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Abstract—Information Retrieval is an important text 

mining task especially with the rapid growth of the number 

of online documents present in Arabic language. The goal of 

this work has been to investigate how well a high-level task 

like information retrieval can be carried out on Arabic text. 

We have also investigated the effect that others task like 

topic segmentation can have on information retrieval 

performance for such a highly inflectional language like 

Arabic. 
Keywords—Arabic language; Information Retrieval; Topic 

Segmentation; Text Mining  

I. INTRODUCTION 

The amount of online text data has grown tremendously 
due to the popularity of the Internet and the World Wide 
Web. As a result, there is an overriding need to provide 
effective content-based text retrieval, search and querying 
capabilities [7]. A classical information retrieval system 
returns a list of documents to a user query. The answer list 
is often so long that users cannot explore all the 
documents retrieved. A topic segmentation of the 
retrieved documents allows to thematically organizing 
them and to improve precision [16]. In previously work, a 
vector representation of Arabic documents was the basis 
for structuring and labeling a collection of Hadith 1 
documents [18]. This research has for goal to study the 
new methods of segmentation for knowledge discovery in 
textual databases of Prophetic Traditions (Hadith). These 
methods represent a process of structuring the set of 
information provided by the research system. The topic 
segmentation allows the user to orient his exploration in 
function of the general thematic and to reach thus more 
quickly to the goal of his research. The topic 
segmentation also permits to compare the user query with 
the segments judged relevant and to better position some 
long documents in the list of retrieved documents. 
For ranked retrieval, we relied on a vector space model 
(VSM) to compute query/document similarity values. We 
describe a statistical motivated model using the Vector 
Space Model and explain how it is applied to retrieve 
large corpora of Arabic Texts [19]. 
For topic segmentation, we applied the TextTiling and C99 
algorithms. In this paper, we present the assessment of 

                                                           
1  In Arabic, the plural of “Hadith” is “Ahadith”, replaced here by 
“Hadiths” for easy reading. 

these two algorithms for Arabic text segmentation and we 
evaluate the performance using the classical 
Recall/Precision metrics and the Reader Judgment 
method. We show the influence of the use of topic 
segmentation in the improvement of the information 
retrieval system performance. 
The article is structured as follows. Section 2 is reserved 
to Arabic information retrieval. Section 3 presents the task 
of topic segmentation. Section 4 is devoted to 
experimental results. Finally Section 5 concludes the 
paper. 

II. ARABIC INFORMATION RETRIEVAL 

A.  Arabic Language  

A short look at any free encyclopedia [e.g. 
wikipedia.org] gives us the basics concerning the Arabic 
language. Arabic (IKّLNَOَQْا al-‘arabiyyah), in terms of the 
number of speakers, is the largest living member of the 
Central Semitic language family, closely related to 
Hebrew and Aramaic and has its roots in a Proto-Semitic 
common ancestor. In ISO 639-3, modern Arabic is 
classified as a macrolanguage with 27 sub-languages. 
However, only Standard Arabic is widely studied and 
officially used throughout the Islamic world. Modern 
Standard Arabic derives from Classical Arabic, the only 
surviving member of the Old North Arabian dialect group, 
attested epigraphically since the 6th century. What makes 
the Arabic language unique among other languages is that 
it is, all at once, the sacred, liturgical, literary and official 
language of Islam since the 7th century, and up to now. 
This is largely due to the Revelation, memorization by 
heart, compilation, and transmission of Al-Qur’an, the 
sacred Book of Muslims.  

B. Related work in Arabic Information Retrieval 

Fedaghi and Al-Anzi’s algorithm tries to find the root of 
the word by matching the word with all possible patterns 
with all possible affixes attached to it [13]. In Al-Kharachi 
system [2], using only document titles, the authors 
compared three options for indexing: words, stems, and 
roots. Three similarity measures were used: the cosine 
measure, the Dice, and the Jaccard coefficient. A similar 
study was conducted by Abu-Salem, et al. [1], to improve 
the effectiveness of Arabic information retrieval by 
weighing a query term depending on the importance of the 
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word, the stem, and the root of the query term in the 
collection. The weights were calculated using the standard 
TFIDF measures. The proposed method, called mixed-
stemming, showed an improvement over the word 
indexing method using both the binary and TFIDF 
weighting schemes. Improvements over the stemming 
index approach were noted only in the case of binary 
weighting. Hasnah [20] investigated full text processing, 
and passage retrieval for Arabic documents. Hasnah 
concluded that passage retrieval improves the retrieval 
precision. Benajiba et al. [8] have chosen to study the 
influence of the Passage Retrieval (PR) on the 
performance of the Question/Answer (QA) system. The 
preliminary results show that it is possible to obtain a first 
Arabic passage retrieval system adapting JIRS on pre-
processed text with a light-stemmer. Beesley [6] described 
a morphological analyzer system of the modern Arabic 
standard words. Al-Shalabi et al’s [3] morphology system 
uses different algorithms to find the roots and pattern. This 
algorithm removes the longest possible prefix, and then 
extracts the root by checking the first five letters of the 
word. This algorithm is based on an assumption that the 
root must appear in the first five letters of the word. Khoja 
[23] has developed an algorithm that removes prefixes and 
suffixes, all the time checking that it’s not removing part 
of the root and then matches the remaining word against 
the patterns of the same length to extract the root [14] 
[26]. 

C. Arabic Texts Pre-Processing 

Arabic language is morphologically complex. Studies 
of Arabic information retrieval showed that the use of 
Arabic roots as indexing terms substantially improves 
search efficiency [1][2][3]. In our automatic pre-
processing, we opted for a light lemmatization that makes 
the truncation of a restricted set of affixes [12]. Our 
process of lemmatization does not lean on syntactic 
dependence rules but on morphological ones. We 
construct two sets of resources: a basis of affixes and a 
dictionary of lemmas. We then test if a word belongs to 
the dictionary; otherwise we operate a truncation of affix 
and add the word and its lemma to the dictionary.   

D.  Indexing  

Once the pre-processing is done on all texts, the 
indexing operation can begin. This stage consists in 
finding terms of texts in order to establish a link between 
every term, i.e. the keys of the index, and texts that 
contain them. Once the terms are found, a weight must be 
assigned to each of them for its presence in every text.  
Different formulations of term weighting are proposed in 
the literature to account for the relative frequency of a 
given term in a given document [25]. Our system makes 
use of the so-called TFIDF (Term Frequency, Inverse 
Document Frequency) because it has given quality results 
in many applications. This formulation is based on the 
discriminatory hypothesis, tested in Section 6.1.2 [35]. 
This formulation is defined by Eq. 1, viz.  
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Where w is a term, d a document, TFw,d the number of 

apparitions of w in d, DFw the number of documents that 
contains w and ND the total number of documents in the 
corpus.   

E. Count of similarities for a query 

Queries and formulation processing have been 
extensively studied. For example, some studies 
concentrated on the enrichment of queries by automatic 
addition of terms [4] based on the utilization of a 
thesaurus [32]. Terms of queries are pondered in the same 
way as terms of a document. In our system, the Index 
elaborates a list of documents and contains all terms of the 
query. Similarities are calculated according to the cosine 
measure, which represents one of the most frequently-
used similarity measures [34]. It calculates values of 
cosines of angles between vectors of “Hadiths” and the 
vector of the query. According to the vector space model, 
“Hadiths” in the database and the queries are represented 
in the same space. When using a simple scalar product, 
this measure presents the advantage of normalizing scores 
of every “Hadith” according to its size. The cosine 
measure is defined by Eq. 2, viz. 
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Where: w a term, d a document of the Hadith database, r 
the query, TFIDFw,d the weight of w in d and TFIDFw,r the 
weight of w in the query.   

F.  Search Algorithm using cosine   

The algorithm shown in Figure 1 is used to calculate 
documents scores of the database according to a query 
after labeling and lemmatization of this latter.  

// Search Algorithm using cosine // 
• For every term T of the query R:   
Get list of Hadiths from database 
containing T, using reverse file  
• For every Hadith H of this list:   
Update score of H according to weights 
of T in the Hadiths and in the query:  
        score (H) = score (H) + 
(weight (T, H)* weight (T, R))   
• Update the sum of squares of weights 
used for score count of H and R; used 
for normalization of scores,   
• Normalize scores of every Hadith;   
• Order obtained Hadiths according to 
normalized scores.   

Figure 1.  Count of document scores 
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G. Relevance feedback 

If we considers that term ti appears ni times in the N 
documents of the database (or collection) and that it 
appears ri time in the R (by default R=5) relevant 
documents of the same collection, the count of weight wi 
is defined by Eq. 3, viz. 

       ( )
( ) ( )iii
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  All terms found in R documents are classified in 
decreasing order by weight of relevance wi. Weights of the 
K first terms are calculated (by default K = 10) and they 
are then merged with terms of the initial query to create a 
new query. Some terms among the selected terms can be 
in the initial query. For the first selected terms that are not 
in the initial query, the weight is set to 0.5. For those that 
are in the initial query, the weight is set to 0.5*TFt, where 
TFt is the frequency of term ti appearing in the initial 
query. The selected terms are merged with the initial 
query to formulate an enriched query [10]. 

III. TOPIC SEGMENTATION 

Topic segmentation is a new technique for improving 
access to information that can be defined as the task of 
breaking documents into topically coherent multi-
paragraph subparts. In information retrieval for example, 
having topically segmented documents can result in the 
retrieval of short relevant text segments that directly 
correspond to a user’s query instead of long documents 
examined by user carefully in order to find the object of 
his interest.  

A. Previous works in topic segmentation 

Approaches that address the problem of topic 
segmentation can be classified to knowledge-based 
approaches and word-based approaches. Knowledge-
based systems, as in [17], require an extensive manual 
knowledge engineering effort to create the knowledge 
base (semantic network and/or frames) and this is only 
possible in very limited and well-known domains. To 
overcome this limitation, and to process a large amount of 
texts, word-based approaches have been developed. [21] 
and [29] make use of the word distribution in a text to find 
a thematic segmentation. These works are well adapted to 
technical or scientific texts characterized by a specific 
vocabulary. To process narrative or expository texts such 
as newspaper articles, [24] and [30] approaches are based 
on lexical cohesion computed from a lexical network. 
These methods depend on the presence of the text 
vocabulary inside their network. So, to avoid any 
restriction about domains in such kinds of texts, [29] 
presented a mixed method that augments the system based 
on word distribution, by using knowledge represented by a 
lexical co-occurrence network automatically built from a 
corpus.  

B. Related work in Arabic topic segmentation 

While extensive research has targeted topic 
segmentation techniques in English, few have studied it in 
other languages and almost no one except [15] and [20], 
has addressed it for Arabic language. The work of [15] is 
a comparative analysis of different text segmentation 
algorithms on Arabic news stories. This work has shown 
that significant enhancement in results has been achieved 

when combining two of the topic segmentation 
algorithms. It has also illustrated that considerable 
improvement in the results can be achieved for all 
presented systems when using conjunctions for error 
reduction filtering. In the work of [20], TextTiling 
algorithm has been used successfully for segmenting 
Arabic newspaper texts, which have no paragraph breaks, 
for information retrieval. This work provides evidence 
that this algorithm is applicable to the Arabic language. 
These insufficiencies in works for the Arabic language 
focuses our interest and push us trying to evaluate the 
performance of the above stated two algorithms for such 
language and study the influence of segmentation task in 
the improvement of the performance.  

C. Methodes for topic segmentation 

In this section, two text segmentation systems are 
described: TextTilling [21] and C99 [11] 2 . The two 
systems are based on lexical cohesion. TextTiling 
algorithm uses the cosine similarity metric between term 
vectors to measure the cohesion strength between adjacent 
blocks. The C99 algorithm also uses the cosine similarity 
metric to determine similarities among sentences and then 
projects these graphically. It, then, applies image-
processing techniques to determine topic boundaries.  

The Text Tiling algorithm 

The TextTiling algorithm, for discovering subtopic 
structure using term repetition, has three main parts [21]: 
Tokenization, Similarity Determination and Boundary 
Identification. Tokenization refers to the division of the 
input text into individual lexical units. For both versions 
of the algorithm, the text is subdivided into pseudo 
sentences of a pre-defined size w (in practice, w is set to 
20 tokens) .The morphologically-analyzed token is stored 
in a table along with a record of the token-sequence 
number it occurred in, and how frequently it appeared in 
the token-sequence. A record is also kept for the locations 
of the paragraph breaks within the text. After tokenization, 
the next step is the comparison of adjacent pairs of blocks 
of token-sequences for overall lexical similarity. Another 
important parameter for the algorithm is the block size: 
the number of token-sequences that are grouped together 
into a block to be compared against an adjacent group of 
token-sequences. This value, labeled k, varies slightly 
from text to text. In practice, a value of k=6 works well for 
many texts. Similarity values are computed for every 
token-sequence gap number; that is, a score is assigned to 
token-sequence gap i corresponding to how similar the 
token-sequences from i-k to i are to the token-sequences 
from i+1 to i+k+1. Note that this moving window 
approach means that each token-sequence appears in 2k 
similarity computations. Similarity between blocks is 
calculated by a cosine measure as in formula (1), given 
two text blocks b1 and b2 each with k token-sequences: 

     

                                                   .                       (4) 

 
Where t ranges over all the terms that have been 

registered during the tokenization step, and Wt,bi is the 

                                                           
2 We use our implementation of TexTiling and C99 algorithms inspired 
from Choi’s java implementations of TextTiling and C99 available for 
free download at www.cs.man.ac.uk/ choif 
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weight assigned to term t in block b1. Thus if the similarity 
score between two blocks is high, then the blocks have 
many terms in common. This formula yields a score 
between 0 and 1, inclusive. The token-sequence gap 
numbers are ordered according to how steeply the slopes 
of the plot are to either side of the token-sequence gap, 
rather than by their absolute similarity score. For a given 
token-sequence gap i, the algorithm looks at the scores of 
the token-sequence gaps to the left of i as long as their 
values are increasing. When the values to the left peak out, 
the difference between the score at the peak and the score 
at i is recorded. The same procedure takes place with the 
token-sequence gaps to the right of i; their scores are 
examined as long as they continue to rise. The relative 
height of the peak to the right of i is added to the relative 
height of the peak to the left. (A gap occurring at a peak 
will have a score of zero since neither of its neighbors is 
higher than it.) These new scores, called depth scores, 
corresponding to how sharp a change occurs on both sides 
of the token-sequence gap, are then sorted. Segment 
boundaries are assigned to the token-sequence gaps with 
the largest corresponding scores, adjusted as necessary to 
correspond to true paragraph breaks. A proviso check is 
done to prevent assignment of very close adjacent 
segment boundaries. Currently, there must be at least three 
intervening token-sequences between boundaries. This 
helps control for the fact that many texts have spurious 
header information and single-sentence paragraphs. The 
algorithm must determine how many segments to assign 
to a document, since every paragraph is a potential 
segment boundary. A cutoff based on a particular valley 
depth is similarly problematic.  

The C99 Algorithm 

This segmentation algorithm takes a list of tokenized 
sentences as input [11]. A tokenizer and a sentence 
boundary disambiguation algorithm [28] may be used to 
convert a plain text document into the acceptable input 
format. Step of Similarity measure starts after removing 
the punctuation and uninformative words from each 
sentence using a simple regular expression and a stop 
word list. A stemming algorithm [12] is then applied to 
the remaining tokens to obtain the word stems. A 
dictionary of word stem frequencies is constructed for 
each sentence. This is represented as a vector of frequency 
counts. Let fi,j denotes the frequency of word j in sentence 
i. The similarity between a pair of sentences x, y is 
computed using the cosine measure as shown in (5). This 
is applied to all sentence pairs to generate a similarity 
matrix. 

         

                                                        .                  (5) 
 
Each value in the similarity matrix is replaced by its 

rank in the local region. The rank is the number of 
neighboring elements with a lower similarity value. For 
segmentation, a 11x11 rank mask is generally used. The 
output is expressed as a ratio r, defined as the number of 
elements of lower values divided by the total number of 
elements examined, to circumvent normalization problems 
(consider the cases when the rank mask isn’t contained in 
the matrix).  

The final process determines the location of the topic 
boundaries. The method is based on Reynar's 
maximization algorithm [29][33]. A text segment is 

defined by two sentences i,j (inclusive). This is 
represented as a square region along the diagonal of the 
rank matrix. Let S denotes the sum of the rank values in a 
segment and the inside area is given by (6): 

                                                       .                           (6) 

B = {bl,...,bm} is a list of m (coherent text segments), sk 
and ak refers to the sum of rank and area of segment k in 
B. D is the inside density of B as in (7). 

 

                                                          

.                           (7) 
 
 
To initialize the process, the entire document is placed 

in B as one coherent text segment. Each step of the 
process splits one of the segments in B. The split point is a 
potential boundary which maximizes D. The number of 
segments to generate m is determined automatically. For a 
document with b potential boundaries, b steps of divisive 
clustering are generated. 

IV. EXPERIMENT AND RESULTS 

In this section we give details of experiments on 
information retrieval, we summarize the most important 
results obtained by our retrieval system, used to establish 
semantic similarity between the texts of queries and 
documents in the textual database of prophetic traditions 
“Hadiths”. For experimentation, a database that contains 
texts of 340 "Hadiths" is used [19].  
 For the topic segmentation, the evaluation metrics used 

to determine segmentation systems performance and the 
Arabic texts Segmentation Test Corpus used for this end 
are presented. The efficiency of the algorithms has been 
evaluated by means of the Reader judgment and 
recall/precision methods developed in [21], that measures 
the proportion of disagreements between the segmentation 
of a group of readers and the one produced by the 
algorithm. 

A. Experiment on  information retrieval  

Pre-processing of the Query 

For query, we considered one Source of “Hadith”, i.e. 
"Sahih Muslim", As example of query. This query will be 
noted SahMus#5586 The “Hadith” in question concerns 
names, forenames and appellations (^_َـbُـQا) of the Prophet 
(Peace and Blessings be upon Him). The text "Matn" of 
SahMus#5586 is:  {ceِـKَــْ_ـbُـLِ اfَـَُ_ـeـbْـgَ hََو cjِـkْlِـL اfْـmjـnَـgَ }3. 
After the pre-processing stage, the two extracted roots 

from the text of the Hadith are: "^mjkَ" for the words 
"cjِـkْlـL ، اfُّjـَـngَ" and "^_ََآـ " for "ceـKَـُْ_ـbL ،  اfَـَُ_ـeـbْـgَ", these 
two roots appear in the query two times for each of them. 
So, the count of the weight according to the TFIDF 
weighting is made on a set of 54 “Hadiths” for the topic 
“names, forenames and appellations”, root "^mjkَ " appears 
in 19 “Hadiths” whereas root "^m_َآـ " appears in 6 
“Hadiths”. Root "^m_َآـ" has a weight of 7.41 (Eq. 8) 
although it only appears 12 times in the 6 “Hadiths” with 

                                                           
3 In Arabic, this means {Take my name and do not take my nickname}. 
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regard to root "^mjkَ " that appears 29 times in the 19 
“Hadiths” (Eq. 9). This is explained by the fact that the 
TFIDF measure gives a discriminatory power to the rare 
terms in the basis of “Hadiths”.  
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The TFIDF weighting is represented in Table1: 

TABLE I.  EXAMPLE OF QUERY 

Term of  query TFIDF Weight  

^m_7.41 َآـ 

^mjـkَ 3.71 

Similarities calculation  

Indexing terms of relevant “Hadiths” for the previous 
query are given with their degrees in the Table 2 and 
Table 3. Results are: 
 
SahMus#5588     
{rْbُ_َKْLَ rُnِsَْأ rٌkِlsَ lأَن ljَmنwxَ ceِـKَـ_ـbُـLِ اfَـَُ_ـeـbْـgَ hََو cjِkْlِـL اfْmjـnَـgَ } 
SahMus#5589 
{rْbُ_َKْLَ rُnِsَْأ ljًkِlsَ zُ{ْOِLُ ljَmنwxَ  cjِkْlِـL اfْmjnَـgَceِـKَـ_ـbُـLِ اfَـَُ_ـeـbْـgَ hََو  } 
SahMus#5591 
{rْbُ_َKْLَ rُnِsَْأ rِkِl|َQا fLَُأ lََأن cmنwِxَ ceِـKَ_ـbُـLِ اfْـm_bَـgَ hََو cjِkْlLِ اf}jـnَـgَ } 
SahMus#5597 
{ceََِـK_ُْــbُـLِ اf_ُـeَْـbgَ hََو cjِkْlِِL اfُـjَّـkَ} 

TABLE II.  INDEX TERMS OF RELEVANT “HADITHS”  

Term 
of 

index 

Weight for 
the  

SahMus 

#5588 

Weight for 
the 

 SahMus 

#5589 

Weight for 
the 

SahMus 

#5591 

Weight for 
the 

SahMus 

#5597 
^m_َ7.41 7.41 7.41 7.41 آـ 

^mjـkَ 12.78 3.71 3.71 3.71 

 OَLَ 0.00 17.25 0.00 0.00ـَ~

rَnَـsَ 10.12 10.12 5.06 0.00 

TABLE III.  SCORES OF RELEVANT “HADITH” 

Term of 
index 

Score of 
SahMus 

#5588 

Score of 
SahMus 

#5589 

Score of 
SahMus 

#5591 

Score of 
SahMus 

#5597 
^m_َ54.90 54.90 54.90 54.90 آـ 

^mjـkَ 48.15 13.76 13.76 13.76 

Cos (d, r) 0.68 0.38 0.85 1.00 
 

For example, the score for SahMus#5588 is given by 
Eq. 10, viz.  
 

( ) ( )
0.68

2(12.98)2(7.41)2(3.71)2(7.41)
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=
+•+

+=             .       (10) 

Relevance feedback   

The set of relevant “Hadiths” is 4 out of 54 of 
“Hadiths”. The count of the relevance weight is given in 
Table 5: 

TABLE IV.  EXAMPLE OF ENRICHMENT OF SAHMUS#5586 

Term of 
index 

Weight of 
relevance 

Weight of  
selection 

Weight of  
expansion 

sـnـَـrَ  2.16 0.5 0.5 

^m_َ8.41 1.0 1.36 آــ 

^mjَـk 0.44 1.0 4.71 

 
Count of the relevance weight for term " s ـnـَـrَ " is given 

by Eq.11, viz.    

16.2

6)  (7 6) - (4

6)  4 - 7 - (54  7
logw

≈
•

+•
≈                           .               (11) 

 
Experimentally, we choose K=3. The selected terms are: 

"rَnَsَ", "^m_َآـ ", "^mjـkَ ", their weights of selection are given 
in the Table 4. This table contains weights of terms of 
enriched query. The term added to the initial query is the 
term: "rَـnََـs ". Its weight is chosen as 0.5 and weights of 
the two other terms that exist in the initial query are 
modified. After the application of the same score count for 
a second time, the system enriches the list of results by a 
new set of “Hadiths”, divided into two classes: 
 
- Relevant “Hadiths” : 
SahMus#5587 
{ �ِjَ�ْmNQاِ� َ�ْ�ُ� اِ� َوَ�ْ�ُ� ا ^Qَِإ rْbُ�ِljَkَْأ m��ََأ mِإن } 
SahMus#5600 
{lOًxِlَن lQََو �َ�َxَْأ hًَرا َوlnََی hََو l�ًlLََمَ� َرl�َ�ُ �rnَgُ lQَ } 
- Irrelevant “Hadith” is  : 
SahMus#3030  
{ ^ ِآleَِب اِ�ِاfjُnِsْا اljَQَل KْLََ� َأْهِ� اleَbِQِب َ�َ� } 

Evaluation : Precision and Recall 

 The usual criteria for a good search are: Speed of 
search and results quality. Reduction of the number of 
irrelevant documents that are actually reported; criterion 
known as precision, Increase of the number of relevant 
documents not actually reported; criterion known as 
recall. Therefore, precision and recall are respectively 
given by Eq. 12 and Eq. 13: 
 
  

 
found Hadiths of number

found Hadiths relevant of number
  Precision =

     .      (12) 

 
   

find to Hadiths relevant of number

found Hadiths relevant of number
  Recall =               .      (13) 

We use Query1 and Query2 to evaluate the accuracy of 
our system; Table 5 and Table 6 represent respectively the 
Results of the two queries: Q1 and Q2. Figure 2 and 
Figure 3 represent respectively the Precision/Recall Curve 
of the two queries: Q1 and Q2.  
The text of QUERY#1 is:   
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ث�ث إذا آ� cx اf�x ��NQ ا�xl_jQ ا�Ql�Q إن ��ث آ�ب وإن و��  { 
 Iخ�� ¡Kx c_Oی¢ل ی rQ ��_م Iخ�� ¡Kx zنlن وم� آlخ �jgأخ�¤ وإن اؤ

lی��� ^e� قl¦_Qم� ا{  
The text of QUERY#2 is:    
 

}I_§Qا� دخ� ا hإ ¡Qإ h ت ی©�� أنlأن¡ م� م rا�� { 
 
The average precision for the query 1 is: 0.41 and for 

the query 2 is: 0.42. The average recall for the query 1 is: 
0.55 and for the query 2 is: 0.53.   

TABLE V.  QUERY1 RESULTS 

Doc Sim Relevance Precision Recall 

210.txt 0.7015 1 1.00 0.20 

260.txt 0.2549  0.50 0.20 

211.txt 0.239 1 0.66 0.40 

136.txt 0.1852 1 0.50 0.60 

266.txt 0.1698  0.30 0.60 

225.txt 0.1663 1 0.36 0.80 

140.txt 0.1551  0.33 0.80 

3.txt 0.1548 1 0.38 1.00 

140.txt 0.1551  0.33 0.8 

TABLE VI.  QUERY2 RESULTS 

Doc Sim Relevance Precision Recall 

21.txt 0.4335 1 1.00 0.25 

135.txt 0.3812 1 1.00 0.50 

247.txt 0.3738  0.66 0.50 

307.txt 0.3475  0.50 0.50 

15.txt 0.3448  0.40 0.50 

81.txt 0.3126  0.33 0.50 

14.txt 0.2689  0.18 0.50 

11.txt 0.2678 1 0.25 0.75 

90.txt 0.2675 1 0.30 1.00 

 
 

 
Figure 2.  Query1 Precision/Recall Curve 

 
Figure 3.  Query2 Precision/Recall Curve 

B. experiments on topic segmentation 

Evaluation Metrics 

There are several ways to evaluate a segmentation 
algorithm: 
• By Comparison with human judgments: there is no 
segmented corpus of sufficient size available for this task 
but only a proposition to build such corpus and to assess 
the quality of human judgments [9][21][31].  
• By comparison to marks deposed in the text by the 
reader (this method is unreliable because any 
segmentation is subjective [31]. The position of 
segmentation marks depends on the point of view of the 
reader);  
• By Comparison to “some” marks found in the text (for 
example: boundaries between documents of a corpus). 
• Through its impact on a particular task like 
information retrieval (functional evaluation) which is the 
goal of our paper. 

The Arabic texts Segmentation Test Corpora 

The analyzed segmentation systems were evaluated 
using a set of five Arabic texts. We compared the obtained 
results with the judgments of a group of readers who did a 
manual segmentation. We based our evaluation on seven 
readers’ judgments. After reading, each reader makes a 
manual segmentation on the five texts. The texts can fall 
on two categories: literature and medicine. The average 
length of the texts used for this evaluation is between 600 
and 2000 words. The readers are simply asked to define 
the paragraphs in which there is a topic shift. This 
operation remains subjective for every reader. 

Method of Reader Judgments 

Figure 4 shows the boundaries made by the seven 
readers on the texts. This diagram helps us to illustrate the 
general trends of the reader’s evaluation, and also to show 
where and how often they agree or disagree on a 
boundary. For example, all readers except the fourth 
marked a boundary in paragraph 7.  
 

 
Figure 4.  Boundaries of Readers versus Algorithm. 

This reader disagrees with others and marked the 
boundary in paragraph 10. The Boundaries where readers 
are all in agreement are: {12, 20, 22, 31, 33, 37, 38, and 
50}, Readers are in disagreement for the following 
boundaries: {1, 15, 18, 41.43, 44 and 45}. Examples of 
agreement and disagreement are shown by a top and 
bottom arrows respectively in the figure 4. According to 
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[31], if four of seven readers mark the boundary at the 
same position, the segmentation is good. [27] Has shown 
that three readers are considered sufficient to classify this 
boundary as "main boundary". [9] and [22] Specify the 
importance of taking into account the expected and 
unexpected agreement by calculating whether readers 
agree significantly. To this end, they advise to use the 
kappa coefficient (K). According to [9], K measures by 
the paired agreements among a group of readers making 
judgments categories. It is calculated according to (14): 
 
                                                             .                      (14) 
 
 
Where P(A) is the proportion of times that readers agree 

and P(E) is the proportion of times we expect them to 
agree by chance. The coefficient can be calculated by 
paired comparisons against an expert or comparing to a 
decision of a group. [9] also states that if K>0.8, this 
indicates that the segmentation is good, and if K>0.67 and 
K<0.8 this can provide acceptable experimental 
conclusions. The coefficients found by [22] have been 
extended from 0.43 to 0.68 for three readers, and those 
found by [9] are extended from 0.65 to 0.90 for four 
readers segmenting sentences.  
In our evaluation, we set that three judgments in 

agreement are acceptable to take the boundary as correct. 
From Figure 4, acceptable boundaries are: {1, 3, 5, 7, 12, 
14, 15, 16, 18, 20, 22, 23, 29, 31, 33, 34, 37, 38 and 50}. 
We calculate the Kappa coefficient as shown in Table 7. 
The comparison of our results for “K” on Arabic corpus 
with those obtained by Hearst [21] from the application of 
the TextTiling algorithm on an English corpus “K(H)” has 
shown that our segmentation is acceptable. 

TABLE VII.  RESULTS OF CALCULATING KAPPA COEFFICIENT 

P(A) P(E) K K(H) Remark 

0.7894 0.2106 0.7332 0.647 Acceptable 

Method of Recall / Precision: 

In the following experiments, the two standards recall 
and precision, classically used in information retrieval, 
detailed in [5], were often employed to evaluate 
segmentation algorithms. In the context of topic 
segmentation, precision is defined as the number of 
correctly system detected boundaries as a portion of the 
total number of system generated boundaries. Recall is 
defined as the number of correctly system detected 
boundaries as a portion of the total number of real 
boundaries. , both quality measures in combination define 
the so called F-measure. 
The Recall value for Text Tiling gives us a prime 

example of how traditional IR metrics, precision and 
recall, fail as informative measures of segmentation 
performance [17]. Figure 5 shows precision and recall 
values for five texts segmented with Text Tiling 
algorithm. This figure shows that Text Tiling’s recall 
values are very low, 0, 0.33 and 0.60 respectively, 
precision values are high, 0.40, 0.66 and 1.  
 

 
Figure 5.  Evaluation results of TextTiling algorithm 

However, these values take no account of the fact that 
TextTiling is producing ‘just’ missing boundaries rather 
than failing to detect them at all. Figure 6 shows precision 
and recall values for five texts segmented with C99 
algorithm. The interesting observation from this figure is 
that C99 algorithm has high recall values, 0.33, 0.40, 0.50 
and 1 respectively. Precision values are between 0.50 and 
0.66. 

 
Figure 6.  Evaluation results of C99 algorithm 

Table 8 shows the result of comparison between the two 
algorithms. TextTiling has the best value on precision; it 
passes 0.84 but it has the worst value on recall 0.15 and on 
F1 measure (0.25). C99 has the worst value on precision 
0.45 but it has the best value on recall; and F1 measure; it 
passes (0.54) and (0.49) respectively. TextTiling and C99 
seem to have difficulties to adapt themselves with the 
number of boundaries to retrieve; the length of the text has 
a great impact on their number of detected boundaries. 
TextTiling has a clear intuitive interpretation in terms of 
text structure, while this is not the case for C99. The most 
important remark for comparison of TextTiling and C99 
is statistically meaningful for the measure of precision 
(+0.69); same thing for C99 in relation to TextTiling for 
the measure of recall (+0.39), and for the F1 measure 
(+0.24). The C99 algorithm is more precise and seems to 
be more efficient for Arabic texts; it will be used in the 
next section for the evaluation of the influence of 
segmentation on information retrieval.  

TABLE VIII.  COMPARATIVE BETWEEN THE TWO ALGORITHMS. 

Segmentation Recall Precision F1 

Human judges 18.66% 81.33% 0.29 

TextTiling 15.79% 84.27% 0.25 

C99 54.60% 45.40% 0.49 
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C. Influence of topic segmentation on information 

retrieval 

Now that we have examined different ways of 
generating topically coherent segments from long 
documents, our next aim is to use these segments in a 
retrieval setting. For our system there are two evaluations, 
the evaluation of research without segmentation, and the 
evaluation of research with segmentation. To evaluate the 
performance of our system we opted for the use of two 
different corpora, the first corpus is a set of prophetic 
traditions (Hadiths). It includes 453 documents distributed 
on 14 categories. The second corpus is a set of Arabic 
texts of different domains. It contains 373 documents 
distributed on 8 categories.  Table 9 and Table 10 
illustrate the queries used for the evaluation of the two 
corpus. 

TABLE IX.  QUERIES USED FOR CORPUS1EVALUATION 

Query Number The query 
1 ،�Kخ�eQا ،¡Ll�kدر°أlو م� ¡§�leن  
 ³gثNK اf²bQل ��^ ا�OjQة 2
 اNe©jQي 3
l�ghل اl��jQح و ااخNeا�lت 4  

TABLE X.  QUERIES USED FOR CORPUS2 EVALUATION 

Query Number The query 
1 ¡K�� ¡ء أه�lb�L zKjQاب ا�� 
 اf¸Qاف �KL اl¦�Q و اNjQوة 2
  آzºNx ¤K ا��Qة cx اNk¹اء 3
4 N»�Qم� ا ^kfم lن�Kk ¡j�Og lم 

Evaluation Results 

Tables 11 and Table 12 show the results of evaluation of 
the information retrieval system without segmentation on 
corpus 1. Table 13 and Table 14 show the results of 
evaluation of the information retrieval system with 
segmentation on corpus 2. Where NFD is the Number of 
Found Documents; NRFD is the Number of Relevant 
Found Documents; NNRFD is the Number of Non 
Relevant Found Documents; NS/D is the Number of 
Segments per Document; NFS is the Number of Found 
Segments; NRS is the Number of Relevant Segments; 
NRS/D is the Number of Relevant Segments per 
Document. 

TABLE XI.   THE RESULTS OF THE CORPUS1 EVALUATION WITHOUT 
SEGMENTATION 

Query NFD  NRFD NNRFD Recall Precision 

1 1 1 2 0.50 1.00 

2 5 1 1 1.00 0.20 

3 2 2 2 1.00 1.00 

4 13 3 4 0.75 0.23 

 

 

 

 

TABLE XII.  THE RESULTS OF THE CORPUS1 EVALUATION WITH 
SEGMENTATION 

Query NS/D NFS NRS NRS/D Recall Precision 

1 7 1 1 3 0.33 1.00 

2 3 1 1 1 1.00 1.00 

3 1 1 1 1 1.00 1.00 

4 10 3 3 5 0.60 1.00 

TABLE XIII.  THE RESULTS OF THE CORPUS2 EVALUATION WITHOUT 
SEGMENTATION 

Query NFD  NRFD NNRFD Recall Precision 
1 2 1 1 1.00 0.50 
2 2 2 5 0.40 1.00 
3 3 1 1 1.00 0.33 
4 2 1 1 100 0.50 

TABLE XIV.  THE RESULTS OF THE CORPUS2 EVALUATION WITH 
SEGMENTATION 

Query NS/D NFS NRS NRS/D Recall Precision 

1 4 2 2 2 1.00 1.00 

2 11 1 1 1 1.00 1.00 

3 5 1 1 4 0.25 1.00 

4 4 2 2 2 1.00 1.00 

 
Figure 7 shows the result of comparison between the 

two implementation of the information retrieval system 
i.e. with and without segmentation. We note that for the 
recall measure there is an improvement of (+ 0.14) for the 
corpus 1 and (+ 0.5) for the corpus 2. For the precision 
measure there is an improvement of (+ 0.51) for the 
corpus 1 and (+ 0.44) for the corpus 2. 

 

Figure 7.  Comparative of  the two corpus evaluation Results 

Figure 8 and Figure 9 shows the F1 measure and the R/P 
graphs; we take query 4 of corpus 1 as example. We note 
from this comparison between the two implementations of 
the IR system for this query that the use of the topic 
segmentation technique give an improvement in the 
performances of the system in term of Recall, Precision 
and F1 measures. 
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Figure 8.  Query 4- F1 measure curve comparison 

 
Figure 9.  Query 4 Recall/Precision curve comparison  

Discussion  

The set of the retrieved segments is considered by our 
system like a new corpus (the segments are treated as if 
they were full documents). The second research functions 
according to the same process that the first (the value of 
the terms weighting 4  is different because of the new 
segmentation of the documents). At the end of this second 
research, two lists can be proposed to the user. The first is 
a list of segments ordered according to their resemblance 
with the query while the second is the list of the original 
documents ordered according to the scores of their 
segments (the new value of relevance of a document 
corresponds to the score of its best segment). 
A particular survey must be done to set the functions of 
similarity permitting to measure the resemblance of the 
query and an extract of a document -sometimes very 
short-. As suggested in [7], a linear combination of 
different measures gives much better results. The 
combination of the scores gotten by the segments of one 
document with its initial score permits to take into account 
the global relevance of a document and to be more in 
adequacy with the nature of the corpus [7]. In this case, 
the rises of the results gotten after segmentation are 
meaningful. They could be again more distinctly with a 
corpus drawing up the list of the relevant passages of the 
documents.  

                                                           
4 The value of the weighting used at the time of the second research 
TFISF (Term Frequency Inverse Segment Frequency) instead TFIDF. 

 
Figure 10.  Main interface of our AIR system 

The experiments on which we reported in this section 
were aimed at investigating the use of classical 
information retrieval vs. information retrieval using topic 
segmentation as a basis for providing reading 
functionality. Topic segmentation scores best according to 
many of the measures adopted; this is due to the length of 
the segments. The topic segmentation with C99 algorithm 
suggests that, in case of documents with more relevancies, 
it is useful to retrieve relevant segments than just 
documents, which will also help to best position some 
long document. Figure 10, 11 and 12 shows the interfaces 
of our implementation of the Arabic information retrieval 
“Arab Tiling” with functionality of topic segmentation. 

 
Figure 11.  Segmentation interface of our AIR system 



3rd International Conference on Arabic Language Processing (CITALA’09), May 4-5, 2009, Rabat, Morocco 
 

 80 

 
Figure 12.  Relevant retrieved segments  interface of our AIR system 

V. CONCLUSION 

We have described a complete text mining system used 
for knowledge extraction from a database of Prophetic 
Traditions or "Hadiths". Our system provides a list of 
classified "Hadiths" according to their degrees of 
similarity with respect to a user's query. Lists are given in 
decreasing order of relevance, i.e. from the most to the 
less relevant. The implemented methods of text mining in 
this system are based on vector space model, TFIDF, and 
cosine measure. The use of these techniques gave efficient 
results and represent an extension of works done so far for 
Western Languages. The results confirm the independence 
between the statistical methods used and the language 
under consideration. In this study the concept of topic 
segmentation has shown significant results on precision 
and recall compared with traditional retrieval systems. We 
focused on two aspects: generating segments and 
retrieving segments as focused responses to user queries. 
A second research is done either on the documents but on 
the segments of documents. We then offer to the user the 
possibility to reach the information that he searches for 
more quickly. If we consider that the final relevance of a 
document is equal to the highest value of relevance found 
between the query and each of the segments of the 
document, we get a new list ordered of documents. 
For structuring purposes, future work might consider 
implementation of classification methods for similar 
Arabic textual databases. 
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