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Abstract
The amount of information available on the Internet is growing. Finding information has become extremely challenging in 
an ever-growing volume of data. This is caused by a number of factors, chief among them being indexing issues and the way 
the search engine behaves when looking for pertinent content. In this paper, we present an information retrieval system 
(IRS) for e-learning, and we have implemented several strategies to improve the system’s accuracy and relevance while also 
decreasing its response time. In essence, our method is predicated on a fragmentation of the global data index. In fact, this 
index is broken up into multiple pieces, the number of which corresponds to the number of basic learning entities. To do this, 
every search query is run concurrently across all of the previously specified index pieces. Additionally, micro-services are 
distributed via network ports via an APIs gateway to ensure flawless synchronization between the database and the search 
engine. Moreover, in order to improve the score calculation and the field weight adjustment to produce more reasonable 
results, a weighting policy for the terms was implemented. Positive outcomes were achieved.
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1. Introduction
In an E-Learning system, solutions must be found to store and structure the large mass of information, so that quick and 
relevant searches can be carried out in response to learners’ queries. It is therefore a question of efficiently managing 
the volume of search requests made by users in order to propose an information search system (IRS) robust in terms of 
availability and flexible with regard to expansion. Historically, information retrieval is connected to information science and 
librarianship, which seek to present documents to extract information, through the development of indexes. The computer 
science evolution has enabled the development of tools to process information and establish the representation of documents 
during their indexing. Subsequently, a synchronization is carried out with the search engine as a method of information 
extraction. Therefore, information retrieval (IR) consists of finding among the large volume of available documents, those 
that best meet the needs of users in a minimum of time as a response to a user request. Thus, with the ever-increasing 
demand for access to information, the speed of response is becoming an increasingly pressing factor. Thus, developers 
are constantly looking for techniques to achieve faster indexes and faster query response times. Finally, the quality of the 
search task is greatly affected by the user’s interaction with the system. Therefore, a better understanding of user behavior 
will affect the design and deployment of new information search strategies. This paper focuses on the development of 
an information retrieval system dedicated to E-Learning that meets the requirements of users and administrators of the 
platform in terms of both index construction and search relevant information in response to user needs. Section 2 presents 
the general concepts relating to E-Learning and its interactions as well as information retrieval techniques and underlines 
the important contribution of an information retrieval system (IRS) in the proper functioning of a platform of E-learning. 
Section 3 will be devoted to the study of our design of the search engine, in which it is explained in detail its implementation 
in a way adapted for E-Learning. Section 4 is devoted to the implementation part where the technologies and tools deployed 
for the needs of the implementation of our system will be discussed [1,2]. We finally conclude in section 5 with a conclusion 
and outlooks.

2. E-Learning and its interactions
It is a new form of online and distance learning using the Internet and new digital technologies to improve the learning 
process. E Learning draws its appeal from the fact that it gives the learner the opportunity to learn at their own pace, on 
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their computer, educational content on various subjects. Organized in sessions or modules, with assessment tests. The 
training can be completely self-managed and followed via a dashboard that lists each of the learner’s advances. An E-learning 
platform contains courses and documents in all areas, thus offering users the possibility of making a search on the entire 
mass of documents stored in a database. Therefore, this new situation invites us to overcome the challenges we will face 
such as: How to save the huge number of documents, how to structure the E-learning content and How to make the search 
fast enough and relevant to the users.

2.1. Information Retrieval
Information retrieval (IR) concerns the representation, retrieval, and manipulation of large collections of electronic text and 
data in human language. IR systems and services are widespread today, and millions of people depend on them daily [1,3]. 
Web search engines are by far the most popular and widely used IR services. They provide access to up-to-date technical 
information, locate people and organizations, and summarize news and events. There are also other use cases such as digital 
library systems that help academic users learn about new journal articles and conference presentations related to their 
research areas [4].

2.2. Search Engine
The search engine is a necessary tool in the E-Learning knowledge and information system. It makes it possible to manage 
in the best possible way the backup, the search and the presentation of the data. Its components as well as its operation are 
designed and modelled in such a way as to properly manage indexing and search operations [5].
 
2.3. Web Search
Regular users of web search engines expect to receive precise and almost instantaneous answers to their queries through a 
search interface. This simple and intuitive interface is based on clusters of computers, comprising thousands of machines, 
which work in cooperation to generate a ranked list of web pages likely to meet the information need expressed in the 
request. These machines identify a set of web pages containing the query terms, calculate a score for each page, eliminate 
duplicate and redundant pages, generate summaries of the remaining pages, and finally return the summaries and links to 
the user so that he can exploit them. In its initial design, the web allowed a user to retrieve information. Nevertheless, the 
operations of sorting, classifying and extracting what is relevant to him were done manually. This task generally required a 
lot of hard work, whereas a search engine can produce thousands of results automatically [6].

2.4. Difference between Search Engine and Database
The search engine and the database are data persistence tools; however, one cannot replace the other, each having its own 
use case and its own specifications. While the data in the database (SQL) is stored as rows in structured tables, the search 
engine uses storage spaces where the data is saved in sometimes-unstructured documents. In addition, the entities stored 
in the database are linked to each other by means of foreign keys, facilitating the transition of an entity to other entities to 
which it is linked. In the storage space dedicated to the search engine, on the other hand, the notion of foreign keys is absent.

2.5. Structure and operation of a Search Engine
A search engine is a set of entities and tools that interact with each other to accomplish the indexing of new resources as well 
as the search for data already indexed as illustrated in figure 1 below.

2.5.1 Information gathering

The addition of new data to the space dedicated to the search engine is done, either
manually by an administrator or automatically by a ”WEB Crawler” for example, or
simply by extracting data from an already existing database [7].

Fig. 1: Structure of a search engine.

2.5.2 Indexing of new data

Indexing is an indispensable and very important operation in the ecosystem in which
the search engine operates. After the introduction of new data, a pre-processing of
these data must be carried out by a Text-Analyzer and then weighted and finally
indexed in the index database [8].

1. Text-Analyzer and the human language processing process
It aims to analyze texts in order to extract machine-readable facts. The objective is
to create structured data from free textual content. The process consists of cutting
piles of unstructured and heterogeneous documents into data elements that are easy
to manage and interpret. Text analysis is performed in several steps [8, 9] as follow:
Step 1. Tokenization (Segmentation): Extraction of terms, these are the indexes
used during the search [10].
Step 2. Removal of ”empty words” (Stop Word): Words with a very high frequency
of appearance, having little information on the content, they will be compared to
a Stop-List [11].
Step 3. Standardization (Normalization): Process transforming all the words of
the same family into a normal or canonical form in order to be able to make the
pairing between the terms of the index and those of query [12].

2. Weighting
Here are the most important approaches for calculating the weight of a term:

a) Approach based on the frequency of occurrences of the term in the
document - Term Frequency (TF)
Simple and classic, it consists of choosing the words represented according to
their frequency of occurrences [13].

b) Approach based on logarithmic normalization
In this approach, the raw frequency can be logarithmically normalized to dampen
deviations [14].

4

Figure 1: Structure of a Search Engine

https://www.wecmelive.com/


Volume - 3 Issue - 1

Page 3 of 16

Copyright © Abdelmadjid BOUDINAEngineering and Applied Sciences Journal

Citation: BOUDINA, A., MELILI, A. (2026). An Information Retrieval System for E-Learning. Eng Appl Sci J, 3(1),1-16. 

2.5.1. Information Gathering
The addition of new data to the space dedicated to the search engine is done, either manually by an administrator or 
automatically by a ”WEB Crawler” for example, or simply by extracting data from an already existing database [7].

2.5.2. Indexing of New Data
Indexing is an indispensable and very important operation in the ecosystem in which the search engine operates. After the 
introduction of new data, a pre-processing of these data must be carried out by a Text-Analyzer and then weighted and finally 
indexed in the index database [8].

2.5.3. Text-Analyzer and the Human Language Processing Process
It aims to analyze texts in order to extract machine-readable facts. The objective is to create structured data from free textual 
content. The process consists of cutting piles of unstructured and heterogeneous documents into data elements that are easy 
to manage and interpret. Text analysis is performed in several steps as follow [8,9].
• Step 1. Tokenization (Segmentation): Extraction of terms, these are the indexes used during the search [10].
• Step 2. Removal of ”empty words” (Stop Word): Words with a very high frequency of appearance, having little information 
on the content, they will be compared to a Stop-List [11].
• Step 3. Standardization (Normalization): Process transforming all the words of the same family into a normal or canonical 
form in order to be able to make the pairing between the terms of the index and those of query [12].

2.5.4. Weighting
Here are the most important approaches for calculating the weight of a term. 
• Approach Based on the Frequency of Occurrences of the Term in the Document - Term Frequency (TF): Simple and 
classic, it consists of choosing the words represented according to their frequency of occurrences [13].
• Approach Based on Logarithmic Normalization: In this approach, the raw frequency can be logarithmically normalized 
to dampen deviations [14].
• Approach based on the TF-IDF: The TF-IDF approach combines the two criteria, namely the frequency of appearance of 
the term, the ”TF” and the frequency of the term in the collection by Inverted Document Frequency, we measure whether a 
term distinguishes well a document of the other documents [15].

2.5.5. Inverted Index
Once the weights of the terms have been calculated, the final phase of indexing follows, i.e. the saving of the weighted terms 
pointed to their documents in the index database. For this purpose, the most common technique is to use the reverse file 
[16]. As shown in Table 1 bellow, in a text search system, the system’s reverse file is provided by a Word List and postings 
file where.

List of words (Word List), index file or Vocabulary = set of all distinct words; Postings (Occurrences) = lists containing all the 
necessary information on each word of the vocabulary.

c) Approach based on the TF-IDF
The TF-IDF approach combines the two criteria, namely the frequency of appear-
ance of the term, the ”TF” and the frequency of the term in the collection by
Inverted Document Frequency, we measure whether a term distinguishes well a
document of the other documents [15].

3. Inverted index
Once the weights of the terms have been calculated, the final phase of indexing
follows, i.e. the saving of the weighted terms pointed to their documents in the
index database. For this purpose, the most common technique is to use the reverse
file [16]. As shown in Table 1 bellow, in a text search system, the system’s reverse
file is provided by a Word List and postings file where:

� List of words (Word List), index file or Vocabulary = set of all distinct words;
� Postings (Occurrences) = lists containing all the necessary information on each
word of the vocabulary.

Table 1: Example of Inverted Index.

2.6 Search query

To perform a search query on previously indexed data, each query is processed by a
Text-Analyzer, usually the same one used in the indexing phase, to extract all the
search keywords. Then, the search engine will create an internal representation for a
document or for a query based on these terms. Then, define a method of comparison
between a document representation and a query representation in order to determine
their degree of correspondence (or similarity). This is defined as our information-
seeking model [17, 18]. An example is given in Figure 2 bellow.

2.7 Information seeking model

There are three basic processes an information retrieval system has to support [19]:
the representation of the content of the documents, the representation of the user’s
information need, and the comparison of the two representations. The processes are
visualised in Figure 3 bellow.
In this figure, squared boxes represent data and rounded boxes represent processes.
An Information Retrieval models are distinguished by the following matching principle
[19]:

� Exact matching: the query precisely specifies the search criteria, all the documents
that exactly match the query are selected, but not ordered;

� Approximate matching (Best matching): the query describes the criteria
sought in a document, the documents are selected according to a degree of relevance
(similarity).

5

Table 1: Example of Inverted Index

2.6. Search Query
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query is processed by a Text-Analyzer, usually the same 
one used in the indexing phase, to extract all the search 
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representation for a document or for a query based on 
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a document representation and a query representation 
in order to determine their degree of correspondence (or 
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2.7. Information Seeking Model
There are three basic processes an information retrieval system has to support the representation of the content of the 
documents, the representation of the user’s information need, and the comparison of the two representations. The processes 
are visualised in Figure 3 bellow [19].

Fig. 2: Illustration of an indexing operation with a search query.

Fig. 3: Information Retrieval Processes.

There are three main IR (Information Retrieval) models, namely : The Boolean mod-
els, also known as set models, The vector model or Vector Space Retrieval Model
(VSM) and The probabilistic model [20–22, 24].

2.8 Evaluation of information retrieval systems

The validation of a new SRI is based on the experimental evaluation of its perfor-
mance. In recent years, this evaluation has been a very active field of research; it
makes it possible to estimate the impact of each of the characteristics of a system
and to provide objective parameters for comparison between the various existing sys-
tems. The evaluation can cover several criteria of efficiency and effectiveness, which
are generally constructed from the judgments expressed by users or by experts. We
can mention: the relevance of the results, the quality of the presentation of the results
and the performance, which in turn affects several criteria concerning the consump-
tion of resources, such as response time, memory space, load capacity, etc. The most
important criterion that undoubtedly interests the user the most is the one that mea-
sures the ability of an IRS to satisfy his information need. It is about the relevance of
the results returned by this system [25].
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In this figure, squared boxes represent data and rounded boxes represent processes. An Information Retrieval models are 
distinguished by the following matching principle
[19].
• Exact Matching: the query precisely specifies the search criteria, all the documents that exactly match the query are 
selected, but not ordered;
• Approximate Matching (Best Matching): the query describes the criteria sought in a document, the documents are 
selected according to a degree of relevance (similarity).

There are three main IR (Information Retrieval) models, namely : The Boolean models, also known as set models, The vector 
model or Vector Space Retrieval Model (VSM) and the probabilistic model [20-24].

2.8. Evaluation of Information Retrieval Systems
The validation of a new SRI is based on the experimental evaluation of its performance. In recent years, this evaluation has 
been a very active field of research; it makes it possible to estimate the impact of each of the characteristics of a system and to 
provide objective parameters for comparison between the various existing systems. The evaluation can cover several criteria 
of efficiency and effectiveness, which are generally constructed from the judgments expressed by users or by experts. We can 
mention: the relevance of the results, the quality of the presentation of the results and the performance, which in turn affects 
several criteria concerning the consumption of resources, such as response time, memory space, load capacity, etc. The most 
important criterion that undoubtedly interests the user the most is the one that measures the ability of an IRS to satisfy his 
information need. It is about the relevance of the results returned by this system [25]. Consequently, information retrieval 
(IR) is centered on this notion of relevance, which defines the degree of correspondence between a search query and the 
documents in the index. In response to this query, the list of results can be divided into four sets: relevant or not (the user 
says Yes/No), selected or not (the system says Yes/No). These different situations are summarized in the following table, 
called the contingency table (see Table 2 below).

Consequently, information retrieval (IR) is centered on this notion of relevance,
which defines the degree of correspondence between a search query and the documents
in the index. In response to this query, the list of results can be divided into four sets:
relevant or not (the user says Yes/No), selected or not (the system says Yes/No). These
different situations are summarized in the following table, called the contingency table
(see Table 2 bellow).

Table 2: The contingency table.

Relevant Not Relevant
Selected True positive False positive

Not Selected False Negative True Negative

From these values, different metrics can be calculated, making it possible to evaluate
the relevance of the results. The two most commonly used metrics in IR are; the
precision rate and the recall rate. The first one attempts to answer the question: how
many elements are relevant among those selected, and measures the system’s ability to
reject all irrelevant documents, while the second one attempts to answer the question:
how many relevant elements are selected, and measures the system’s ability to select
all relevant documents.

Precision rate(P ) =
true positive

True positive+ False positive
(1)

=
Number of relevant documents selected

Number of all relevant documents

Where :

� True positive = number of documents containing the search term selected.
� False positive = number of documents not containing the search term selected.

Recall rate(R) =
true positive

True positive+ FalseNegative
(2)

=
Number of relevant documents selected

Number of all relevant documents

Where :

� True positive = number of documents containing the search term selected.
� False negatives = number of documents containing the search term not selected.

Recall is not a sufficient measure, as it does not show that there are irrelevant
documents among the results. These two metrics are dependent on each other, when
one increases, the other decreases. In other words, the greater the noise, the lower
the accuracy, and vice versa. Various studies have shown that the use of these two
measures alone is insufficient.

This criticism concerns the inadequacy of the binary evaluation on which these
measures are based (relevant and irrelevant); the authors believe that certain docu-
ments found may be partially relevant. Work has attempted to improve these measures
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Table 2: The Contingency Table

From these values, different metrics can be calculated, making it possible to evaluate the relevance of the results. The two 
most commonly used metrics in IR are; the precision rate and the recall rate. The first one attempts to answer the question: 
how many elements are relevant among those selected and measures the system’s ability to reject all irrelevant documents, 
while the second one attempts to answer the question: how many relevant elements are selected and measures the system’s 
ability to select all relevant documents.

Where :
True positive = number of documents containing the search term selected.
False positive = number of documents not containing the search term selected.

Where :
True positive = number of documents containing the search term selected.
False negatives = number of documents containing the search term not selected.

Recall is not a sufficient measure, as it does not show that there are irrelevant documents among the results. These two 
metrics are dependent on each other, when one increases, the other decreases. In other words, the greater the noise, the 
lower the accuracy, and vice versa. Various studies have shown that the use of these two measures alone is insufficient. This 
criticism concerns the inadequacy of the binary evaluation on which these measures are based (relevant and irrelevant); the 
authors believe that certain documents found may be partially relevant. Work has attempted to improve these measures and 
others have proposed new ones. Let us note, in this respect, the ESL (Expected search length) measure proposed by [26]. 
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Which corresponds to the number of irrelevant documents that the user must browse through in the list of results before 
accessing a relevant document [3]. In the same vein, another rank-based measure has been proposed, often used in question-
answer systems, it is the MRR (Mean Reciprocal Rank) metric. It is used to evaluate the average rank of the first relevant 
document in the list of results, calculated over all the queries. It is defined as follows.

Where :
MRR = Mean Reciprocal Rank.
|Q| = The total number of queries (questions or searches). rank i = The position (rank) of the first relevant result for query 
number i.
The value of MRR is high for a system that gives relevant results at the top of the returned list, and it is zero if no relevant 
documents were found.

3. Conception
In addition to the mechanisms adopted in the modeling of our approach to improve the relevance and accuracy and decrease 
the response time of the information retrieval system when processing a user query, we have also implemented other 
techniques related to typo tolerance, word suggestion, synonyms and abbreviations management as well as the manipulation 
of empty words or ”Stop Word”

3.1. E-Learning Content Structure
In our E-learning system, the structure is defined according to the following fundamental entities.
• Field: groups together courses of the same specialty, e.g. medicine, IT, etc.
• Course: the main entity described by a name, a level (beginner, intermediate, advanced), and a description.
• Chapter: each course is composed of one or more chapters described by a Title and a content.
• File: each chapter can contain one or more files, described by name, download link, extension and content.

3.2. Platform Structure Design
Since the search engine is not suited to operations involving the addition, modification or reading of relations between 
entities, it is more rational to have two storage entities, which, moreover, must be permanently synchronized. While the 
BDD (database) is intended to carry out this type of operation, the search engine will be oriented mainly to searching for 
information. Consequently, every add or modify request will be applied first to the database, then to the storage space 
dedicated to the search engine as illustrated in figure 4 bellow.

and others have proposed new ones. Let us note, in this respect, the ESL (Expected
search length) measure proposed by [26], which corresponds to the number of irrelevant
documents that the user must browse through in the list of results before accessing a
relevant document [3]. In the same vein, another rank-based measure has been pro-
posed, often used in question-answer systems, it is the MRR (Mean Reciprocal Rank)
metric. It is used to evaluate the average rank of the first relevant document in the
list of results, calculated over all the queries. It is defined as follows:

MRR =
1

|Q|

Q∑
i=1

1

ranki
(3)

Where :

� MRR = Mean Reciprocal Rank.
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3 Conception

In addition to the mechanisms adopted in the modeling of our approach to improve
the relevance and accuracy and decrease the response time of the information retrieval
system when processing a user query, we have also implemented other techniques
related to typo tolerance, word suggestion, synonyms and abbreviations management
as well as the manipulation of empty words or ”Stop Word”.

3.1 E-learning content structure

In our E-learning system, the structure is defined according to the following funda-
mental entities:

1. Field: groups together courses of the same specialty, e.g. medicine, IT, etc.
2. Course: the main entity described by a name, a level (beginner, intermediate,

advanced), and a description.
3. Chapter: each course is composed of one or more chapters described by a Title and

a content.
4. File: each chapter can contain one or more files, described by name, download link,

extension and content.

3.2 Platform structure design

Since the search engine is not suited to operations involving the addition, modification
or reading of relations between entities, it is more rational to have two storage entities,
which, moreover, must be permanently synchronized. While the BDD (database) is
intended to carry out this type of operation, the search engine will be oriented mainly
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to searching for information. Consequently, every add or modify request will be applied
first to the database, then to the storage space dedicated to the search engine as
illustrated in Figure 4 bellow.

3.3 Defining user roles

We distinguish two types of users:

� The platform administrator (ADMIN): responsible for modifying the content
present at the database level (adding, deleting, modifying, etc.).

� The Visitor (learner or consultant of the courses): can just carry out search
requests on the courses present at the level of the database and consult them.

Fig. 4: platform structure.

3.4 Database design

It is described below by the use case, class, and sequence diagrams.

3.4.1 Use case diagram

This is the main form of system/software requirements that we relied on to specify
the expected behavior of our system. This is an effective technique for communicating
system behavior in user terms by specifying all externally visible system behavior as
illustrated in Figure 5 bellow [27, 28].

Fig. 5: use case diagram.

3.4.2 Class diagram

Used in the design and modeling of our system to describe classes and their relation-
ships. Class diagrams allow us to model software at a high level of abstraction and
without having to look at the source code as illustrated in Figure 6 bellow [27].
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Figure 4: Platform Structure

3.3. Defining user roles
We distinguish two types of users
• The platform administrator (ADMIN): responsible for modifying the content present at the database level (adding, 
deleting, modifying, etc.).
• The Visitor: (learner or consultant of the courses): can just carry out search requests on the courses present at the level 
of the database and consult them.
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This is an effective technique for communicating system behavior in user terms by specifying all externally visible system 
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3.4.2. Class Diagram
Used in the design and modeling of our system to describe classes and their relationships. Class diagrams allow us to model 
software at a high level of abstraction and without having to look at the source code as illustrated in Figure 6 bellow [27].

3.4.3. Sequence Diagram
Used to describe the sequence of inter-object messages in an interaction. It consists of a group of objects represented by 
lifelines, and messages exchanged over time during the interaction as shown in figure 7 [27,28].
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Figure 6: E-learning Class Diagram

Figure 7: Sequence Diagram for Indexing Operation

Fig. 6: E-learning class diagram.

3.4.3 Sequence diagram

Used to describe the sequence of inter-object messages in an interaction. It consists of
a group of objects represented by lifelines, and messages exchanged over time during
the interaction as shown in Figure 7 [27, 28].

Fig. 7: Sequence diagram for indexing operation.

3.4.4 Process

ADMIN sends a request for indexing data and files following mandatory authentica-
tion, the request is sent to other entities. Starting with the BACKEND, which will
be responsible for recording and storing all the data, contained in the request, it first
saves the files in its space, and then it creates the entities of the course and saves them
in the Database. Once the backup has been successfully completed in the database,
an operation success response is returned to the BACKEND, which completes the
process by sending an indexing request to the search engine.

3.5 Search engine adapted for E-learning

The design of a search engine for E-learning must meet several requirements, namely:

� A search query must be performed on all entities containing answers related to the
search query;

� Answers must be structured and classified in a hierarchical form to represent
relationships between course elements;

� Ensuring better use of hardware resources, in particular the consumption and
management of storage space;

� The ability to index data when creating in several different formats means that the
files associated with the chapter are in PDF, DOCX, PPT, etc.
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3.4.4. Process
ADMIN sends a request for indexing data and files following mandatory authentication, the request is sent to other entities. 
Starting with the BACKEND, which will be responsible for recording and storing all the data, contained in the request, it first 
saves the files in its space, and then it creates the entities of the course and saves them in the Database. Once the backup has 
been successfully completed in the database, an operation success response is returned to the BACKEND, which completes 
the process by sending an indexing request to the search engine.

3.5. Search engine adapted for E-learning
• The design of a search engine for E-learning must meet several requirements, namely.
• A search query must be performed on all entities containing answers related to the search query.
• Answers must be structured and classified in a hierarchical form to represent relationships between course elements.
• Ensuring better use of hardware resources, in particular the consumption and management of storage space.
• The ability to index data when creating in several different formats means that the files associated with the chapter are in 
PDF, DOCX, PPT, etc.

3.5.1. Data Index
Considering the above, it is clear that as CRUD (Create - Read - Update - Delete) operations evolve, the index volume will 
increase with each new indexing, causing a lack of space at the level of the storage entity. In addition, the search engine may 
also encounter difficulties in its search for relevant information and its attempt to structure and classify the information in 
a hierarchical form to represent the relationships between the elements of the course. For this purpose, we thought that the 
fragmentation of the global index solves this problem by dividing it into four (04) indexes so that each of the 04 indexes is 
linked to an entity of the general E-Learning structure as illustrated by figure 8. 

3.5.1 Data index

Considering the above, it is clear that as CRUD (Create - Read - Update - Delete)
operations evolve, the index volume will increase with each new indexing, causing a
lack of space at the level of the storage entity. In addition, the search engine may also
encounter difficulties in its search for relevant information and its attempt to struc-
ture and classify the information in a hierarchical form to represent the relationships
between the elements of the course.

For this purpose, we thought that the fragmentation of the global index solves
this problem by dividing it into four (04) indexes so that each of the 04 indexes is
linked to an entity of the general E-Learning structure as illustrated by Figure 8.
Therefore, the documents associated with each index carry the same attributes as
the tables in the database. Thus, each of them contains a subset of data from the
global index and is in itself fully functional and independent. As such, the 04 indexes
correspond to the different E-Learning entities previously defined, namely the Domain,
the Course, the Chapter and the File. Each of the four (04) indexes contains only the
data of the entity to which it refers. This structuring of the index allowed us to divide
and therefore evolve the volumes of data without the risk of being confronted with a
”bottleneck”. In addition, each search query is launched simultaneously on the four
(04) index fragments.

At the end of the operation, the responses related to the course sought are merged
to be presented to the user. In terms of time savings, the use of four (04) indexes
proved to be more efficient than the use of a single index. Indeed, by using four (04)
search processes on the four indexes simultaneously, the query processing operation
will be faster than when the system launches a single search operation on a single
index knowing that the single index must contain all platform data.

Fig. 8: Creating and extracting indexes from the database.

3.5.2 Data indexing process

Upon receipt of an indexing request bearing the integrity of the information concerning
a given course (course data, chapter and files associated with each chapter), the system
extracts the data from each entity to form index documents in order to index them
(see Figure 9).
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Figure 8: Creating and Extracting Indexes from the Database

Therefore, the documents associated with each index carry 
the same attributes as the tables in the database. Thus, each 
of them contains a subset of data from the global index and 
is in itself fully functional and independent. As such, the 
04 indexes correspond to the different E-Learning entities 
previously defined, namely the Domain, the Course, the 
Chapter and the File. Each of the four (04) indexes contains 
only the data of the entity to which it refers. This structuring 
of the index allowed us to divide and therefore evolve the 
volumes of data without the risk of being confronted with 
a ”bottleneck”. In addition, each search query is launched 
simultaneously on the four (04) index fragments. At the 
end of the operation, the responses related to the course 
sought are merged to be presented to the user. In terms of 

time savings, the use of four (04) indexes proved to be more 
efficient than the use of a single index. Indeed, by using four 
(04) search processes on the four indexes simultaneously, 
the query processing operation will be faster than when the 
system launches a single search operation on a single index 
knowing that the single index must contain all platform data.

3.5.2. Data Indexing Process
Upon receipt of an indexing request bearing the integrity 
of the information concerning a given course (course data, 
chapter and files associated with each chapter), the system 
extracts the data from each entity to form index documents 
in order to index them (see Figure 9).
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Fig. 9: Mapping an indexing request.

3.5.3 Search query process

For files associated with a given chapter, special processing is performed. The system
must detect the format of the file, and then extract text from it. Finally, it saves it
while taking care to keep the backup link for later downloads of the file (see Figure
10).

Fig. 10: Search Request Process.

3.5.4 Score calculation and term weight adjustment

In this regard, an adjustment is made to obtain more logical and rational results. This
amounts to calculating the weight of each term appearing in the fields of the different
E-Learning entities. In our design, we have made it possible, depending on the E-
Learning entity involved, to assign more weight to a given term when it appears in
one field than in another. For example, to calculate the weight of a term appearing
in the ”chapter” entity, the weight assigned to a given term appearing in the chapter
title is greater than that assigned to the same term appearing in the content, since at
this level, this same term may not have a direct relationship with the subject of the
article. Adjustments have been made to that effect.

� Course score For courses, the search is carried out on two (2) fields: the name and
the description. Here, an attribute present in the name of the course will have more
weight than when it is present in the description.

Score(Course, term) = Coeficient ∗ ScoreF ield(Nom, term) (4)

+ ScoreF ield(Description, term)
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Figure 9: Search Request Process
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In this regard, an adjustment is made to obtain more logical and rational results. This amounts to calculating the weight of 
each term appearing in the fields of the different E-Learning entities. In our design, we have made it possible, depending 
on the E-Learning entity involved, to assign more weight to a given term when it appears in one field than in another. For 
example, to calculate the weight of a term appearing in the ”chapter” entity, the weight assigned to a given term appearing 
in the chapter title is greater than that assigned to the same term appearing in the content, since at this level, this same term 
may not have a direct relationship with the subject of the article. Adjustments have been made to that effect.

Course score: for courses, the search is carried out on two (2) fields: the name and the description. Here, an attribute 
present in the name of the course will have more weight than when it is present in the description.

After a number of trials with different values in order to obtain the most coherent and convincing result possible, we finally 
opted for the following values:

Name coefficient = 2 and description coefficient = 1
Chapters score: for chapters, the search is carried out on two (2) fields: the title and the content. Here, an attribute present 
in the chapter title will have more weight than when it is present in the content.

Using the same evaluation method as above, we have chosen the following values:
Title coefficient = 3 and content coefficient = 1
Files Score
For files, the search is carried out on two (2) fields: the name and the content. Here, an attribute present in the name of the 
course will have more weight than when it is present in the content.

In a similar way, we have chosen the following values here:
Name coefficient = 2 and description coefficient = 1

3.6. Search Enhancement
To improve the search process, several methods and techniques have been implemented to make the search task easy and 
user-guided to give approximate results if none is found.

3.6.1. Typo Tolerance
To find terms similar to search terms that may contain typos, the search must be typo-tolerant at a certain threshold, such as.
Deletion of a character, example : (vision ⇒ visio)
Modifying a character, example : (web ⇒ wep)
The insertion of a character, example : (computer ⇒ computeir)
Permutation between two (2) adjacent characters, example : (act ⇒ cat)

3.6.2. Suggested Terms
For an optimal user experience, we can provide suggestions for terms close to those present in the search query. The 
usefulness of this technique is to bring the user closer to an existing term found in the index if the terms sought do not exist. 
The term suggestion implementation follows the same strategy as typo tolerance for finding terms to suggest (see figure 11).
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10).
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After a number of trials with different values in order to obtain the most coherent
and convincing result possible, we finally opted for the following values:

Name coefficient = 2 and description coefficient = 1
� Chapters score For chapters, the search is carried out on two (2) fields: the title
and the content. Here, an attribute present in the chapter title will have more weight
than when it is present in the content.

Score(Chapter, term) = Coeficient ∗ ScoreChamp(T itre, term) (5)

+ ScoreF ield(Content, term)

Using the same evaluation method as above, we have chosen the following values:

Title coefficient = 3 and content coefficient = 1

� Files Score
For files, the search is carried out on two (2) fields: the name and the content. Here,
an attribute present in the name of the course will have more weight than when it
is present in the content.

Score(File, term) = Coeficient ∗ ScoreF ield(name, term) (6)

+ ScoreF ield(Content, term)

In a similar way, we have chosen the following values here:

Name coefficient = 2 and description coefficient = 1

3.6 Search enhancement

To improve the search process, several methods and techniques have been implemented
to make the search task easy and user-guided to give approximate results if none is
found.

3.6.1 Typo tolerance

To find terms similar to search terms that may contain typos, the search must be
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� The insertion of a character, example : (computer ⇒ computeir)
� Permutation between two (2) adjacent characters, example : (act ⇒ cat)

3.6.2 Suggested terms

For an optimal user experience, we can provide suggestions for terms close to those
present in the search query. The usefulness of this technique is to bring the user closer

13

After a number of trials with different values in order to obtain the most coherent
and convincing result possible, we finally opted for the following values:

Name coefficient = 2 and description coefficient = 1
� Chapters score For chapters, the search is carried out on two (2) fields: the title
and the content. Here, an attribute present in the chapter title will have more weight
than when it is present in the content.

Score(Chapter, term) = Coeficient ∗ ScoreChamp(T itre, term) (5)

+ ScoreF ield(Content, term)

Using the same evaluation method as above, we have chosen the following values:

Title coefficient = 3 and content coefficient = 1

� Files Score
For files, the search is carried out on two (2) fields: the name and the content. Here,
an attribute present in the name of the course will have more weight than when it
is present in the content.

Score(File, term) = Coeficient ∗ ScoreF ield(name, term) (6)

+ ScoreF ield(Content, term)

In a similar way, we have chosen the following values here:

Name coefficient = 2 and description coefficient = 1

3.6 Search enhancement

To improve the search process, several methods and techniques have been implemented
to make the search task easy and user-guided to give approximate results if none is
found.

3.6.1 Typo tolerance

To find terms similar to search terms that may contain typos, the search must be
typo-tolerant at a certain threshold, such as:

� Deletion of a character, example : (vision ⇒ visio)
� Modifying a character, example : (web ⇒ wep)
� The insertion of a character, example : (computer ⇒ computeir)
� Permutation between two (2) adjacent characters, example : (act ⇒ cat)

3.6.2 Suggested terms

For an optimal user experience, we can provide suggestions for terms close to those
present in the search query. The usefulness of this technique is to bring the user closer

13

https://www.wecmelive.com/


Volume - 3 Issue - 1

Page 10 of 16

Copyright © Abdelmadjid BOUDINAEngineering and Applied Sciences Journal

Citation: BOUDINA, A., MELILI, A. (2026). An Information Retrieval System for E-Learning. Eng Appl Sci J, 3(1),1-16. 

to an existing term found in the index if the terms sought do not exist. The term
suggestion implementation follows the same strategy as typo tolerance for finding
terms to suggest (see Figure 11)

Fig. 11: Suggested terms.

3.6.3 Management of synonyms and abbreviations

The search engine must manipulate synonyms and abbreviations in search queries. In
addition, a user can perform a search query that does not necessarily have the same
indexed terms. For this purpose, the search term may be an abbreviation or synonym,
such as:

� isr ⇒ Information Retrieval System
� pc ⇒ computer
� nature ⇒ bio/organic

To manage this case, a list of synonyms has been created by the ADMIN user,
which list is provided to the Text-Analyzer so that then during the indexing and
research phase the system will be able to detect whether it is the search word itself or
one of these synonyms or abbreviations.

3.6.4 The manipulation of ”Stop Words”

Each term in a query has a cost. For example, a search for the sequence: ”The Math-
ematical logic” requires three queries; one for each of the terms ”the”, ”logic”,
and ”mathematical”, all of which are performed on all documents in the index. The
query for ”The” is likely to match many documents and therefore has a much lower
impact on relevance than the other two terms. Previously, the solution to this problem
was to ignore high-frequency terms. By treating ”The” as an empty word. Because
of this, we reduce the size of the index and the number of term queries to run. How-
ever, even if stop words have a small impact on relevance, they are still important; by
removing them, we will lose precision. The solution to this problem is to create a new
request by dividing the terms of the request into two groups: the most important (the
low-frequency terms) and the least important (the high-frequency terms that would
previously have been stop words).

This solution first searches for documents that match the most important terms -
appearing in fewer documents and having a greater impact on relevance. Then it runs
a second query for the less important terms - appearing frequently and having little
impact on relevance. But instead of calculating the relevance score for all matching
documents, it only calculates the score of documents already matched by the first
query. In this way, high-frequency terms can improve the relevance calculation without
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Figure 10: Suggested Terms

3.6.3. Management of Synonyms and Abbreviations
The search engine must manipulate synonyms and 
abbreviations in search queries. In addition, a user can 
perform a search query that does not necessarily have the 
same indexed terms. For this purpose, the search term may 
be an abbreviation or synonym, such as.

isr ⇒ Information Retrieval System pc ⇒ computer nature ⇒ 
bio/organic to manage this case, a list of synonyms has been 
created by the ADMIN user, which list is provided to the Text-
Analyzer so that then during the indexing and research phase 
the system will be able to detect whether it is the search 
word itself or one of these synonyms or abbreviations.

3.6.4. The manipulation of Stop Words
Each term in a query has a cost. For example, a search for the 
sequence: ”The Mathematical logic” requires three queries; 
one for each of the terms ”the”, ”logic”, and ”mathematical”, 
all of which are performed on all documents in the index. 
The query for ”The” is likely to match many documents and 
therefore has a much lower impact on relevance than the 
other two terms. Previously, the solution to this problem 
was to ignore high-frequency terms. By treating ”The” as 
an empty word. Because of this, we reduce the size of the 
index and the number of term queries to run. However, even 
if stop words have a small impact on relevance, they are 
still important; by removing them, we will lose precision. 
The solution to this problem is to create a new request by 
dividing the terms of the request into two groups: the most 
important (the low-frequency terms) and the least important 
(the high-frequency terms that would previously have been 

stop words). This solution first searches for documents 
that match the most important terms appearing in fewer 
documents and having a greater impact on relevance. Then it 
runs a second query for the less important terms - appearing 
frequently and having little impact on relevance. But instead 
of calculating the relevance score for all matching documents, 
it only calculates the score of documents already matched by 
the first query. In this way, high-frequency terms can improve 
the relevance calculation without paying the price for poor 
performance. If a query has only high frequency terms, it is 
executed as an AND (conjunction) query, i.e. all terms are 
required. Even though each individual term corresponds to 
many documents, the combination of terms reduces the set 
of results to the most relevant [11].

4. Implementation
In our conception, we have made sure to combine the 
different technologies as well as the methods and techniques 
implemented in order to set up a platform that satisfies 
the needs of learners while taking care of the problems 
mentioned above. We have also integrated other tools to 
monitor the different entities of the system in order to be 
able to evaluate and optimize its reliability and performance.

4.1. Tools and Technologies Used
We implemented the system as a web application by 
deploying several web technologies (see figure 12) [29,30]. 
As such, we have implemented micro-services through 
network ports through an APIs portal. Each one is deployed 
in a port by opening an APIs portal allowing the technologies 
implemented to communicate with each other [31].

paying the price for poor performance. If a query has only high frequency terms, it is
executed as an AND (conjunction) query, i.e. all terms are required. Even though each
individual term corresponds to many documents, the combination of terms reduces
the set of results to the most relevant [11].

4 Implementation

In our conception, we have made sure to combine the different technologies as well as
the methods and techniques implemented in order to set up a platform that satisfies
the needs of learners while taking care of the problems mentioned above. We have also
integrated other tools to monitor the different entities of the system in order to be
able to evaluate and optimize its reliability and performance.

4.1 Tools and technologies used

We implemented the system as a web application by deploying several web technologies
(see Figure 12)[29, 30]. As such, we have implemented micro-services through network
ports through an APIs portal. Each one is deployed in a port by opening an APIs
portal allowing the technologies implemented to communicate with each other [31].

Fig. 12: Application Interface.

4.1.1 The Tools used

� Elasticsearch A distributed search and analysis engine based on Apache Lucene,
Known for its simple REST APIs, distributed nature, speed and scalability. It is the
central component of the Elastic stack; it is a set of open tools for data management,
enrichment, storage, analysis and visualization [32, 33].

� Kibana A front-ended, open application, located on top of the Elastic stack. Pro-
vides data search and visualization capabilities for indexed data in Elastic search.
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4.1.1. The Tools Used
• Elasticsearch: A distributed search and analysis engine based on Apache Lucene, Known for its simple REST APIs, 
distributed nature, speed and scalability. It is the central component of the Elastic stack; it is a set of open tools for data 
management, enrichment, storage, analysis and visualization [32,33].
• Kibana: A front-ended, open application located on top of the Elastic stack. Provides data search and visualization 
capabilities for indexed data in Elastic search. Kibana also acts as a user interface for monitoring, managing, and securing an 
Elastic Stack cluster, as well as a centralized hub for integrated solutions developed on the Elastic stack [34,35].
• File Beat: A lightweight service that allows the transmission and centralisation of log data. Installed as an agent on servers, 
File beat monitors log files or locations that we specify, collects log events and forwards them to Elasticsearch for indexing 
[36,37].
• Metric Beat: A lightweight service that periodically collects metrics from the operating system and services running on the 
server. Metric beat sends the metrics and statistics it collects to a specific output [36,38].
• Laravel: A PHP framework. It follows a model-view-controller design pattern. Laravel reuses existing components from 
different frameworks, making it easy to build a web application. The web application thus designed is more structured and 
pragmatic [39,40].
• React: React.js is a JavaScript library, used to create user interfaces specifically for single-page applications. Also used 
to manage the visualization layer of web and mobile applications. React also allows us to create reusable user interface 
components. Fast, scalable and simple, only works on the application’s user interfaces. This corresponds to the view in the 
MVC model [41,42].
• Flas: A lightweight WSGI web application Framework, designed to allow quick and easy handling, while offering the 
possibility to evolve into complex applications. Flask offers suggestions but does not impose any project dependencies or 
layouts [43].
• PostgreSQL: A powerful object-relational database system that uses and extends the SQL language combined with many 
features to securely store and scale the most complex data workloads [44].

4.2. The adopted IR Model
Elasticsearch implements a probabilistic model, the BM25 model in this case [45].

4.2.1. BM25
BM25 is a ranking function that ranks a set of documents based on the query terms appearing in each document, regardless 
of the interrelationship between query terms within a document (e.g., their relative proximity). This is not a single function, 
but in fact, a whole family of scoring functions, with slightly different components and parameters. It is used by search 
engines to rank matching documents according to their relevance to a given search query and is often referred to as ”Okapi 
BM25”, because the Okapi information retrieval system was the first system to implement this function [46]. The BM25 
search formula belongs to the BM (Best Match) family of search models, i.e. the weight of a term ”t” in a document ”d” is 
calculated according to the formula.

Where 
Score(D, q): the relevance score of document D with respect to query q. i ∈ q : we sum over each term i of the query.
IDF(i) : Inverse Document Frequency.
f(qi,D): frequency of term i in document D (i.e. how many times it appears). k1: frequency saturation parameter = 1.2. b: 
document length normalization parameter = 0.75. field Length: length of the document D (i.e. total number of words).

Avg Field Length: Average length of documents in the collection.
We can see some known components like qi, IDF (qi), f (qi, D), and something about field lengths. Here is what each of these 
components corresponds to:
”qi” is the i-th query term.
IDF (qi) is the inverse document frequency of the i-th query term, calculated as follows.

Where
– IDF(qi): measures the importance of the term qi in all documents.
– Number of Documents: total number of documents in the corpus. – f(qi): number of documents containing the term qi.

Kibana also acts as a user interface for monitoring, managing, and securing an Elas-
tic Stack cluster, as well as a centralized hub for integrated solutions developed on
the Elastic stack [34, 35].

� Filebeat A lightweight service that allows the transmission and centralisation of
log data. Installed as an agent on servers, Filebeat monitors log files or locations
that we specify, collects log events and forwards them to Elasticsearch for indexing
[36, 37].

� Metricbeat A lightweight service that periodically collects metrics from the oper-
ating system and services running on the server. Metricbeat sends the metrics and
statistics it collects to a specific output [36, 38].

� Laravel A PHP framework. It follows a model-view-controller design pattern.
Laravel reuses existing components from different frameworks, making it easy to
build a web application. The web application thus designed is more structured and
pragmatic [39, 40].

� React React.js is a JavaScript library, used to create user interfaces specifically for
single-page applications. Also used to manage the visualization layer of web and
mobile applications. React also allows us to create reusable user interface compo-
nents. Fast, scalable and simple, only works on the application’s user interfaces.
This corresponds to the view in the MVC model [41, 42].

� Flask A lightweight WSGI web application Framework, designed to allow quick
and easy handling, while offering the possibility to evolve into complex applications.
Flask offers suggestions, but does not impose any project dependencies or layouts
[43].

� PostgreSQL A powerful object-relational database system that uses and extends
the SQL language combined with many features to securely store and scale the most
complex data workloads [44].

4.2 The adopted IR Model

Elasticsearch implements a probabilistic model, the BM25 model in this case [45].

4.2.1 BM25

BM25 is a ranking function that ranks a set of documents based on the query terms
appearing in each document, regardless of the interrelationship between query terms
within a document (e.g., their relative proximity). This is not a single function, but
in fact, a whole family of scoring functions, with slightly different components and
parameters. It is used by search engines to rank matching documents according to
their relevance to a given search query and is often referred to as ”Okapi BM25”,
because the Okapi information retrieval system was the first system to implement this
function [46]. The BM25 search formula belongs to the BM (Best Match) family of
search models, i.e. the weight of a term ”t” in a document ”d” is calculated according
to the formula:

Score(D, q) =

n∑
i

.IDF (q, i.
f(qi,D).(k1 + 1)

f(qi,D) + k1.(1− b+ b. fieldLength
avg fieldLength )

) (7)
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Where :

� Score(D, q): the relevance score of document D with respect to query q.
� i ∈ q : we sum over each term i of the query.
� IDF(i) : Inverse Document Frequency.
� f(qi,D): frequency of term i in document D (i.e. how many times it appears).
� k1: frequency saturation parameter = 1.2.
� b: document length normalization parameter = 0.75.
� fieldLength: length of the document D (i.e. total number of words).
� avgFieldLength: Average length of documents in the collection.

We can see some known components like qi, IDF (qi), f (qi, D), and something about
field lengths. Here is what each of these components corresponds to:

� ”qi” is the i-th query term.
� IDF (qi) is the inverse document frequency of the i-th query term, calculated as
follows:

ln(1 +
Number of Document− f(qi) + 0.5

f(qi) + 0.5
) (8)

Where :

– IDF(qi): measures the importance of the term qi in all documents.
– Number of Documents: total number of documents in the corpus.
– f(qi): number of documents containing the term qi.

� The variable b which appears in the denominator and which is multiplied by the
ratio of the length of the field, which we have just discussed. If b is larger, the effects
of document length relative to average length are more magnified. To understand
this, we can imagine that if we set b to zero, the effect of the length ratio would be
completely nullified and the length of the document would have no impact on the
score. By default, b has a value of 0.75 in Elasticsearch.

� ”k1” is a variable that helps determine the saturation characteristics of term fre-
quency. That is, it limits the influence of a single query term on the score of a given
document.

Figure 13 below shows a comparison of term score calculation using the BM25 and
TF-ID methods.

4.3 Implementation of the solution

The system as we have conceived it is illustrated by the (see Figure 14) bellow.
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Fig. 13: Comparison between BM25 and Tf-IDF in term score calculation.

Fig. 14: Solution structure.

4.3.1 The role performed by each entity (micro-service)

� Backend - Laravel It manages both interfaces (User/Administrator) when exe-
cuting an administrator request. LARAVEL synchronizes between the search engine
and the database with each new addition of information, modification or deletion.
The operation is initially performed on the database then on the search engine to
keep the synchronization between the two entities.

� Backend - Flask Since Laravel (PHP) is not powerful enough in file processing,
we used a second backend, FLASK, in this case, which will handle and extract
information from the files added to each new course.

� Search Engine This part contains all the indexed data allowing it to perform all
search operations.

� Data Base Where data is saved and CRUD operations (Create, Read, Update and
Delete) are performed.

� User and administrator interface The application interface for user and admin-
istrator (ADMIN) is entirely designed with ReactJS using more than forty (40)
JavaScript utility libraries. Following the concept of React components, the interface
has been cut into sub-components, which makes page handling fast and efficient.
This allowed us to do the search in real time. Search operations do not go through
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Figure 12: Comparison Between BM25 and Tf-IDF in Term Score Calculation

Figure 13: Solution Structure

4.3. Implementation of the Solution
The system as we have conceived it is illustrated by the (see figure 14) bellow.

4.3.1. The Role Performed by Each Entity (Micro-Service)
• Backend – Laravel: It manages both interfaces (User/
Administrator) when executing an administrator request. 
LARAVEL synchronizes between the search engine and 
the database with each new addition of information, 
modification or deletion. The operation is initially performed 
on the database then on the search engine to keep the 
synchronization between the two entities.
• Backend – Flask: Since Laravel (PHP) is not powerful 
enough in file processing, we used a second backend, FLASK, 
in this case, which will handle and extract information from 

the files added to each new course.
• Search Engine: This part contains all the indexed data 
allowing it to perform all search operations.
• Data Base: Where data is saved and CRUD operations 
(Create, Read, Update and Delete) are performed.
• User and Administrator Interface: the application 
interface for user and administrator (ADMIN) is entirely 
designed with ReactJS using more than forty (40) JavaScript 
utility libraries. Following the concept of React components, 
the interface has been cut into sub-components, which 
makes page handling fast and efficient. This allowed us to do 
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the search in real time. Search operations do not go through the Laravel Backend but directly from the interface to the search 
engine, due to concerns of saving execution time and reducing the load on the Backend part, as illustrated by the figure 15.

4.4. Synchronization Between Database and Search Engine
For a good synchronization between the database and the search engine from the Backend, the Laravel Scout tool was 
used to provide the driver and the configuration of Elasticsearch. Laravel Scout provides a simple driver-based solution for 
adding a search on Laravel models. Using model observers, Scout will automatically synchronize search engine indexes with 
database records [47].

4.5. Security
Requests for creation, modification and deletion on all indexes must be secured to ensure that no request has been received 
from a non-administrative user. For this, a middleware is set up to control all requests received at the Backend level. It checks 
whether the request bears the authorization token in its header, which token is transmitted to the user during authentication. 
In which case, the middleware allows it to run otherwise an error message is returned.

4.6. Monitoring
The Administrator needs to have a global view of the operation of the system. For this, he must know in real time the statistics 
relating to the various entities in order to be able to intervene, if necessary, to correct the breakdowns, which can occur, and 
to make the system more efficient and accurate. These statistics can be summarized in terms of the exploitation of hardware 
resources such as the use of RAM, the processor, the consumption of hard disk storage space as well as the detection of errors 
found in entities collected in files. As such, File beat and Metric beat are practical tools for collecting logs created by the 
system and containing errors. File beat and Metric beat give the possibility to build Dashboards that contains statistics in 
Kibana from the collected data, as illustrated by figure 16.

the Laravel Backend but directly from the interface to the search engine, due to
concerns of saving execution time and reducing the load on the Backend part, as
illustrated by the Figure 15.

Fig. 15: Real-time search data flow.

4.4 Synchronization between database and search engine

For a good synchronization between the database and the search engine from the
Backend, the Laravel Scout tool was used to provide the driver and the configuration
of Elasticsearch. Laravel Scout provides a simple driver-based solution for adding a
search on Laravel models. Using model observers, Scout will automatically synchronize
search engine indexes with database records [47].

4.5 Security

Requests for creation, modification and deletion on all indexes must be secured to
ensure that no request has been received from a non-administrative user. For this, a
middleware is set up to control all requests received at the Backend level. It checks
whether the request bears the authorization token in its header, which token is trans-
mitted to the user during authentication. In which case, the middleware allows it to
run otherwise an error message is returned.

4.6 Monitoring

The Administrator needs to have a global view of the operation of the system. For
this, he must know in real time the statistics relating to the various entities in order to
be able to intervene, if necessary, to correct the breakdowns, which can occur, and to
make the system more efficient and accurate. These statistics can be summarized in
terms of the exploitation of hardware resources such as the use of RAM, the processor,
the consumption of hard disk storage space as well as the detection of errors found in
entities collected in files.

As such, Filebeat and Metricbeat are practical tools for collecting logs created
by the system and containing errors. Filebeat and Metricbeat give the possibility
to build Dashboards that contains statistics in Kibana from the collected data, as
illustrated by Figure 16.
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Figure 14: Real-Time Search Data Flow

Fig. 16: Kibana Dashboard.

4.7 System Evaluation (Benchmarking)

During the progress of our application, we established a comparison between Postgresql
and Elasticsearch and were able to observe, as illustrated in Figure 17 below, the
significant gain in terms of response time to user requests due to the speed of indexing
and response in Elasticsearch.

Fig. 17: Difference in response time between Postgresql and Elasticsearch in relation
to the number of queries..

4.8 Results obtained

Using the notion of precision to evaluate a search engine.

Precision(P ) =
TruePositive

TruePositive+ FalsePositive
(9)

=
Number of relevant documents selected

Number of documents selected

And after several tests, we obtained an approximate precision of 0.8 with the selection
of 10 documents for each request.

5 Conclusion and outlook

In this article, we have sought to present a method that addresses the issue of infor-
mation retrieval by suggesting an approach based on a particular indexing of data,
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4.8. Results Obtained
Using the notion of precision to evaluate a search engine

And after several tests, we obtained an approximate precision of 0.8 with the selection of 10 documents for each request.

5. Conclusion and outlook
In this article, we have sought to present a method that addresses the issue of information retrieval by suggesting an 
approach based on a particular indexing of data, associated with the establishment of mechanisms likely to promote optimal 
synchronization between the database system and the search engine. The major contribution of this project consists in 
the design and development of an SRI dedicated to E-Learning to facilitate the search for information within a growing 
quantity of data. The difficulties encountered by the learner in his search for appropriate information in an acceptable time, 
encourage us to improve the relevance and precision and reduce the response time of the information retrieval system. The 
advantage of the recommended approach consists in the adoption of several mechanisms as listed below. The global data 
index is fragmented into several sections, the number of which is proportional to the number of fundamental E-Learning 
entities defined. Also, each search request is executed simultaneously on all the predetermined index fragments; Deployment 
of micro-services through network ports using an API portal to ensure perfect synchronization between the search engine 
and the database; Implementation of a term weighting policy to improve score calculation and adjustment of field weights in 
order to obtain more logical results. The recommended approach brings a certain efficiency in the process of IR in relevance 
thanks to the indexing technique adopted as well as by its way of synchronizing between the database and the search engine 
via ports using APIs as well as the policy adopted for calculating the weight of scores and adjustment of field weights. A 
prototype, dedicated to E-Learning, concretizing this approach is developed. Our database is made up of four fundamental 
entities (”domain”, ”course”, ”chapter” and ”file”). It includes a single indexed area, namely computer science, comprising 
53 courses, 142 chapters and 302 files. For this purpose, the modules with the following names have been indexed in 
the database and successfully tested. These are: bio-inspired computing, artificial intelligence, computer vision, network 
technology, advanced algorithm and web development. Queries have been completed on all courses. The tests carried out 
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locally (on an intranet) are quite satisfactory and the results obtained show that the initial objective has been achieved. 
Indeed, our approach has made it possible to return relevant documents while reducing the response time, estimated at 
0.5 seconds on average. In the future, we intend to improve this work by first implementing certain extensions that were 
developed during the development. We can certify, by way of example, that the search engine called ”document surfing” that 
we have developed will be able to authorize wildcard characters. As such, the learner, during his search for information, can 
introduce a ”programming *” type request to find programming courses, algorithms, computer-assisted applications, the era 
of computers, computer circuits and many other subjects related to the programming theme. Moreover, in the system we 
have developed, only one user has the right to authenticate and create his profile, this is the administrator ADMIN, while the 
other users are anonymous. This is not without handicapping the system to access the user’s search histories; therefore, we 
will have no information on similar preferences and themes that the system can suggest. Also, to solve this problem, we can 
allow users to create their own profiles and the searches will thus become compatible with the themes of the old searches.
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