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ABSTRACT Massive open online courses (MOOCs) have gained great popularity among adult learners,
as many professionals use them to advance their careers. However, many MOOCs providers offer a
large number of courses across many subjects, making the search and selection of the appropriate course
cumbersome for the learner through a regular Web search. Hence, there is a crucial need for a unified search
engine that acts as a one-stop-shop for all MOOCs. This paper presents the design and implementation
of a unified MOOCs search model for retrieving and recommending courses from multiple MOOCs.
The evaluation showed that the proposed model is reliable and convenient. Initial results showed that the
system could present courses from multiple MOOCs that suit users’ needs. Moreover, the recommendation
functionality is applied for a better user-centric orientation.

INDEX TERMS MOOCs, search engines, recommender systems, personalization, recommendations,
clustering algorithms.

I. INTRODUCTION
Online learning platforms have gained high popularity world-
wide as a solution to empower education and employa-
bility. This is also true for massive open online courses
(MOOCs), especially during the current Covid-19 pandemic,
which has precluded in-person learning for millions of people
worldwide.

MOOCs are online learning platforms that offer open
admission to educational content for anyone from anywhere
at any time. They offer courses and training programs to
individuals and institutions via open platforms that provide
free or paid courses [1], such as edX [2], Khan academy [3],
and Udemy [4].

Top-ranked universities, such as MIT and Harvard, have
invested in MOOCs to enhance education through MOOCs
campuses for enrolled students only (e.g., MITx) or via open-
platform MOOCs for global students (e.g., edX).

Many MOOCs have been launched since 2013, and some
have stood out [5], [6], such as edX, Udacity [7], and
Coursera [8]. Follow by example, Arabic MOOCs such as
Edraak [9] and Rwaq [10]; the largest MOOC platforms in
the Arab region [11]. However, with the transformation of the
educational process and themovement to follow theMOOCs’
approach, MOOCs’ number has dramatically increased year

The associate editor coordinating the review of this manuscript and

approving it for publication was Fabrizio Messina .

by year. According to Shah, around 13.5K MOOCs were
launched by the end of 2018, and about 2.5K more were
added in 2019 by over 900 universities worldwide [12], [13].
Thus, online learners are facing an increasing number of
course choices on the Web [14]. As a result, some individ-
uals find it difficult to navigate and locate suitable materials
among multiple MOOCs and their educational content, lead-
ing them to get overloaded with too many options and make
poor decisions [15]. Eventually, they get ‘‘lost in hyperspace’’
(MOOCs in this case) while searching through MOOCs
hypertext systems [16], [17].

As the Web carries a large amount of information that
can cause an information overload situation, search engines
have become an important tool that guides people to access
the appropriate information. However, search engines retrieve
a wide variety of results that often leave users with infor-
mation overload [18]. On the other hand, recommender
systems are developed to narrow the information for each
user. However, the recommender needs the availability of
correct data and user preferences in order to tailor each
user’s recommendations. Those information retrieval tech-
niques are enhanced to support Cross language information
retrieval (CLIR) to process queries expressed in many lan-
guages regardless of the actual data language [19]. How-
ever, CLIR techniques are challenged by the properties
of extremely derivational and inflectional languages like
Arabic [20].
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Overall, search engines can be more precise and get
more specific information through data scaling and clustering
based on a set of interests. Based on those sets of interests,
recommendation and personalization approaches can add
more value by tailoring each user’s results. Some studies have
proposed the idea of a unified search approach to MOOCs
[21]–[28]; such studies are still limited. Where many of them
present models and platforms with implementation deficien-
cies. From a technical perspective, they suffer either from
manual scraping and indexing or because data are limited
to no more than five MOOCs. Moreover, their focus is on
specific subjects in either English or Chinese. This is a weak-
ness in CLIR with respect to the Arabic language, because
available hybridMOOCs locator systems do not target Arabic
speakers. Moreover, since accessing useful MOOCs data is
still a challenge, this may affect such models’ performance.

This research aimed to overcome the overload of MOOCs
information when a user searches for a specific course to
study; it proposed a model that searches and recommends
courses for users.

This is achieved by demonstrating a model of unified
MOOCs Recommender Search Engine (MRSE), that acts as
the central hub for searching and locating various MOOCs,
then recommending the most suitable courses for a certain
user-learner [29]. A set of research questions has been for-
mulated as follows:

Q1) What are the main components needed for designing
a unified recommender search engine?

Q2) What is the most suitable form of implementation
using open source tools and platforms?

Q3) How will the implemented tool perform in real-world
settings?

Q4) How accurate are the search engine results, and how
useful are the recommendations for the user?

Q5) How do the MRSE and other unified MOOCs search
models compare in terms of outcomes?

To answer the first and second questions, this study reviews
current MOOCs search engines along with related work
throughout the inspection and implementation phases. Exam-
ining other search models related to MOOCs or any other
field helps to design an optimal architecture based on the
available capabilities.

This study answers questions three and four by analyzing
system performance through experimental querying, and it
measures the system’s convenience with a User Acceptance
Test. This test evaluates whether the search model meets
user requirements. This means it can measure the system’s
acceptance from the perspective of a real user.

Finally, the paper addresses question five with further eval-
uation by comparing the MRSE model with other MOOC
unified recommender search models.

II. REVIEW OF THE LITERATURE
This section reviews MOOCs retrieving and mining tech-
niques relevant to this work and discusses related work about
MOOC unified search models.

A. INFORMATION RETRIEVAL TECHNIQUES AND
INFORMATION OVERLOAD
Information retrieval (IR) and data mining techniques
gained Web users’ trust by delivering the information that
matched their needs based on high recall and precision [30].
Such techniques include search engines and recommender
systems, focusing on delivering precise results to users
based on their needs. Moreover, cross-language informa-
tion retrieval (CLIR) is established to support the process
of finding results written in natural languages with IR sys-
tems that can perform queries expressed in other languages
[19], [31], [32]. However, CLIR tools rely on translation
systems, which are challenged by the different properties of
languages [33]. Thus, many researchers are rapidly studying
CLIR for diverse languages, includingArabic [20], [34]–[39].

Applications of IR techniques are diverse depending on
the scale of the data and diversity. For instance, search
engines can cover overall Web content and act as Web search
engines such as Google, or they can be optimized to cover
a smaller scale, such as websites search bars. Moreover,
search engines’ results are characterized through search-
result-clustering-engines for further relevancy and accuracy.
These engines cluster search results by grouping similar doc-
uments into groups and then re-generating results based on
terms and topics [40], [41]; such as Carrot2 [42].

Search engines are also characterized according to their
data collection (type and domain). Such are Vertical or topical
search engines, through an explicit segment of online content
based on a particular domain or knowledge [30], [43]; for
example, Google Scholar. This characterizing provides many
benefits over regular Web searches by offering more relevant
information and greater precision due to a scope limitation
that supports specific user tasks [44]. Likewise, recommender
systems have many approaches based on resource filtering
techniques [45]–[47]. These systems are applied on a spe-
cific scale of data, usually limited to a website based on
explicit criteria and relations through content analysis filtra-
tions [48], [49]. Both the industry and the academia have
proposed several recommendation techniques that are widely
used, particularly in Web applications, such as Netflix and
Amazon. Recommender systems promote recommendations
for a more user-centric approach. Moreover, these systems
benefit from users’ interactions (expressed as user prefer-
ences or inferred information) to enhance personalized rec-
ommendations through user action analysis [50], [51].

However, search engines and recommender systems both
have their shortcomings along with their advantages. Given
the rapid growth of Web content and website numbers, for
instance, Web search engines return an enormous set of
results for any given search query [43]. Moreover, the retriev-
ing is highly affected by unclear queries. Thus, search engines
are continuing to retrieve some irrelevant results. This forces
the user to traverse many pages to reach the desired results,
and he/she might have difficulty in locating content relevant
to the initial query [52]. In contrast, recommender systems
suffer from the cold-start phenomenon, which occurs in the
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absence of user information in the case of new users or users
with only a few preferences [53], [54].

Nevertheless, the CLIR concept is well established in both
search engines and recommender systems, as can be noticed
in the Google search engine and Amazon recommender sys-
tem [55]. However, many studies have shown that search
engines designed for English speakers are often less effective
with Arabic queries [20], [34], [36]–[39], [56]. Thus, it is
essential to be further addressed by academic research.

B. MOOCs AND INFORMATION RETRIEVAL TECHNIQUES
Like many other Web platforms, MOOCs use information
retrieval (IR) techniques in order to reach the correct user
and improve the learning quality [57], [58]. Most MOOCs
recommend courses based on the user’s enrollment history
or potential interest if the user has no previous history
recorded by a certain provider [59]. One example is Course-
Match [60], a machine learning tool launched by Coursera
due to the Covid-19 pandemic. The aim is to help univer-
sities enrolled students fulfill their curriculum requirements
online instead of via traditional schooling. Hence, Course-
Match matches Coursera courses relevant to the universities’
taught courses and then recommends relevant courses to stu-
dents [61]. However, since the main challenge of e-learning
is to locate and deliver the right content to the right person,
it is still a challenge to match the educational content with the
learner [57], [62].

Many researchers have proposed the implementation of
recommender systems and the personalization of MOOCs
platforms. Such studies include [63]–[66], where they intro-
duced a diversity of implementations and recommendations
for MOOC platforms based on many criteria, such as user
behavior, course content, and filtering and clustering tech-
niques. Others suggested or applied artificial intelligence
(AI) algorithms to improve the personalization of MOOCs
and enhance personalized learning [67]. MOOCs movement
towards personalization aims to create an adaptive MOOCs
environment that relates courses to the correct learner in order
to decrease dropout rates [68]. This is applicable if users
make poor choices due to MOOCs information overloads
with regular searches. Hence, using a vertical search engine
for a MOOCs search instead of a regular Web engine would
be more convenient.

C. UNIFIED MOOCs RETRIEVING TECHNIQUES
In order to overcome MOOCs information overload and
increase searching efficiency, MOOCs search engines
and unified search approaches have been proposed.
The top MOOC search engines are Class Central [69],
MOOC.org [70], and My MOOC [71]. These tools retrieve
results from the most common MOOCs. Recently, these
engines started presenting courses from Arabic MOOCs,
such as Rwaq and Edraak. However, both Class Central and
My MOOC lean towards classifying and customizing results
rather than personalization. Therefore, improved personaliza-
tion is needed.

An and Qu [25], proposed ‘‘MOOCsoso’’ to demonstrate a
Chinese MOOCs’ vertical search engine that retrieves results
limited to Chinese courses from Chinees MOOCs only.

Likewise, Lee et al. [21], proposed ‘‘Courserush’’ as a
unifiedMOOCs search engine based onmanual data scraping
and BM25 ranking function from edX, Udemy, and Coursera
only. However, the search suffers from themanual assembling
of data sets as well as indexing. Courducate is also a unified
MOOCs search engine implemented based on manual data
scraping and self-developed search engine and algorithms
to rank the results. In addition, the BM25 ranking function,
along with a self-built ranking function based on Apache
Lucene are used for indexing. The model scraped data from
edX, Udemy, Udacity, Coursera, and Khan Academy. More-
over, the model customized the results based on the univer-
sities’ and tutors’ information [22]. However, both models
are keen to introduce more personalized outputs and user
interactions [21], [22].

Further studies in this area include unifiedMOOCs recom-
mender systems. Bousbahi and Chorfi [24], proposed a uni-
fied MOOCs recommender system (MOOC-Re), patterned
on the Cased-based recommender system [72], and crawled
data. However, the search did not state which MOOCs were
crawled. Moreover, the system is still under implementation,
and more real-world testing is needed.

He et al. [26], proposed a unified MOOC recommender
system based on collaborative filtering and commodity filter-
ing to analyze users’ historical preferences. Nevertheless, the
system recommends Chinese courses only in a social work
major based on self-built data sets.

On the other hand, MoocRec.com is an implementation of
a hybrid approach by integrating both the search engine and
the content recommender system, along with aMatrix Factor-
ization model. However, the engine retrieves data only from
edX and Coursera. More testing and accuracy improvements
regarding recommendations are needed [23].

Likewise, Aryal et al. [28], proposed a hybrid platform
named MoocRec1 that recommends courses by integrating
MOOCs video styles and users’ learning styles through a
content analysis of MOOCs data (videos and transcripts).
Moreover, allowing users to customize their results by course
filtration based on topic parameters. Though, the system
allows the user to search only Computer Science courses from
edX and Coursera. As an attempt to upgrade the system,
Fazuludeen et al. [27], proposed a second version named
MoocRec2 for Humanities courses based on the same con-
cept. Nevertheless, both systems still need to be validated
with actual users and real-world data [27], [28].

Table 1 shows the results of MOOCs unified retrieving
models using different techniques.

In summary, many studies have proposed several unified
MOOCs search models. Some used search engines only,
while others used recommender systems. In contrast, others
offered integration of both the search engine and the recom-
mender system. Some studies suffer from manual data col-
lecting and structuring, as the researchers had to use manual
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TABLE 1. Summary of unified MOOCs retrieving models.

scraping and self-built data sets and indexing.Moreover, most
systems lack a diversity of resources, user interactions, and
additional real-world experimentation where regular users
can rate the systems. In addition, revised studies have shown
unsupported CLIR regarding Arabic, where the proposed
MOOCs-locator systems are fully designed for English or
Chinese speakers only. Hence, this research proposes an
architecture that can retrieve and recommend courses from
multiple MOOCs for users in one platform. Moreover, it can
search for MOOCs using two different languages, Arabic and
English.

III. ARCHITECTURE AND IMPLEMENTATION
A. MOOCs RECOMMENDER SEARCH ENGINE PROPOSED
MODEL
In [29], we proposed a hybrid personalized search model: the
MOOCs Recommender Search Engine (MRSE). The model
integrates the recommender system and the search engine to
provide a personalized MOOCs search service. The MRSE
model aims to help users browse MOOCs courses in a single
platform as a ‘‘one-stop-shop for MOOCs’’ and recommends
courses that suit users’ needs based on their user profile.

The MRSE model first retrieves information by capturing
or crawling the MOOCs Web pages and then indexing the
Web pages as data structures to retrieve the required content.
The structured data is then fed into the recommender system,
and then filtering algorithms are applied to employ user
modeling for personalization later on. This approach has a
lot of potential for empowering each tool’s characteristics:
a) the search engine results can be more relevant through the
vertical search, and b) the recommender system can overcome
the cold-start problem by using the engine-crawled data. The
MRSE model is detailed in Fig 1.

FIGURE 1. The MRSE proposed model [20].

B. UNIFIED MOOCS SEARCH ENGINE ARCHITECTURE
This paper presents the implemented architecture of the
MRSE. The MRSE architecture consists of three modules:
Crawling module, indexing module, and querying module.
However, the system is still under implementation, and this
architecture is considered as the first version of MRSE
(Fig 2).

The MRSE prototype is based on integrating open source
technology that runs on distributed platforms. To adapt the
system structure to any search engine, we used the open
source Apache Nutch version 1.16 [73] as the crawler and
Apache Solr version 8.1 [74] as the indexing server and search
engine. For recommendation functionality empowering, we
activated Solr to build in the results clustering engine—
Carrot2 [42] and Solr’s Suggester component [75]—to gen-
erate a clustering-based recommendation. In contrast, the
interface is linked and powered by Solr and PHP and Cas-
cading Style Sheets (CSS).

First, the crawling module is responsible for MOOCs data
crawling and then parsing data segments. Second, the index-
ing module is responsible for constructing the index of the
crawled Web pages. The indexed documents are clustered
to generate clustering-based recommendations. Third, the
querying module provides a search interface and conducts
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FIGURE 2. The MRSE modules (beta version).

searching, after which the query results are displayed in this
module.

The core of the data collection process is a Web crawler
in the crawling module, which is injected with a set of
MOOCs URLs’ webpages. The crawler collects data from
MOOCs webpages and sub-pages and then generates and
parses the collected data to be indexed. Nutch, in this case,
is injected with the URLs of eight MOOCs platforms—
edX [2], Coursera [8], Udacity [7], Edraak [9], Rwaq [10],
Khan Academy [3], Harvard Online Courses [76], and
Udemy [4]—to activate the vertical search and ensure the
diversity of results. Then it generates data segments to the
indexer. Subsequently, the crawler generates data segments
to the indexer.

To create data segments, Nutch first injects the MOOC
URLs into the crawling database ‘‘crawldb.’’ The crawldb
maintains information on all injected URLs (fetch schedule,
fetch status, metadata, . . . ). Then Nutch generates a link
database ‘‘linkdb’’ that includes source URLs and the anchor
text of each link. Those links are then fetched by Nutch’s
fetcher to create a fetched list from the URL’s content. After-
wards, Nutch parses and processes the fetched content of each
web page to generate a set of crawled data segments. Each
segment is a set of URLs fetched as a unit and saved based
on time and date. Those segments have subdirectories that
maintain information on a set of URLs to be fetched, the
status of URL fetching, the raw content retrieved from URLs,
the parsed text of URLs, and outlinks and metadata parsed
fromURLs. These four processes form a cycle that is repeated
for a few rounds to enhance data collection by adding new
data and removing all repetitive data. With each round, the
crawldb is updated using the segment’s information.

Thereafter, Nutch prepares the data for indexing by crawl-
ing the final segment file that contains the last fetched data
labeled with the latest date to ensure data recency. Moreover,

Nutch inverts all the links in linkdb, so the indexer scoring
function can process and rank incoming anchor text within
MOOC pages. By this phase, the indexer uses all data from
crawldb, linkdb, and segments for indexing.

The indexing module starts indexing and building the data
set and stores the data as index files to be ready for the query
process. At this point, Solr indexes the collected data and
creates index documents. Then, each document is analyzed
and prepared for the querying process. In this stage, the
system parses and transforms the textual data into tokens by
applying analysis filters, such as ‘‘tokenizers’’ and ‘‘filters’’.
Then, the output of this process is used to match the query.

Through the querying process, Solr’s request handler han-
dles the search query and states the logic to be used when
processing a search request. The request handler initiates the
query processing by calling the Solr’s default query parser
known as the Lucene query parser, which understands the
terms of a query. The standard query parser has a filter query
that runs the query over the entire index and stores results.
Meanwhile, Solr’s default query function, term frequency-
inverse document frequency (TF-IDF), is applied within the
query parser to rank the results. The term frequency func-
tion rate results correspondingly to the number of times a
query term appears in the document. At this stage, the search
results are arranged into categories, and the clustering groups
the search results. Afterward, Solr’s default response writer
presents the final response of the search query.

Simultaneously, clustering components are activated
within the indexing module to perform a clustering-based
recommendation to overcome the recommender system’s
absence in this version by combining the vertical search with
the clustering components’ results, as shown in Fig 2. Carrot2
and Solr’s Suggester component, in this case, generated the
clustering-based recommendation.

The clustering plugins automatically discover groups of
related search documents by applying a clustering algorithm
on top of each search hit and assigning human-readable labels
to these groups.

The clustering process has two rounds. The first round
of recommendations is generated by the results clustering
component—Carrot2—through the Lingo algorithm [77] and
the STC algorithm [78]. The component regenerates results as
a tree from the seed query term.

The second round of recommendations is generated by
Solr’s Suggester through ‘‘AnalyzingInfix suggesters’’ algo-
rithms [79]. The Suggester returns fields that have exactly the
same terms as the query.

Finally, the querying process is performed through the
querying module in cooperation with the indexing module.
The querying process starts with a user’s query request via the
system interface (Fig 3). Then input terms are analyzed and
processed by the indexing module via query parsing through
the index files, and then it starts clustering and ranking the
results for the user.

In summary, the unified MOOCs search system can
retrieve MOOCs information and recommend courses to
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FIGURE 3. The MRSE interface.

users. The system retrieves Arabic and English courses from
different MOOCs with many subjects and recommends the
results in a convenient GUI to provide a good user experience.
The system is deployed on two virtual machines in order
to simulate a production environment. The system’s perfor-
mance is monitored throughout the implementation to ensure
reliability, alliance, and integration.

The proposed model integrates both the vertical search
engine and the recommender system to achieve personalized
experiences. However, the absence of actual user history and
data does not apply to the recommender system’s integra-
tion. Hence, the implementation is limited to the vertical
search scope, deployed with clustering components in order
to empower recommendation functionality.

IV. EVALUATION
A. REALIZATION OF THE SYSTEM
Aimed at MOOCs search requirements, this paper mentioned
earlier the deficiency of the general search engines and
MOOCs information overload and therefore designed and
implemented a unified MOOCs recommender search system.
The implemented system was verified through a real data set
test of model performance (Fig 4 and Fig 5).

The implementation of the MRSE model managed to
automate data retrieving instead of manual scraping and
indexing. The system retrieved different courses (Arabic and
English) with a variety of subjects from multiple MOOCs
(edX, Coursera, Udacity, Edraak, Rwaq, Khan Academy,
and Harvard Online Courses) and then offered them in a
single search platform instead of many platforms. The main
results are retrieved based on keyword matching generated
by Solr’s typical ranking by transforming the original text
into tokens. Most results are close to user queries, as shown
in Fig 6 and Fig 7.

FIGURE 4. Samples of queries displaying the diversity of MOOCs
(Coursera, edX, Harvard University, Edraak ( ), and Rwaq ( )) and
courses in MRSE.

FIGURE 5. Samples of queries displaying the diversity of MOOCs
(Coursera, Khan Academy, Edraak, edX, and Harvard University) and
courses in MRSE.

However, some of the retrieved pages are not related to the
desired courses; hence, accuracy and course-restricted results
are still required (Fig 8 and Fig 9).

On the other hand, recommended courses aremore relevant
to users’ queries than the main results since they are based
on term correlations. Carrot2 generated the first round of
recommendations by building a correlation between docu-
ments with the same terms. After auto-organizing documents
from search results into thematic categories, machine learn-
ing algorithms were applied to those categories. This tech-
nique was ideal for English terms; however, it was not for
Arabic terms, even though Carrot2 displayed solutions for the
Arabic clustering in 2015. Hence, Arabic recommendations
were irrelevant, and the content was unclear compared with
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FIGURE 6. ‘‘Python’’ search results’ relevancy from both keyword
matching and term correlation.

FIGURE 7. ‘‘Advanced python’’ search results’ relevancy for both keyword
matching and term correlation.

the English recommendations (Fig 9). Also, manual Arabic
segmentation is required.

The system still needs a recommendation process. Hence,
the Suggester component was applied to generate the second
round of recommendations based on query results instead of
using Carrot2. The Suggester component triggers recommen-
dations by forming clusters of strings, so each suggestion
presumably is a string that occurs in multiple documents. The
Suggester recognizes Arabic and English terms equivalently
and manages to present meaningful results.

In addition to using a basic retrieval function, users
can alternate between the Arabic and English searches
and get results and recommendations on the same page.
The system also offers some auxiliary functions, such as
auto-complete and spell-checking. To enhance the users’

FIGURE 8. Irrelevant results in English search.

FIGURE 9. Irrelevant results and recommendation deficiencies in Arabic
search.

experience throughout trials, the system mimics courses’ rat-
ings through pseudo-scoring that generates random ratings
for each course. The system’s ranking of results is affected by
click-throughs counting of visited links and the percentages
of likes. These impacts have a potential need for future work,
which may generate real user data and preferences.

B. THE SYSTEM REQUIREMENTS FULFILLMENT
This paper’s primary goal was to present a proposed unified
search model for MOOCs that functions well in real-world
settings, as was explained in the previous section. For a more
comprehensive evaluation, we performed a User Acceptance
Test to measure how well the system fulfilled the model’s
requirements and to investigate other aspects such as usability
and the human impact. In this case, the participants will-
ingly agreed to test the system online during the COVID-19
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national lockdown. However, due to limitations of time and
the recruits’ schedules, only 10 adults participated in this
experiment. These participants were aged between 25 and 40,
and they were Arabic speakers with different levels of com-
petence in English. Moreover, they all had advanced degrees
in either computing or engineering.

The system should allow each user to query and retrieve
different MOOCs courses related to what they searched for
in one platform. Then receive recommended results based on
their queries.

The user experience with the system proves the reliability
and alliance of the system. Users managed to search and view
multiple Arabic and English courses from different MOOCs
that matched their queries in a single platform (Fig 10).
Where ninety-six percent of users agreed or strongly agreed
that the system met their functional requirements. They also
managed to incorporate with the system by creating profiles,
liking courses, and viewing courses through brief descrip-
tions and direct links.

FIGURE 10. Concluded rating of users’ requirements achievement.

In general, the system experiments are proof of the need
for aMOOCs unified search engine. The overall effectiveness
and convenience of the MRSE model are shown in Fig 11.

About one hundred percent of users agreed or strongly
agreed on the system’s convenience and enhanced their expe-
rience with the system Arabic search. And about ninety per-
cent agreed or strongly agreed with the high quality of the
suggested courses.

V. DISCUSSION
Based on MOOCs resources search and recommendation
requirements during online learning, this paper discussed the
deficiency of unified MOOCs search models, designed and
implemented a MOOCs unified search model, and verified

FIGURE 11. Users’ overall gratification with MRSE.

the system’s outcome through a real-world test of the model’s
performance.

The system’s architecture is designed to retrieve courses
from differentMOOCs platforms and recommendArabic and
English results in a one-stop-shop. As noted in the literature,
each tool and model has many negatives in contrast to their
positive possibilities. Hence, the proposed model embraced
techniques that best fit the need for an ideal MOOCs search-
ing platform and should serve well in future adaptations and
deployments. The model consists of a vertical search engine
as the retrieving functionality empowered by clustering com-
ponents to activate recommendation functionality.

The system’s implementation went through new high-
performance, open sourced tools and a combination of high-
ranked Arabic and English MOOCs. To serve our purpose,
we empowered each tool’s characteristics to reach optimum
performance. Although the system is distributed, its alliance,
reliability, response, and throughput were optimistic.

Overall, the system managed to collect MOOCs data and
present diversified results in both Arabic and English in a
convenient and friendly GUI. It also managed to present
clustering-based recommendations for users based on their
queries. The results of both Arabic and English searches were
promising and relevant to users’ queries. However, English
results and recommendations were more accurate and topic-
related since all the used tolls are mainly developed based on
English syntax. Even though some IR tools addressed Arabic
syntax recognition, it is still minor.

The main challenge was to generate recommendations
despite the deficiency of users’ data preferences. Hence, the
initial recommendations were generated by build-in clus-
tering components instead of by applying a recommender
system. These applied techniques could be vital in achieving
later-on personalization of future work [52]. Moreover, users
made positive observations about the system’s trials.

Along with the MRSE model, online MOOC locaters such
as Class Central [69], MOOC.org [70], and My MOOC [71],
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have precise foundations to establish a personalization envi-
ronment. These platforms enable users to customize their
interests, where each system can use each user’s customized
data to predict further interests and offer more personalized
results. However, some platforms still suffer from lack of
proper querying, such as in MOOC.org or CLIR deficiency
regarding Arabic language. Although Class Central does sup-
port Arabic term retrieval, the results are minimal, and no
feedback is stored to those courses. This emphasizes the
research goal of having a personalized experience that sup-
ports Arabic as well as other languages retrieval.

The MRSE model aims to overcome the deficiencies
in the literature. Particularly, comparing to the proposed
hybrid solutions [23], [27], [28], the MRSE supports the
CLIR by collecting a diversity of recent Arabic and English
courses from eight high-ranked MOOCs. In comparison,
the previous studies retrieved only English courses in nar-
row domains from only two MOOCs, edX and Coursera.
Although we enhanced CLIR regarding Arabic, the study
did not fully overcome the Arabic recognition compering to
English.

Then MRSE successfully recommends courses that fit
users’ queries. However, the recommendation functionality
through clustering substitutes for the actual recommender
system, which is established in all the proposed hybrid solu-
tions. Moreover, the study also presents real-world users’
experimentation to measure the approach’s achievement,
where other studies stated that the system needs to be used
tested by real-world users. Table 2 presents a comparison of
the MRSE model with other proposed hybrid solutions.

TABLE 2. Comparison of the MRSE model with other hybrid retrieving
models.

Some lessons were learned. Throughout the implementa-
tion, we faced many complications. In order to activate the
automation without going through multiple clusters, we had
to mimic the production environment and configure each
tool to activate automated focused-crawling and automated
indexing. All of this was needed to offer a usable search
platform for users.

The accuracy of the recommendations and some results
in terms of courses is not what we expected. Hence, more
alterations to improve accuracy are still needed.

The collected data still needs manual segmentation since
the quality of segmentation is essential for search engines,
as it might affect the accuracy of the text extension extraction
and the recommendation accuracy, especially with Arabic
syntax. With these changes, a full-function recommender
system will be realized.

VI. CONCLUSION AND FUTURE WORK
For almost two decades, MOOCs have been evolving along
with the educational process, offering learners opportuni-
ties to increase their knowledge and experiences. This has
been notably noticed for the past few years, especially
within the latest COVID-19 pandemic. These MOOCs’
rapid increase hinders learners while searching and choos-
ing proper courses, leaving people to get overloaded with
too many choices over the Web and therefore get lost in
hyperspace.

Many researchers have attempted to assist users’ navi-
gation for desired courses by offering personalized experi-
ences through recommender systems for MOOCs. However,
researchers are not able to access essential MOOCs data
to generate users’ preferences, provide recommendations,
and perform actual personalization. Moreover, the individual
efforts on MOOC platforms are not enough to overcome
information overload and the ‘‘lost in hyperspace’’ situation.

Some studies have proposed unified retrieving models
for MOOCs. These models differentiate between search
engines and recommender systems or either combine both to
emphasize each other’s characteristics. However, such studies
are still limited due to the challenge of accessing useful
MOOCs data. Moreover, their orientation is on either English
or Chinese courses in specific subjects from at most five
MOOCs. This is a weakness in the diversity of results and
in CLIR with respect to the Arabic language, where those
MOOCs locator systems do not target Arabic speakers.

Since vertical search engines provide many benefits over
regular search engines by offering more relevant information
and greater precision as a result of a scope limitation, it is
appropriate to propose a vertical search engine for MOOCs.

The proposed system provides users with courses from
different MOOCs by integrating open source tools and tech-
nologies (Solr-Nutch). Initial results showed that the sys-
tem can collect and present courses from several MOOCs
as intended. Moreover, the system can retrieve courses in
both the Arabic and English languages. In a further effort,
the model was combined with clustering techniques (Carrot2
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suggester component) to generate recommendations based on
query terms to add more value and precision to the engine
results. However, the applied techniques did not fully present
high-quality results in Arabic compared to English. Hence,
it is encouraged to continue the enhancement of the Arabic
retrieval in this field.

This work contributed to the current MOOCs retrieving
innovation in academia by presenting a unified MOOCs
search model that serves Arabic and English users. The
model can retrieve Arabic and English courses from multi-
ple MOOCs using the latest tools and techniques in diverse
subjects. Furthermore, the research shows how the model
prepares recommendations out of no users’ patterns. Cur-
rently, the beta version can collect users’ data to obtain better
recommendations and future personalization. This version
will be the base for future work by integrating an actual rec-
ommender system as the second stage of the proposed model
to provide personalization that includes Arabic orientation.
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