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Abstract 

The field of information retrieval (IR) is an important area in computer science, this 

domain helps us to find information that we are interested in from an important volume of 

information. Recently a lot of works use semantics in information retrieval systems (IRS) to 

find the information easily, in this paper our job is to propose a new approach to calculate 

the semantic similarity between documents, our approach consists of making a 

hybridization between two approaches already existing in the literature, using semantic 

relationships such as synonymy or generalization, based on the lexical-semantic dictionary 

WORDNET. 

We apply our approach in a first step to make a semantic IRS working in a simple system 

with a single server, and in a second step to calculate the semantic similarity between 

documents in a Big Data system using the Hadoop framework working with the MapReduce 

programming model and the Hadoop Distributed file system HDFS. 
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1. Introduction 

Today we are witnessing a constant development of information technology. These 

new technologies have allowed the rapid evolution of technology and information 

management. The progress of information production tools such as text editors 

allowed daily production of an enormous mass of information. The evolution of 

electronic media allowed the storage's problem of this vast amount of information. 

This rapid increase in the volume of information has created the problem of how to 

find an information that interests us in this great mass of information. To address this 

problem an entire discipline was born. This discipline is known as Information 

Retrieval (IR) [1]. 

To do this search we need research tools that are called Information Retrieval 

Systems (IRS). Thus, an IRS can select from a volume of information, relevant 

information for user's need. In these systems, the need of information is expressed by 

a query.  

Each IRS involves two important phases, the indexing phase, that is to say, each 

document is represented by an intermediate representation. The IRS directly operates 

this representation. It describes the document content by descriptors. These 

descriptors are meaningful units in the document. This description is called the index 

of the document, in the same way; the content of the query is described by a set of 

descriptors. The second phase is the phase of researching the relevant documents to a 

user need (query). To find the relevant documents for a query, the IRS compares the 

performance of that query to the representation of each document. This comparison 
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is executed using a mapping function (Retrieval Status Value: RSV) [2] and a 

relevance score is assigned to each document. These scores can present the documents 

in order of relevance. 

The classical IRS, treat the documents as sets of words, called bag of words. These 

words are used in these IRS to describe the content of a document. Thus, these IRS 

consider words like writing without meaning. Therefore, they can only find 

documents that are described by the same words as the query. For example, a 

document indexed by a word which is a synonym of another word that describes the 

query will never be returned by these IRS, although this document is relevant. To 

overcome these limitations it has become essential to consider the meaning of the 

words. The descriptors are then the meaning of words: concepts. This type of indexing 

is called conceptual or semantic indexing. 

Indexing by keywords is generally unclear. This imprecision is due to semantic 

ambiguity problem of natural language words. For example, the same word can have 

several meanings and different words can have different meanings. Therefore, 

although relevant documents contain words semantically equivalents but lexically 

different (synonyms) to the query words will not be found. Furthermore, an irrelevant 

material containing words lexically identical but semantically different (homonyms) 

to the words of the query will be returned to the user. 

The solution to this problem is the semantic indexing of a corpus, that is to say, the 

use of semantic relations in the phase of indexing and retrieving of documents. It is 

in this sense that our approach is situated, it allows the use of semantic relations such 

as synonymy and some approaches already existing in the literature that use 

semantics. 

We can distinguish three main approaches for the similarity calculation between 

the taxonomy objects. The first type is based on the nodes[3][4]. Works under the 

banner of these approaches used the typically information based content to determine 

the conceptual similarity. Moreover, the similarity between two concepts is obtained 

by the degree of sharing information. The second type is based only on the hierarchy 

or the edge distances [5][6]. The problem with this approaches is that the taxonomy 

arcs represent uniform distances, i.e., all the semantic links have the same weight. 

Finally, the hybrid approach [7][8] which combines the two approaches presented 

above. With these approaches, there exist several manners of detecting the conceptual 

similarity of two words in a hierarchical semantic network. 

Our approach is to hybridize two representation methods, the first is the vector 

representation of documents using the relation of synonymy, and the second is to use 

an approach already existing in the literature. 

A problem arises in the IRS that contain large databases (large corpus), is the 

increased time for the indexing and the search stages, the solution to this problem is 

to parallelize our approach of calculating the similarity between a query and each 

document of the corpus, working in a big data system[9], by sharing the work of 

indexing and calculation of the similarity between several machines.  

In this article, we present the different experimental results obtained by the 

application of our approach to build an IRS in a simple system and to calculate the 

semantic similarity between documents in a distributed system (Big Data).  

 

2. Related Work 

Many studies have been presented on detecting document similarity in recent years 

for facilitating the search of information in complex information systems. Kumar et 

al., [10] and Chowdhury[11] surveyed duplicate or near duplicate data detection 

algorithms. Related work on text similarity detection can be mainly classified into 

two categories: traditional method and parallel method. 
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For the traditional methods, Lyon et al., [12] proposed a tri-gram and set theory-

based algorithm, a data finger-based method, to extract the data finger of sentences 

and then mapped it into a range of value using Hash or MD5 function, then, reported 

the similarity according to the overlapped ratio of similar value or the maximum 

common sub-sequence. 

For the parallel-based methods, most approaches focused on MapReduce model. 

Zhang et al., [13] presented a sequence-based method to detect the partial similarity 

of a web page using MapReduce, which consisted of two sub-tasks as sentence-level 

near-duplicate detection and sequence matching. In this work, will be also used 

MapReduce framework, but we integrate it with some effective features to guarantee 

running time performance. 

 

3. Application Areas of Similarity 

To motivate the importance of the similarity measure, we summarize its  uses in 

several application areas. 

 

3.1. Language Automatic Treatment 

Several works to the similarity measure were justified by the language automatic 

treatment (LAT). Among works in this domain we can cite the work of [14] which 

uses metric semantic similarity to measure the semantic similarity between all the 

word sense of a given words pair and disambiguate thus in a given context. [15] 

Combined the use of a thesaurus automatically acquired starting from the rough 

textual corpora and WordNet (based on the metric of the similarity) to find sense 

prevalent of the words in not structured texts. The authors of work [16] applied 

semantic similarity measures of WordNet to evaluate the expressions relevance, being 

given a specific dialogue, and automatically to build the synopses of the spoken 

dialogue. In this same domain, you can consult work of [17, 18]. 

 

3.2. Bioinformatics 

The large-scale effort in developing, maintaining and making biomedical ontology 

available motivates the application of similarity measures to compare ontology 

concepts or, by extension, the entities described therein. A common approach, known 

as semantic similarity, compares ontology concepts through the information content 

they share in the ontology. Ontology-based similarity has become a prominent 

approach to compare biomedical entities based on their biomedical activity. A 

variation of similarity measure based on the informational contents is adapted to find 

a better way of organizing and questioning the Gene Ontology data (GO) [19].  

 

3.3. Information Retrieval 

Information retrieval rests largely on measures for the identification of the 

similarity between the documents [6,9]. The majority of the approaches of the 

information research takes into account only simple words and/or fragments of the 

words for the research of documents and is unaware of the essential idea that takes 

into account the ontological ratios of the words. The latter can be detected by a 

computing process of similarity between pairs of objects. 

 

3.4. Web Services 

Determining the similarity of semantic services provides useful information 

regarding their accountabilities. In the work of [20], there is a proposal metric to 

measure the similarity of semantic services annotated with an OWL ontology. The 
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similarity measure proposed is based on intuition than similar objects share the most 

descriptive information municipalities. 

 

3.5. Detection Links 

In the work [21], there is a description of the improved link detection based systems 

history using specific information source and combining a number of similarity 

measures. The similarities of the measures adopted by this work are represented by 

cosine, Hellinger, Tanimoto and clarity. Each of these measures captures different 

aspects of similarity of words in a document. 

 

4. Classification of Semantic Similarity Measurement Approaches 

In this section, we present the approaches of semantic similarity already existing 

in the literature, which are classified into three categories.  

 

4.1. Approaches based on Arcs (distances) 

The majority of similarity measurement of concepts in the ontology is based on 

their distances [5, 6]. Obviously, the concept X is more similar to a concept Y than a 

concept Z, this similarity is evaluated by the distance, which separates the concepts 

in the ontology. These measurements make use of the hierarchical structure of 

ontology to determine the semantic similarity between the concepts.  

Among the works classified under this banner include: 

 

4.1.1. Rada et al. Measurement 

This measure[5] is adopted in a semantic network and it is based on the fact that 

we can compute the similarity based on the links hierarchical (generalization) "is -a". 

To compute the similarity of two concepts in an ontology, we must calculate the 

number of minimum Arcs that separate them. This measure is based on the 

computation of the distance between the nodes by the shortest path.  The similarity 

measure with this measurement between the concept c1 and the concept c2 is presented 

in the following formula: 

     
dist(c1, c2)=Minchemin(c1, c2) is the shortest path between the concept c1 and the concept 

c2. 

 

4.1.2. Wu and Palmer Measurement 

The principle of this measurement [6] is: given an ontology formed by a set of 

nodes and a root node (R) (Figure 1). X and Y represent two ontology elements for 

which we will compute the similarity. The principle of this similarity measurement is 

based on the distances (N1 and N2) which separate the X and Y nodes from the node 

R and the distance (N) which separates the Subsuming Concept (SC). 

 

(1) 
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Figure 1. Example of an Extract of Ontology 

The Wu and Palmer measurement is defined by this formula: 

 

4.2. Node-based Approaches (Information Content)  

These techniques adopt a new measure in terms of the entropic measurement of the 

information theory [3][4]. The probability P (.) for the identification of the use of a class or 

its descendants in a corpus indicates the class information. The following formula defines 

the entropy of a class: 

 
Where P is the probability of finding a concept value of c. the probability of concept c is 

calculated by dividing the values number of c by the full number of the values.  

 

4.2.1. Resnik Measure 

The notion of the Informational Contents (IC) was initially introduced by [4], which 

proved that an object (word) is defined by the number of the specified classes and that the 

semantic similarity between two concepts is measured by the quantity of information which 

they share. The informational contents are obtained by computing the object frequency in 

the corpus. The formula for this measure is: 

 

CS(c1,c2): represents the most specific concept (which maximizes the similarity 

value) between the concept c1 and c2 in the on tology. 

 

4.2.2. Lin Measure 

Lin [3] has defined a different similarity measure than that of Resnik by this 

formula: 

 

This measure uses a hybrid approach that combines two different sources of  

knowledge (Thesaurus, corpus). 

 

(2) 

(3) (3) 

(4) 

(5) 
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4.3. Hybrid Approches 

These techniques are regarded as a factor of decision. Founded on a model that 

combines between the approaches based on the arcs (distances) in addition to the 

informational contents that are regarded as a factor of decision. 
 

4.3.1. Jiang and Conrath Measure 

To cure the problem presented to the level of the Resnik measurement, Jiac [7] 

brought a new formula which consists in combining the Entropy (Informational 

Contents) of the specific concept to those of the concepts which we seek the 

similarity. This approach is computed by the following formula: 

 
The distance between c1 and c2 is computed by the following formula: 

  
 

4.3.2. Leacock and Chodorow Measure 

Another method presented by [8], which combines between counting of the arcs 

method and the informational content methods. The proposed measure by Leacock 

and Chodorow is based on the shortest path between two synsets of Wordnet. This 

technique is defined by the following formula: 

 
M is the longest path, which separates the concept root, of the ontology, from the 

concept in the bottom. We indicate that cd(c1, c2) is the shortest path that separates c2 

of c2. 

 

4.4. Approaches Based on the Vector Space 

These approaches use a characteristic vector, in a dimensional space, to represent 

each object and calculate the similarity. The similarity definition between two vectors 

of objects is obtained by their internal contents. Here are some approaches mentioned 

in the literature: 

 

4.4.1. Jaccard Similarity 

It is defined by the common objects number divided by the objects full number 

minus the common objects number: 

 
 

4.4.2. Cosine Similarity 

It uses the complete vector representation, that is to say the objects frequency 

(words). Two documents are similar if their vectors are combined. If two objects are 

not similar, their vectors form an angle (X, Y) whose Cosine represents the similarity 

(6) 

(7) 

(8) 

(9) 
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value. The formula is defined by the ratio of the scalar product of vectors X and Y 

and the product of the norm of x and y. 

 

 
 

The measurement of Cosine quantifies the similarity between the two vectors as 

the cosine of the angle between two vectors. 

 

4.4.3. Euclidean Measure 

The Euclidean similarity is based on the ratio of the Euclidean distance increased 

by one. The Euclidean distance is defined by the following formula: 

 
The similarity measure is therefore defined by: 

 
 

5. The Proposed Similarity Measure 

Our approach is based on a hybrid representation that combines two methods to 

calculate the semantic similarity between two documents. 

 The First Method: 

The first method is based on the vector representation of documents in which each 

element represents the weight of a word in the document that is to say the frequency 

of words which equal to the number of occurrences of the word in the document.  

After that our proposal consists in enriching the vector representation of each document 

with a semantic relationship. The idea is that for each word of the document we calculate 

its frequency and also the frequency of its synonyms using in this stage the WordNet 

dictionary based on the synset (a group of interchangeable words, denoting a sense or an 

individual use [22]). That is to say that the frequency of a word is equal to the sum of its 

frequency and that of its synonyms. 

 The Second Method: 

The second method is based on one of the approaches presented in the last section. After 

indexing each document, we can calculate the semantic similarity between two documents 

based on these approaches, but this time not only between words but between documents 

which contain a set of words. 

Our job is to add two new things to calculate the semantic similarity between two 

documents, the first is to use of the semantic relation of synonymy in the indexing phase 

particularly in the phase of calculation of the weight of words and the second is to use one 

of the approaches presented in the last section. 

Our proposed approach to calculate the semantic similarity between two documents (d 

and q), with d=(d1,d2,……,dn) and q=(q1,q2…….,qn) are vector representations, is defined 

by the following formula: 

(10) 

(11) 

(12) 
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With:  

 i: represents a word of the document q. 

 j: represents a word of the document d. 

 qi is the weight of the word i and its synonyms in the document q.  

 dj is the weight of the word j and its synonyms in the document d.  

 Sim(i, j) is the semantic similarity between the word i and j, calculated using 

one of the approaches mentioned in the last section. 

 

5.1. Choice of the Approach 

The choice of an approach from those presented in the last section is very important 

in our approach because it plays an important role in the research.  To facilitate the 

choice of an approach than another, we try to calculate the semantic similarity 

between identical documents and choose the approaches that give good results, Table 

1 shows the results. 

Table 1. Similarity and Run Time in msec with Different Approaches 

 
 

From this table, we remark that the best approach is that of Leacock and Chodorow 

that gives the greatest similarity with a minimum run time also the  approach of wu 

palmer gives good results. 

So from these results, we choose to work in our work with the approach of  Leacock 

and Chodorow or the Wu and Palmer approach. 

 

5.2. Why we use the Synonymy to Calculate the Weight of Words? 

To demonstrate the utility of using the synonymy relationship in our approach when 

calculating the weight of words in each document, we do an experience allowing 

calculating the semantic similarity between a document and itself by hybridizing it 

with the approach of Learock and Chodorow. Table 2 illustrates the results obtained. 

Table 2. Results of Similarity with and Without Synonymy 

 
 

From this table we see the good effect of using the synonymy when calculating the 

frequency of words, so with the use of synonymy, the semantic similarity is increased 

(13) 

http://www.sersc.org/journals/IJGDC/


International Journal of Grid and Distributed Computing 

Vol. 11, No. 7 (2018) 

 

 

Copyright ⓒ 2018 SERSC Australia 71 

almost the twice than in the case where we do not use it, that shown the importance 

of using semantic relations especially the synonymy. 

 

6. Evaluation of our Approach 

In this section, we present the practical results of our approach compared with 

existing approaches such as Wu and Palmer and Leacock and Chodorow. 

Table 3 shows the results of the similarity and the execution time between two 

identical documents using our approach, the approach of Wu and Palmer and the 

approach of Leacock and Chodorow. 

Table 3. Similarity and Execution Time of our Approach Compared with WP 
and LC 

 
 

From this table we see that despite our approach has a greater run time than Wu 

and Palmer or Learock and Chodorow but it gives a great similarity than the other two 

approaches, and because we calculate the similarity between a document and itself, 

our approach gives good results and it provides an important similarity than the other 

two approaches (Wu and Palmer or learock and Chodorow). 

We can conclude from these practical results that our approach is effective to an 

information retrieval system because it can easily give us semantically similar 

documents for a query. 

Figure 2 shows the results of applying our approach to calculate the semantic 

similarity between a query, and a corpus that contains each time a variable number of 

documents; and calculating each time the time needed to find the similarity between 

the query and any document of the corpus. 

 

 

Figure 2. Execution Time using our Approach 

Note that for both of our approach, either with Wu and Palmer or with Learock 

Chodorow if the number of documents increases the time also increases without forgotten 
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that with the approach of Learock and Chodorow we need an execution time less than that 

required for the Wu and Palmer approach. 

From this experience, we decided to work with the method of Learock and Chodorow in 

our approach. Figure 3 illustrates the comparison results of our approach with other 

approaches already existing in the literature, by calculating the semantic similarity between 

a document and itself. 

 

 

Figure 3. Semantic Similarity for Different Approaches 

From this graph, we see that the similarity obtained with our approach outperforms the 

other approaches. Therefore, we can say that our approach is very effective for an IRS for 

calculating the semantic similarity between documents. 

 

7. Application of our Approach 

The goal of IR is to find the relevant documents to a query, and therefore useful for the 

user. The quality of a system is measured by comparing the responses of the system with 

ideal responses that the user expects to receive. More system responses correspond to those 

that the user hopes better is the system. 

In this section, we present the results of the evaluation of our approach to an information 

retrieval system (IRS), compared with an IRS based on the vector representation and 

synonymy relations with a matching function based on the approach of cosine. 

Comparing the responses of the two IRS, whether it was with our approach or with the 

approach of cosine (with synonymy) is made by the curve Recall/Precision with two 

measures, Recall (measures the proportion of relevant documents found among all relevant 

documents in the base.) and Precision (measuring the proportion of relevant documents 

found among all the documents found by the system). 

Figure 4 shows the steps necessary to calculate the semantic similarity between a query 

and a set of documents (corpus or collection of documents), like the indexing step that is to 

say, extract the words of each document and query also the phase of calculating the 

frequency of each word and the step of using WordNet to find synonymy of words without 

forgotten the most important phase which is the phase of applying the matching function 

using our approach. 
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Figure 4. Similarity Calculation Steps using our Approach 

We work in this experiment with the results of the past one which showed us that the 

approach of learock and Chodorow needs a running time less than that required with Wu 

and Palmer, so we work in this experience with the Learock and Chodorow approach. 

Figure 5 illustrates the curve recall/precision for both IRS. 

 

 

Figure 5. Curve recall/precision for our IRS and IRS of Cosine 
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Before commenting on this result and as a reminder we can say that if we want to 

compare two IRS systems they must be tested with the same test corpus. A system whose 

curve exceeds (that is to say, it is located at the top right of the other) that of the other is 

regarded as a better system. 

So according to this definition and from the curve of Figure 5, we conclude that our IRS 

is better than the IRS based on Cosine. 

 

8. Big Data Challenges by Hadoop 

This is the world of Big Data, Weblogs, Internet texts and Documents, Internet search 

indexing, Internet of Things (IoT), Cloud Computing…. These all include Big Data for 

making more strategic decisions and taking the full advantage of available information, it 

is required to process Big Data efficiently [23]. 

 

8.1. Hadoop Clustering 

Hadoop is an open source Apache software framework that evaluates gigabytes or 

petabytes of structured or unstructured data and transforms it more manageable for 

applications to work with a large data2.The core components of Hadoop are HDFS and 

MapReduce. HDFS is basically used to store large data sets and MapReduce is used to 

process such large datasets. 

 

8.2. Hadoop Distributed File System (HDFS) Architecture 

The Hadoop Distributed File System (HDFS) is designed to store very large data sets 

reliably, and to stream those data sets at high bandwidth to user applications. In a large 

cluster, thousands of servers both host directly attached storage and execute user application 

tasks [24]. HDFS uses a write-once, read-many model that breaks data into blocks that it 

spreads across many nodes for fault tolerance and high performance. 

 

 

Figure 6. The High-Level Overview of the Structure of HDFS 

HDFS stores file system metadata and application data separately on a dedicated server, 

called the NameNode. Application data are stored on other servers called DataNodes. 

NameNode: the node that controls the HDFS. It is responsible for serving any component 

that needs access to files on the HDFS. It is also responsible for ensuring fault-tolerance on 

HDFS. Usually, fault-tolerance is achieved by replicating the files over different nodes. 

                                                           
2 Apache Hadoop, http://hadoop.apache.org/ 
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DataNode: this node is part of HDFS and holds the files that are put on the HDFS. Usually 

these nodes also work as TaskTracker. JobTracker tries to allocate work to nodes such files 

accesses are local, as much as possible. 

 

 

Figure 7. The Interaction between HDFS and MapReduce Job 

At the level of the NameNode, the JobTracker is responsible for the management of 

resources that is the control of the DataNodes in the cluster. It manages the entire duration 

of the life of a job. The TaskTracker has responsibilities more simple, namely launch the 

tasks in the order provided by the JobTracker and periodically give a status of progress of 

the task to the JobTracker. 

 

8.3. MapReduce Programming Model 

MapReduce is a programming model and an associated implementation for processing 

and managing large data sets with a parallel, distributed algorithm on a cluster. MapReduce 

divides into three parts: Map, Shuffle and Sort, and Reduce. A Map part of MapReduce job 

splits the input datasets into independent chunks. The independent chunks are processed in 

a completely parallel manner using Map task. Then the Reduce function merged these 

values to form a possibly smaller set of values. That is, the Reduce function filtered the 

Map output and produces the results with respect to the key of the Map phases [25]. 

 

 

Figure 8. The Process of our MapReduce Model 
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Our proposed algorithm runs on two consecutive MapReduce phases, the first is to build 

an indexing phase and the second is to compute the semantic similarity measure, the design 

of our MapReduce operation is shown in Figure 8. 

In our work we propose a new MapReduce algorithm to calculate the semantic similarity 

between a request in the form of a document, and each document of a corpus choosing in 

our case that the key for the map operation is the document name (DocID) and the value is 

the content of each document, so we sent after the map operation a word as value and the 

name of its document as key, the Reduce phase groups the words of the same document and 

calculates the semantic similarity using our approach between the request and the document 

we are working on, at the end of the MapReduce operation we save the result of the 

calculation of the semantic similarity at the level of HDFS. Each line in HDFS will contain 

the name of each document and its similarity with the request. 

Figure 9 shows the different steps to calculate the semantic similarity using the Hadoop 

framework. 

 

 

Figure 9. General Scheme of our Work 

With: 

 Document indexing: given a corpus, for each term of the document, the mapper 

emits the document ID as the key, and his words as the value. The shuffle phase 

of MapReduce, groups these words by a collection of the values of each document, 

and delivers these inverted lists to the reducers, that write them to blocks. 

 Semantic similarities measures: In this step, Reduce takes the output of the Map 

function and computes the semantic relation between each collection of values of 

each document and the query. This semantic relation computed by WordNet as an 

external semantic network with the use of the weight of the words and one of the 

approaches already existed to compute the semantic similarity between the two 

words. 
 

8.4. Proposed MapReduce Algorithm 

The following algorithm shows our MapReduce algorithm for calculating the semantic 

similarity using our approach. 

 

With: 

 CalculateOccurence(e) is a method which calculates the number of occurrences of 

the word e in the list. 

 Indexing(Query) is a method that poster the words exists in the query. 
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9. Experimental Results in Big Data 

To evaluate our approach based on the MapReduce programming model and using 

the HDFS file system, we conduct extensive performance study, the experiment is to 

run initially our MapReduce algorithm with a variable number of documents in input 

(in the corpus stored in HDFS), the second experiment is to vary the number of cluster 

nodes to see the effect of parallelization on the execution time of the MAP and 

REDUCE functions. 

 

9.1. Result on Documents 

Figure 10 illustrates the results obtained with a NameNode and two DataNodes, 

that is to say, we share the semantic similarity between three machines using the 

MapReduce programming model. 
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Figure 10. The Execution Time of our Approach with Wu and Palmer and 
Learock and Chodorow 

Therefore, from this figure, we see that when the number of documents increases, 

the execution time also increases which is normal due to the number of operations in 

addition whether it was in the Map phase or in the Reduce phase. 

Table 4 gives the results of the execution time (msec) on a variable number of 

documents in the Map and Reduce phase using in our algorithm the Learock and 

Chodorow approach. 

Table 4. Evaluation of the Execution Time of our Approach in Hadoop 

 
 

9.2. Results on the Nodes 

Figure 11 gives the results obtained for the calculation of the semantic similarity 

between a query and a document collection, using a NameNode and a variable  number 

of DataNodes, each time comparing the execution time of the Map and Reduce phase. 

Note that if the number of nodes increases, the running time in the stage Map and 

Reduce decrease. Which is the advantage of our algorithm and the objective of 

working in a distributed system that is to say reducing the time of calculation of the 

semantic similarity although the corpus contains a large number of documents.  
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Figure 11. The Execution Time of the Map and Reduce by Varying the 
Number of Nodes 

10. Conclusion and Future Works 

In this work, we presented an extension of similarity measure based on two 

representation methods, the vector representation using semantic relationship which 

is the synonymy, and the second representation is to use existing approaches in the 

literature. We have shown that the use of synonymy added positive value to the 

proposed approach. We compare our approach with existing measures in the literature 

like Wu and Palmer or Learock and Chodorow. The Experimental results show that  

the proposed approach despite it requires a relatively large execution time than other 

approaches but it gives a great precision (Relevance) than other approaches when 

calculating the semantic similarity between two documents.  

The problem we found when calculating the semantic similarity between 

documents in a single system with a single server is the time we need to wait to see 

the result, but with the Big Data we exceeded this problem by working with the 

distributed system (sharing the work between several machines). 

 

10.1. Future Works 

 the application of our approach to another language like Arabic to make an 

Arabic IRS. 

 Reduce the execution time of the Reduce operation at the proposed 

MapReduce algorithm, because as we saw in the experimental results,  the 

Reduce stage needs a relatively long time to do its work, our proposal to work 

with multiple MapReduce that is to say uses the result of the first MapReduce 

to run another. 
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