
verbs are massively prefixed and suffixed, we derived the need 
for modifications of the commonly used n-gram based conflation 
techniques so that these specific properties are considered. Fur-
thermore, the ambiguity with respect to the similarity score meas-
ure of the pure n-gram approach should be reduced. 
The remainder of this paper is organized as follows. In Sec. 2 we 
discuss previous related work on conflation techniques. In Sect. 3 
the proposed algorithm is described. The used data, the evaluation 
and results are discussed in Sect. 4. Some concluding remarks are 
finally given in Sect. 5. 

2. Conflation techniques 
In the following we briefly discuss the two major conflation tech-
niques: stemmers and n-gram based techniques. 

2.1 Stemmer approaches   Table 1. Word form variations that share the same princi-
pal concept whose English translation contain the word 

student or students 
English Translation Feminine Masculine 

Student طالب طالبة 
The student 

In information retrieval systems stemming is used to reduce vari-
ant word forms to common roots and thereby improve the ability 
of the system to match query and document vocabulary [7]. Al-
though stemming has been studied mainly for English, stemming 
techniques have also been developed for several other languages 
such as Malay [8], Latin [9], Indonesian [10], Swedish [11] 
Dutch[12], German [13], French [14], Slovene [15], Turkish [3] 
and Arabic [16,17]. There are three main approaches for stem-
ming, Dictionary-based, Rule-based, and Statistical-based ap-
proaches [18].  

 الطالب الطالبة
(two) students(dual) طالبـان طالبـتان 

by the student بالطالب بالطالبة 
     and by the student و بالطالب و بالطالبة 

By student بطالب      بطالبة  
And By student وبطالب وبطالبة 
and my student وطالبي وطالبتي Dictionary based approaches provide very good results at the cost 

of high development efforts for the dictionary. The dictionary 
contains all known words with their inflection forms. The main 
weakness for this approach is the missing words in the dictionary 
which would not be recognized by the system for stemming. An-
other weakness is the inability of this method to stem inert names 
and foreign words. Also the need to process a large dictionary 
during runtime can result in high requirements for storage space 
and processing time. The closest Arabic equivalent for this kind 
of stemmer is the Root-Based stemmer which is based on extract-
ing the root of a given Arabic surface word by striping off all 
attached prefix and/or suffix then attempt to extract the root of a 
given Arabic surface word. Several morphological analyzers were 
developed based on this concept [19] [16]. The weaknesses for 
this stemmer are: it does nothing when it comes across some 
words which have no root, for example the Arabic words ”نحن“ 
(we), بعد (after), تحت (under). Furthermore, the construction of the 
corresponding dictionaries or rules is a tedious and labor consum-
ing task due to the result of the morphology complexity of Arabic 
language. Another problem is that only some small linguistic 
resources are available for Arabic language. The second approach 
is the Rule-Based approach; it is based on set of predefined con-
ditions rules. The most well known stemmer is Porter stemmer 
[20]. The main weakness for this stemmer is that building the 
rules for the arbitrary language is time consuming. Furthermore, 
there is a need for experts with linguistic knowledge in that par-
ticular language. The Arabic equivalent for this is the Light stem-
mer. Unlike English, both prefixes and suffixes need to be re-
moved for effective stemming. it is based on striping of prefix and 
suffix from the word, it use predefined list of prefix and suffix, it 
is simply striping of prefix and/or suffix without any further proc-
essing in the rest of the stemmed word [21, 17, 22]. The weakness 
of this stemmer is that the striping of  prefixes or suffix in Arabic 
is a not an easy task, removing them can lead to unexpected re-
sults, as many words start with one letter or more which can mis-
takenly assumed  to be prefix or suffix. Due to the fact that all 
light stemmers use the normalization, which consist of several 
steps, one of them is to Replace  

my student طالبي طالبتي 
as, like student آالطالب آالطالبة 

to the, for the student للطالب للطالبة 
so , then  , and student فالطالب فالطالبة 

to her/his student لطالبه لطالبته 
and to the student, and for the student و للطالب و للطالبة 

his  student طالبه طالبته 
her  student طالبها طالبتها 

and his  student وطالبه وطالبته 
and her  student وطالبها وطالبتها 

their student طالبهم طالبتهم 
and her  students (Dual) وطالبيها وطالبتيها 

his students طلبته طالباته 
her  students طلبتها طالباتها 

and his students وطلبته وطالباته 
and her students وطلبتها وطالباتها 

his students (for 2 persons) طالبيهما طالبتيهما 
her  students (Dual) طالبيها طالبتيها 

their students اتهمطالب  طلبتهم 
and their students وطلبتهم وطالباتهم 

our students طلبتنا طالباتنا 
and Our students وطلبتنا وطالباتنا 

his  students (Dual) طالبيه طالبتيه 
and his  students (Dual) وطالبيه وطالبتيه 

By students بطلبة بطالبات 
And By students وبطلبة وبطالبات 

More than two(plural) students طلبة طالبات 
and her  students (Dual) وطالبيها وطالبتيها 

آ, أ  and إ    with bare alef ا to 
avoid the ambiguity as most of the Arabic users use just the bare 
alef  ا  in their search, this is will lead to the result that all “ال “ 
(al) will be mistakenly identified as prefix even if they are in 
reality not. Example for that the Arabic words “آلات “ (Machines), 
 ”آلم“, (now)  ”ألان“,(Afflictions)  ”آلام“  ,(Thousands)  ”آلاف“
(pain),“ آليات “  (Mechanisms). When stripping off all “ال “ (al) 
then the result of the stemmer will be whether other Arabic words, 
example for that the Arabic word “آلام” when stripping off the “ال 
“  then the result will be “ام“  which  mean mother, or the result 
will be not an Arabic word. 



2.2 N-gram conflation techniques 
The main idea of n-gram based approaches, which groups to-
gether words that contain identical character sub-strings of length 
n called n-grams [23], is that the character structure of the word 
can be used to find semantically similar words and word variants. 
N-gram as conflation technique differs from stemmers in terms of 
not requiring language knowledge, predefined rules or a vocabu-
lary database. Furthermore; n-gram approaches take into account 
the misspelled and the transliterated words.  

2.2.1  N-Gram and Arabic text   
Over the last years there were several studies which explore the 
use of n-grams for processing Arabic text. Mayfield et al. [24] 
have found that n-grams work well in many languages; further-
more they investigated the use of character n-grams for Arabic 
retrieval in TREC-2001 and found that n-grams of length 4 were 
most effective. Darwish and Oard examined multiple tokenization 
strategies for retrieval of scanned Arabic documents, they found 
out that n-grams of size n=3 or n=4 are well suited to Arabic 
document retrieval [25]. In [26] Suleiman H. Mustafa assessed the 
overall performance of two n-gram techniques that he called con-
ventional and hybrid. The conventional approach combines as 
usual for comparison the first character with the second and sec-
ond with third and so on till wn-1 +wn. The so-called hybrid ap-
proach combines the first character with the second and first with 
third then second with third and second with fourth till wn-2+wn-1 
,wn-2+wn , wn-1 +wn. Furthermore, three different levels of word 
stemming were applied: no stemming, light stemming, and 
higher-order stemming. In his results Mustafa pointed out that the 
hybrid approach outperforms the conventional approach. Classify-
ing Arabic text using n-gram frequencies also have been fruitful 
[27]. However, all of the previous studies rely on the investigation 
of the use of n-gram on the Arabic text based on those factors: 
The effectiveness of n-gram size and assessing the performance of 
existing n-gram approaches. None of the prior studies attempt to 
modify the pure n-gram model such that it considers also lan-
guage characteristic while computing the similarity score in order 
to improve its performance.   

3. Computing similarity scores based on n-
grams 
 The n-gram model can be used to compute the similarity between 
two strings by counting the number of similar n-grams they share. 
The more similar n-grams between two strings exist the more 
similar they are. Based on this idea the similarity coefficient can 
be derived. The similarity coefficient δ is defined by the follow-
ing equation: 

                      
βα
βα

δ
∪

∩
=),( ban

 (1) 

where α and β are the n-gram sets for two words a and b to be 
compared. |α ∩ β | denotes the number of similar n-grams in α 
and β , and |α ∪ β | denotes the number of unique n-grams in the 
union of α and β. 

3.1 Revised n-gram approach  
Arabic nouns and verbs are heavily prefixed and suffixed as de-
scribed in the first section. As a result of that, it is possible to 
have words with different lengths that share same principal con-

cept. Figure 1 shows an example of two Arabic words: استمرارية 
(Continuousness) and استمرار (Continued) that have different 
length but belong to same meaning class. 

 

Figure 1 Bigram similarity measure between 2 words with 
different lengths 

Furthermore, the pure n-gram based approach to compute the 
similarity coefficient as described above Eq (1), does not consider 
the order of the n-grams in the target word [28]. This increases the 
probability that the matching score between two strings will be 
higher even though they do not share the same concept. There-
fore, we revised the computation of a similarity between words to 
take these two aspects into account.  
Based on our previous work [29] where we applied a revised n-
gram approach (Multispell) for spelling error corrections, we 
propose here a modified version for the conflation task. For sim-
plicity, we describe our algorithm for n=2 (bigrams). However, 
the approach can be applied for trigrams and n-grams with n>3 as 
well. We define bigrams of words by their respective position in 
the word wi,i+(n-1) where i defines the position of the first letter and 
i+(n-1) the position of the last letter of the considered n-gram. 
Thus, the last possible position of an n-gram in a word is defined 
by 1|| +−= nwj , where  defines the length of the word. In 
order to deal with the first and second aspect mentioned above, 
we define a window of n-grams of the target candidate words that 
should be compared, i.e. while in Eq. (1) all n-grams are com-
pared with each other, we only compare n-grams that are in close 
proximity to the position of the n-gram in the word to be com-
pared when computing the similarity score. For example, for a 
window of size 3, which is the average of the Arabic prefix 
length, the search will shift to the left or right side. An example is 
given in Fig. 1, where w’ defines the given word متسلسلة  (Serial-
ized) and  w a target candidate تسلسل  (Sequence), in case we 
don’t find the n-gram w’3,4 of w’ in the proper location the algo-
rithm will shift the search to the right side in specific locations, so 
the n-gram w’3,4 will be compared first with the n-grams w3,4, then 
w2,3 or w1,2 of the target candidate w, in case w greater than w’ 
then the search will shift to left side. This will help also in case of 
misspelled words. Figure 3 show the similarity measure between 
the Arabic word 

|| w

-the Con) الفاتح and (the Alliances) التحالفات
queror). Using the pure n-gram model, the similarly coefficient is 
quite high (85.72 %) although the two words do not belong to the 
same meaning class. This results from not taking into account the 
order of the n-gram on the target word. Figure 3 (right) shows the 
same example using the revised n-gram model. The similarity 
coefficient is quite low (28.57 %), since the order of n-gram was 
taken into account.   

 
Figure 2. Words with different word lengths that belong to 

same meaning class  



 
    Figure 3. Pure bigram (left) and revised bigram (right) 

Overall, the computation of the similarity score S for a given n-
gram size n and a given odd-numbered window size m can be 
defined as follows assuming that u is the longer word (if v is 
longer than u then u and v can be simply exchanged):   

Here, u and v are the words to be compared, the nested sum 
counts the number of n-grams in v that are similar to n-grams at a 
window of size m around the same position in word v. N is com-
puted similarly as in Eq. (1). 

4.  Evaluation 
In our experiments we compared our approach with the pure n-
gram approach for bigrams and trigrams. The reason for not tak-
ing a larger value for n is the problem of eliminating short words. 
Previous Arabic studies demonstrate that the character n-gram 
with n=3 or n=4 are well suited for Arabic document retrieval.  
Thus, words with length less than 3 or 4 will not be retrieved, 
since for these no n-grams can be constructed. For example, when 
trying to retrieve the query يقر (Acknowledges) using trigrams, 
the relevant result قر (Acknowledged) will be eliminated because 
no n-grams can be constructed for it as it is less than 3 characters 
long. The targets words must be at least one character longer than 
the size of n in order to have the chance to be retrieved. For this 
reason, we used n=2 in the proposed approach to enable retrieval 
of short words, as well as other words lengths Furthermore, we 
used the revised n-gram model to avoid ambiguity as described 
above in Sect. 3.1. 

4.1 Data selection 
To collect test data for our evaluations, we crawled the web for 
articles published on one popular Arabic news Web site (“CNN-
Arabic”1) in the period from January 2002 until March 2007 (for 
an example see Fig. 4). We thus obtained 5,792 Arabic docu-
ments, all of which are abstracts of articles on news, sport, art, 
economy and Information Science (size ~60MB). More than 
1,400,000 Arabic words were extracted with 101,210 unique 
words. These articles are supposed to be correctly written and 
have both a large and rich vocabulary and therefore offer more 

                                                                 
1 http://arabic.cnn.com/ 

investigation points in terms of the number of word variations. 
The articles were carefully checked and cleaned.  
The approaches were evaluated against 500 queries that were 
formulated randomly ensuring that the length of the query terms 
vary and short as well as long query terms are included. In order 
to construct the random queries, the algorithm requires the avail-
ability of a lexicon of terms that were extracted from the test data.  

 
Figure 4. Example of an Arabic Document 

4.2 Comparison of revised and pure n-gram 
approaches   
In a first experiment we calculated the average precision for each 
conflation approaches. Table 2 compares the result of the revised 
bigram and trigram approach with the result of the pure bigram 
and trigram models. As shown in the Table 2 the result are quite 
close. The reason for this is that only 6.5 % out of 500 queries 
words had a length of less than 3 characters, which is the length 
that affects the ambiguity. The revised bigram and trigram 
achieved a better improvement over the pure bigram and trigram 
due to the reduction of the ambiguity.  

Table 2. Average precision for all approaches 
Techniques Precision  
Revised bigram 92.28 % 
Pure bigram 86.22 % 
Revised trigram 98.74 % 
Pure trigram 96.62 % 

In a second experiment we calculated the average precision for 
the pure trigram and the revised bigram for the similarity thresh-
olds of 60, 65, 70, 75, 80, 85, 90 and 95%. Table 3a and 3b show 
the comparison of retrieved, relevant, irrelevant and average pre-
cision between the revised bigram and pure trigram approaches. 
The revised bigram achieved clearly improvement over the pure 
trigram. The reason for that is that the revised bigram takes into 
account all words lengths which will increase the retrieved index 
terms size, on the other hand the it take into account the order of 
the n-gram which will decrease the pure n-gram ambiguity re-
sults. This will result in decreasing irrelevant terms retrieved. The 
trigram achieved better results in terms of the ratio of relevant 
index terms to the index terms retrieved. The revised bigram 
achieved better results in terms of how many relevant index terms 
were retrieved compared to the total number of index terms re-
trieved (relevant and irrelevant). For example, when selecting a 
threshold of 60 %, the revised bigram retrieved 5472 index terms 
relevant and 520 irrelevant, while the pure trigram retrieved 4253 
index terms relevant and 189 irrelevant. The pure trigram re-
trieved less irrelevant index terms at the expense of the total num-
ber of relevant index terms retrieved while the revised bigram 
retrieved less irrelevant index terms compared to the total number 
of relevant index terms retrieved. It is important to notice, that 
when interpreting Figure 5c, one need to consider the big differ-
ence between the relevant index terms retrieved from each 
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method for different thresholds. As it is shown in Table 3a and 3b 
the performance of the revised n-gram approach is better than that 
of the pure n-gram in terms of the total number of relevant index 
terms retrieved. Table 4a and 4b provide a typical example where 
revised bigram model retrieved 33 relevant index terms while the 
pure trigram model retrieved 25 relevant index terms. In the sec-
ond example, Table 4c and 4d show that the revised bigram model 
retrieved 18 index terms and all were relevant while the pure tri-
gram retrieved only 8 relevant index terms. Figure 5a illustrates 
that although with a threshold of 85% both approaches have 
maximum precision, the revised bigram performs better than the 
pure trigram in terms of the number of relevant index terms re-
trieved.  

Table 3a. Average precision of pure trigram model for differ-
ent thresholds on 500 words queries 

Pure trigram Threshold 

Ret. Relev. Irrelev. Precision 

60 4442 4253 189 0.957 

65 3086 2969 117 0.962 

70 2075 2045 30 0.985 

75 1872 1843 29 0.984 

80 1015 1007 8 0.992 

85 549 549 0 1 

90 549 549 0 1 

95 549 549 0 1 

Average Precision 0.985 

Table 3b. Average precision of revised bigram model for dif-
ferent threshold on 500 words queries 

Revised bigram Threshold 

Ret. Relev. Irrelev. Precision 

60 5992 5472 520 0.913 

65 4367 4196 171 0.961 

70 2960 2882 78 0.973 

75 2464 2393 71 0.971 

80 1817 1803 14 0.992 

85 694 694 0 1 

90 518 518 0 1 

95 518 518 0 1 

Average Precision 0.976 

Table 4a. The result of the query “مساعد” (helper) using the 
revised bigram approach 

Revised bigram approach 

S/N Word Rel/Irr Translation 

 Rel Helper مساعد 1

 Rel By helper بمساعد 2

 Rel By help بمساعدة 3

 Rel She helps تساعد 4

 Rel He helped ساعد 5

 Rel He helped him ساعده 6

 Rel She helped ساعدت 7

 Rel He helps يساعد 8

 Rel As a help آمساعدة 9

 Rel And helper ومساعد 10

 Rel And his helper ومساعده 11

 Rel And help ومساعدة 12

 Rel And he helped وساعد 13

 Rel For helper لمساعد 14

 Rel For help لمساعدة 15

 Rel We help نساعد 16

 Rel My helper مساعدي 17

 Rel Helpers مساعدين 18

 Rel His helpers مساعديه 19

 Rel Helpers مساعدو 20

 Rel Helpers مساعدون 21

 Rel His helpers مساعدوه 22

 Rel His helper مساعده 23

 Rel Her helper مساعدها 24

 Rel A helper مساعدا 25

 Rel A helper مساعداً 26

 Rel Helps مساعدات 27

 Rel Help مساعدة 28

 Rel My help مساعدتي 29

 Rel His help مساعدته 30

 Rel I help أساعد 31

 Rel The helper المساعد 32

 Rel Helpers مساعدون 33

 - Irr ومساع 34

 - Irr بمساع 35

ساعلم 36  Irr - 

 - Irr مساعي 37

Table 4b. The result of the query “مساعد” (helper) using the 
pure trigram approach 

Pure trigram approach 

S/N Word Rel/Irr Translation 

 Rel Helper مساعد 1

 Rel By helper بمساعد 2

 Rel By help بمساعدة 3

 Rel He helped ساعد 4

ساعدةآم 5  Rel As a help 

 Rel And helper ومساعد 6

 Rel And his helper ومساعده 7

 Rel And help ومساعدة 8

 Rel For helper لمساعد 9

 Rel For help لمساعدة 10

 Rel My helper مساعدي 11

 Rel Helpers مساعدين 12

 Rel His helpers مساعديه 13

 Rel Helpers مساعدو 14

عدونمسا 15  Rel Helpers 

 Rel His helpers مساعدوه 16

 Rel His helper مساعده 17



 Rel Her helper مساعدها 18

 Rel A helper مساعدا 19

 Rel A helper مساعداً 20

 Rel Helps مساعدات 21

 Rel Help مساعدة 22

 Rel My help مساعدتي 23

 Rel His help مساعدته 24

 Rel The helper المساعد 25

 - Irr مساع 26

Table 4c. The result of the query “السياسة” (The politics) using 
the revised bigram approach 

Revised bigram approach 

S/N Word Rel/Irr Translation 

 Rel The politics السياسة 1

 Rel The Political (m)   السياسي   2

 Rel The Politicians (m)   السياسيين 3

 Rel The Politicians (m)   السياسيون 4

 Rel The Political (m)   السياسيّ 5

 Rel The Politicians (f)   السياسيات 6

 Rel The Political (f)   السياسية 7

 Rel The Policies   السياسات 8

 Rel By Political   بالسياسية 9

 Rel By politics   بالسياسة 10

 Rel politics   سياسة 11

 Rel As politics   آالسياسة 12

 Rel And for politics   وللسياسة 13

 Rel And the Political (m)   والسياسي 14

 Rel And the Political (f)   والسياسية 15

 Rel And the politics   والسياسة 16

 Rel For politics   للسياسة  17

سياسةل 18    Rel To politics 

Table 4d. The result of the query “السياسة” (The politics) using 
the revised pure trigram approach 

Pure trigram approach 

S/N Word Rel/Irr Translation 

 Rel The politics السياسة 1

 Rel The Political (m) السياسي 2

 Rel By politics بالسياسة 3

 Rel politics سياسة 4

 Rel As politics آالسياسة 5

 Rel And the politics والسياسة 6

 Rel For politics للسياسة 7

 Rel To politics لسياسة 8

 

 
Figure 5. : a) - Average Precision. b) - Total index terms re-
trieved. c) - Relevant index terms retrieved. d) - Irrelevant 

index terms retrieved. 
In a third experiment we estimated the average recall and F-
measure for a sample of 30 queries out of 500. The query terms 
were selected in the same way as described in Sect. 4.1. For all 
queries the number of relevant documents were obtained manu-
ally, by selecting all possible word variations. As shown in Tables 
5a and 5b both approaches have very similar precisions, but the 
pure trigram approach missed many relevant index terms and 
therefore has a lower average recall than the revised bigram ap-
proach. The revised bigram approach gained up to 75% average 
recall while the pure trigram approach achieved 49%. Figure 6 
illustrates that revised bigram gained a higher average recall than 
the pure trigram approach, since it took into account different 
words length and similarity enhancement. As shown in Tables 5a 
and 5b revised bigram approach gained a higher F-measure up to 
76% compared to the pure trigram approach that gained 59%. 
These results show that the revised n-gram has gained an overall 
higher degree of retrieval performance than the pure n-gram ap-
proach. 

Table 5a. Average Recall, Precision and F-measure for the 
pure trigram approach 

Pure trigram  

S/N Ret. Rel. Irr. Miss. R. Precision Recall F 

1 7 6 1 7 0.85 0.47 0.61 

2 6 6 0 11 1 0.36 0.53 

3 17 17 0 13 1 0.57 0.73 

4 1 1 0 2 1 0.34 0.51 

5 29 28 1 0 0.96 1 0.98 

6 10 9 1 11 0.90 0.45 0.60 

7 22 22 0 3 1 0.88 0.94 

8 13 13 0 23 1 0.37 0.54 

9 7 7 0 22 1 0.25 0.40 

10 6 6 0 14 1 0.30 0.46 

11 1 1 0 19 1 0.05 0.10 

12 6 5 1 11 0.83 0.32 0.23 

13 3 3 0 23 1 0.12 0.46 

14 11 11 0 8 1 0.58 0.73 

15 14 14 0 24 1 0.37 0.54 

16 1 1 0 6 1 0.15 0.26 

17 14 13 1 6 0.92 0.69 0.79 

18 18 17 1 19 0.94 0.48 0.64 

19 16 16 0 14 1 0.54 0.70 



20 28 28 0 2 1 0.94 0.97 

21 10 10 0 6 1 0.63 0.77 

22 10 10 0 30 1 0.25 0.40 

23 11 11 0 17 1 0.40 0.57 

24 20 20 0 13 1 0.60 0.75 

25 12 12 0 8 1 0.49 0.66 

26 12 12 0 30 1 0.29 0.45 

27 2 2 0 2 1 0.51 0.68 

28 38 38 0 19 1 0.57 0.73 

29 16 16 0 10 1 0.62 0.77 

30 5 5 0 1 1 0.84 0.91 

 366 360 6    374    0.98 0.49 0.59 

 
Table 5b. Average Recall, Precision and F-measure for the 

revised bigram approach 
Pure trigram  

S/N Ret. Rel. Irr. Miss. R. Precision Recall F 

1 9 7 2 6 0.77 0.54 0.63 

2 7 7 0 10 1 0.42 0.60 

3 28 26 2 2 0.92 0.93 0.92 

4 3 3 0 0 1 1 1 

5 29 28 1 0 0.96 1 0.98 

6 13 12 1 6 0.92 0.67 0.78 

7 25 24 1 0 0.96 1 0.98 

8 36 35 1 1 0.97 0.98 0.97 

9 15 14 1 15 0.93 0.49 0.64 

10 10 10 0 10 1 0.50 0.67 

11 7 5 2 13 0.71 0.28 0.40 

12 18 16 2 0 0.88 1 0.94 

13 12 12 0 14 1 0.47 0.64 

14 29 19 10 0 0.65 1 0.79 

15 38 38 0 0 1 1 1 

16 4 4 0 3 1 0.58 0.73 

17 20 13 7 6 0.65 0.69 0.67 

18 18 17 1 19 0.94 0.48 0.64 

19 21 17 3 13 0.80 0.57 0.67 

20 29 27 2 1 0.93 0.97 0.95 

21 16 16 0 0 1 1 1 

22 27 26 1 14 0.96 0.65 0.78 

23 17 17 0 11 1 0.61 0.76 

24 28 28 0 5 1 0.85 0.92 

25 27 23 4 0 1 1 1 

26 22 22 0 20 1 0.53 0.70 

27 3 3 0 1 1 0.75 0.86 

28 49 49 0 8 1 0.86 0.92 

29 30 29 1 7 0.96 0.81 0.88 

30 6 6 0 0 1 1 1 

 596 553 42 185 0.93 0.75 0.76 
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Figure 6 Average Recall for Revised bigram and Pure trigram 

approaches (sorted by recall value) 

5. Conclusions 
We presented a language independent conflation approach, i.e.  
the approach does not depend on any predefined rules or pre-
linguistic information knowledge for the target language. We 
evaluated our approach on Arabic language which is one of most 
inflectional languages in the world. Since the previous Arabic 
studies demonstrated that n-grams of size 3 or 4 are the most suit-
able sizes for Arabic information retrieval, we focused on com-
paring our approach with trigram based models. The experimental 
results indicate, that the selection of the n-gram size affects the 
retrieval performance, i.e. the number of relevant and irrelevant 
documents retrieved. Using a big size of n lead to the fact that 
most of the documents retrieved are relevant but at the expense of 
missing many relevant documents, since the selection of a big n 
will eliminate short words to be considered. On the other hand, 
selecting a small value for n lead to the fact that many relevant 
documents are retrieved but at the same time many irrelevant 
documents are retrieved due to the ambiguity that is resulting of 
the small size of the n-grams. Therefore we proposed a revised 
approach to compare the similarity of words based on n-grams 
that take the order of n-grams into account. Based on the experi-
mental results we could show that the revised bigram approach 
provided very good results compared to pure trigrams as well as 
n-grams with n>3. Furthermore, we demonstrated that the en-
hancement of the n-gram model provided very good results in 
term of conflation for heavy inflection languages such as Arabic. 
Our algorithm was evaluated against 500 randomly selected que-
ries. Unfortunately we had no benchmark results to compare our 
results with, but based on the quantitative and qualitative experi-
mental results we could show that our algorithm achieved better 
results than pure n-gram approaches. Furthermore, our algorithm 
helps to achieve a higher degree of accuracy in the conflation 
task.    
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