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Abstract—For an innovation producing education, MOOC (Massive Open 
Online Course) platforms offer a plethora of learning resources and pedagogical 
activities to support the university’s 4.0 new era and the lifelong learning move-
ment. Nevertheless, the rapid advances in learning technologies imply the need 
for personalized guidance for learners and adapted learning materials. In this pa-
per we seek to enhance the MOOC learner experience by providing a semantic 
recommender system for the diversity and abundance of MOOCs available for 
learners. Firstly, the paper analyses the state of the art of the semantic recommen-
dation approach in a distance learning context. Then it describes the proposed 
MOOC recommendation system that uses the ontological representation of the 
learner model and MOOCs content to make its intelligent suggestions. Finally, 
we explore the development phases of the semantic MOOC recommendation sys-
tem to define the implications for the progress of our research. 

Keywords—Distance learning, Massive Open Online Course, recommendation 
system, Knowledge-based recommendation 

1 Introduction 

Seeking an intuitive experience in online learning has become the new trend in life-
long learning platforms like MOOC platforms by exploiting the plethora of possibilities 
offered by artificial intelligence. In this context, the university 4.0 uses artificial intel-
ligence for a better understanding of learning needs by learning analytics tools; and 
monitoring of learners' progress by using adaptive learning toolkits. However, the key 
to the success of such tools is to keep the openness of learning platforms and introduce 
personalization principles that consider the learner’s characteristics. As a result, we 
shed the light on recommender systems for an enhanced learner experience to support 
the exploration of different MOOCs offered by different platforms.  
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A recommender system compares the user profile with features of reference and 
seeks to predict the potential opinion of a user about an item [1]. However, in a distance 
learning context : “different learners have different characteristics in terms of learners’ 
background knowledge, learners’ history, competence level, learning style and learning 
activities [2]. This makes “recommendation of learning resources to a particular learner 
more difficult” [3]. The issue is more observed in MOOC platforms where it becomes 
difficult to predict the learner’s interests with the massive dimension of MOOCs: a 
variety of learner’s profiles and a difficult understanding of factors influencing their 
motivation and engagement for specific online courses. “This complexity in recom-
mendation of learning resources can be alleviated by personalizing the learner profile 
to match the needs and characteristics of the learner by using knowledge structures such 
as ontology” [3]. For this purpose, we discuss in the second section the knowledge-
based recommender system features for the distance learning “to suggest adequate 
MOOCs for specific learner models”. As for the third section, we design the functional 
architecture of our proposed RS for MOOCs, the use cases of its main actors: the learner 
and the MOOC provider, and finally: the development phases of our ongoing research. 

2 Recommender systems for a distance learning context 

In general, on the classification issue of recommender systems, [4] states that rec-
ommenders can be classified according to the obtained knowledge on its users, their 
relations to other users , the items to recommend and finally the classes of items that 
we could identify. 

For the filtering approaches used in distance learning, we could identify three RS 
types: content based, collaborative based and hybrid based since most of literature re-
view research on recommenders in e-learning “focus on these conventional recommen-
dation techniques” [3]. Nevertheless, the e-learning context requires a recommendation 
approach that favors concepts semantic relationships and that is sensible to the learner 
preference and needs updates. In this sense, knowledge- based recommender systems 
“use prior knowledge on how the recommended items fulfill the user needs. Thus, the 
goal of a knowledge-based RS is to reason about the relationship between a need and a 
possible recommendation” [5]. What’s more is that it favors knowledge reuse and shar-
ing: one of the main principles of online learning. 

2.1 The Knowledge based approach 

First of all, knowledge-based (KB) recommenders match between the user needs and 
the items features .So, it suggests items based on logical inferences on the preferences 
and needs of the user [6] [7]. The recommendation is done by using the acquired domain 
knowledge that the system compares to the user requirements to obtain the most ade-
quate and useful items for a specific user [1], [8].   

“Knowledge based systems are based on the concept “Tell me what fits my needs” 
[8]. Hence, “this knowledge will sometimes contain explicit functional knowledge 
about how certain product features meet user needs” [7], like when an e-commerce 
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platform asks its clients to choose specific features about their preferences for available 
products.  

Above all, KB recommenders rely on a knowledge base for users, for items and for 
the matching inference rules in order to recommend the appropriate items for the right 
users. Obviously they would require knowledge engineering techniques [3] for their 
development but most importantly they introduce the semantic dimension to the rec-
ommendation process unlike other recommendation techniques that rely on the user’s 
ratings for items.  

As a knowledge-based framework for recommendation, ontologies introduce the se-
mantic web technologies and go beyond “the most, used definition in the field of com-
puter science: Ontology is a formal, explicit specification of a shared conceptualization 
…” [9]. Indeed, it offers the possibility of integrating a frame of inference rules for 
personalized recommendation by using the semantics principles and interoperability 
between multiple platforms. As a result, it enables “reusing and sharing knowledge 
across a wide range of systems” [10]. 

On the whole, Ontology-based (OB) recommenders are knowledge-based recom-
mender systems which use an “ontology to represent knowledge about the items and 
users in the recommendation process” [3]. Indeed, “the semantic relations between on-
tology concepts allow making inferences on this source of knowledge and preference 
expansions that help to mitigate the effect of sparsity and cold-start problems” [11]. 

2.2 Semantic recommender systems for distance learning  

Semantic recommender systems are based on “is-a” relationships by using the se-
mantic links as a similarity measure between concepts which improves the recommen-
dation precision and reduces the disadvantages of new items’ recommendation. Partic-
ularly in e-learning, “ontology-based recommender systems use ontology knowledge 
about the learner and learning resources in mapping a learner to relevant learning re-
sources” [3].  

However, there are no semantic relationships among courses in current MOOC 
(Massive Open Online Courses) platforms [12], which are supposed to establish an of-
fer of distance learning to the masses. Ref. [12] adds that the MOOC interfaces “are 
more similar to the traditional digital library where searching for a specific resource 
would involve the process of finding an appropriate course among the listed categories 
of courses” [12].  

Consequently, there was “no survey… carried out on ontology-based recommender 
systems for e-learning” except for Ref. [3]’s review who gave a detailed insight on 
Ontology based recommenders from the published related research between 2005 and 
2014.  

To study the use of semantic recommenders, we select from literature work the rec-
ommender systems that use semantics to represent both learners and learning.  Hence, 
Table 1 summaries the research of seven papers by defining their “semantic recom-
mender system”, “the recommendation approach” to show the role of semantics; and 
the “ontology use” to specify its modeling purposes.  
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Table 1.  Semantic recommender systems and ontology use for distance learning 

Ref. Semantic recommender 
system 

Recommendation approach Ontology use 

[13] Semantic recommendation 
of content for context-aware 
e-learning where the recom-
mender uses knowledge 
about the learner, the content 
and the domain of learning.  

Recommendation approach in four 
steps: “semantic relevance calculation, 
recommendation refining, learning path 
generation and recommendation aug-
mentation ». 

Domain ontologies used 
for knowledge modeling 
(learner ontology, con-
tent ontology and com-
puter science ontology)  

[14] A System for personalized 
search and delivery of learn-
ing objects to learners 
(PSDLO)  

Recommends by a comparison of the 
learner profile and the learning object 
description repository on the  web.  

Ontological models for 
learners and learning ob-
jects based on the stand-
ards LOM and IMS LIP 

[15] Ontology driven recom-
mender system with vector-
based similarity measures. 

Documents recommendation for learners 
to students according to their current ac-
tivity that is tracked in terms of seman-
tic annotations associated to the ac-
cessed resources. 

A domain ontology is 
constructed from the 
modeling of the learner 
interests deduced from 
his activities. 

[16] Personalized recommenda-
tion of learning paths, learn-
ing contents and learning ex-
periences. 

A three step approach:  
With Learning paths generation by us-
ing semantic inference in the course and 
personalized learning contents recom-
mended by matching between learner’s 
features and learning object ontology.  

Domain ontologies for 
learners, learning objects 
and courses. 

[17] A knowledge based person-
alized e-learning recommen-
dation system 

Recommendation employment of a ped-
agogy pattern to recommend according 
to the prerequisites of the learner request 
and learner’s knowledge. 

A common domain on-
tology for the learner and 
learning materials 

[18], 
[19] 

 "LORecommendNet", a 
multi agent-based learning 
object recommendation sys-
tem 

Use of feature-based recommendation 
algorithm to recommend “learning ob-
ject to learners based on their learning 
style » [18]. 

uses ontology to repre-
sent knowledge about 
learning objects, learner 
model and semantic 
mapping rules. [19] 

[20] A hybrid knowledge-based 
system for recommendation 
of e-learning resources 

A four steps recommendation approach 
that relies on ontology and sequential 
pattern mining (SPM). 

Domain ontologies for 
the learner profile and 
learning resources for 
computing the similarity 
of learning objects and 
their ratings by learners.  

3 A Proposed recommender system for MOOC Personalized 
Learning 

In this section, we set the MOOC recommendation system framework of develop-
ment that is not only limited to its functional architecture but also requires a global view 
on its use cases, its data sources and the processing of obtained information to make an 
intelligent feedback for learners. The primary development choices for our knowledge-
based recommender are exposed for a better system specification definition. 
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3.1 The MOOC recommender system framework of development 

According to the adapted framework for the analysis of recommender systems of 
[6], our MOOC recommender system has the following features: 

1. finding novel items and useful resources: the recommender tries to find suitable 
items, e.g. MOOCs, that could answer the learner’s needs and preferences;  

2. modeling users by using semantics: the chosen representation for the user model is 
a derived ontology from the domain ontology manually created for recommendation 
purposes. It represents the learner as a group of knowledge concepts and personal 
characteristics ;  

3. extracting user’s and items description manually and/or by using machine learning 
techniques: the recommender uses the provided data by learners about their interests 
and by MOOC providers about their courses. It also exploits the navigation history 
of learners to deduce their characteristics and specific fields of interest; 

4. providing personalized recommendations: the suggestions of MOOCs for learners 
are the predicted useful items obtained by calculating the semantic similarity be-
tween learners and MOOCs. Learners and MOOCs are each represented by a vector 
in the vector space based on the ontological model developed in the diagnosis phase; 

5. imbedding recommendations in the user’s experience: the recommender system is 
located at one particular location but uses the aggregated databases of MOOC plat-
forms and learner’s profiles. It provides recommendation from a separate entity from 
the MOOC platform since it uses external data sources.  Further, it acts on a passive 
mode: it produces recommendations as a service for MOOC learners, as soon as they 
visit a MOOC platform. 

The recommender system use cases. A use case diagram is a theorized model that 
is action oriented and that serves as a support for the requested functionalities of a sys-
tem. Therefore, we created the use case diagrams for the two main actors of our system: 
“the learner” that uses the recommender system before; during and after completing a 
MOOC; and the “MOOC provider”, that develops the related metadata for MOOC con-
tents. Consequently, we used the Papyrus software, integrated into the Eclipse devel-
opment environment (version: Photon R) in UML 2.5 version for both use case dia-
grams as designed in figure 1 for the intended functionalities to guide the learner, and 
in figure 2 for the offered functionalities for the MOOC provider, as an important part-
ner for data collection about MOOCs. 

The learner needs to: 

• authenticate to an e-learning system;  
• search for MOOCs according to his interests and/or needs; 
• have a list of recommended MOOCs (likely to be of interest);  
• have a general profile containing information related to his online learning activities 

from several MOOC platforms. 
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Fig. 1. Learner use case diagram 

 
Fig. 2. MOOC use case diagram 

The MOOC provider needs to: 

• access services that allow him to be a main partner of our recommender system; 
• be able to update the metadata of his MOOC offer and have a global vision of its 

presence in our system; 
• increase the subscription and completion rate of his MOOCs and their indexing on 

more global search engines. 

The recommender system functional architecture. In order to satisfy its require-
ments (e.g.: predefined uses cases), our recommender engine (figure 3) uses two main 
components as data sources: “the MOOC meta data extraction tool” and the “the learner 
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data extraction tool”. On the one hand, the former provides a detailed description of a 
MOOC’s content and other characteristics such as: the language, the learning styles, 
the workloads needed for completion, etc. It indexes MOOCs that are available in a 
platform for data retrieval, selection and recommendation of MOOCs. The structured 
data is stored in aggregate oriented Data Bases (DB) since it gathers all the descriptive 
information about MOOCs from different platforms. On the other hand, the latter ex-
tracts all the personal and learning activity related information about a learner from 
multiple sources to get a user model that describes the best a learner’s interests. 

 
Fig. 3. Functional architecture of personalized suggestions in MOOCs 

3.2 The recommender development phases: a state of our research 

Following the recommender system functional architecture (figure 3), we’ve been 
working on the development phases of the recommender engine by addressing the re-
lated issues to each of the three phases of the development process: Data collection 
phase, Learner model generation phase and the Recommender Suggestions’ generation 
phase. 

Data collection phase. The data collection’s phase aims to generate the learner 
model by gathering relevant information about the learner’s interests and needs. As 
shown by the functional architecture in Figure 3, we use multiple resources to generate 
the learner model.  

Firstly, the data collection input is based on a hybrid feedback [21] where we con-
sider the explicit feedback of the learner (learner preferences expression on MOOC 
platforms) and also his implicit feedback (learner search history and behavior on 
MOOC platforms). Secondly, the learner profile on the MOOC platform provides his 
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demographic data and navigation history. We have studied the learner profiles on fa-
mous MOOC platforms to deduce the gathered data by MOOC providers. This study’s 
result helped us to define the learner profile attributes to use for the recommendation 
process.  Finally, the social networks data mining helps to deduce fields of knowledge 
and skills that would represent the best the interests of the learners and integrate its 
output into an enriched learner profile intended for personalized recommendation. 

Learner model generation phase. To contain the multiple sources of the data col-
lection phase and enable the dynamic update of the learner model and the offered 
MOOCs metadata, we chose the ontology-based modeling as an approach for data 
structuring. Hence, a “Learning Actor ontology” is created as a domain ontology to 
only model the necessary data for the similarity calculations of the MOOC recom-
mender system. It was developed by following the phases of the on-to-knowledge meth-
odology and distinguishes between domain dependent and domain independent data of 
learners and MOOCs. 

Recommender Suggestions’ generation phase. For upcoming development of our 
research, the personalized recommender model needs to address the weight of each 
MOOC personalization criteria and an effective use of semantic similarity measures. 
Nonetheless, the issue of natural language processing that takes place in the data col-
lection phase is expected to influence the accuracy of the suggestions, though deep 
learning algorithms could be considered to train the recommender engine and ulti-
mately obtain better suggestions. 

4 Conclusion 

Semantic recommender systems rely on the characteristics of learners as a 
knowledge source to predict the most suitable MOOCs for the learner’s preferences and 
needs. On its basis, our research proposes a functional architecture of a personalized 
MOOC recommender that takes into consideration the abundance of MOOCs on dif-
ferent platforms and the diversity of the learner’s needs that is not necessarily diagnosed 
by these platforms.  Hence, the suggested MOOC recommender is based on three lay-
ers. The first layer is the user layer, where each recommendation actor provides the 
needed data for the data collection phase. As for the second layer, it is the semantic 
layer where the collected data is structured to provide the learner model and the MOOC 
model, e.g. the specific domain ontologies of the learning actor metaontology. The last 
layer is the intelligence layer, where the recommender makes predictions based on the 
semantic weight learner characteristics compared to potentially interesting MOOCs. Its 
purpose is to give an intelligent feedback to learners as soon as they access the RS 
platform and update its outcome according to the learner model update.   

At last, the perspective of the development of adapted machine learning algorithms 
is yet to be studied in future works in order to define the importance weight of each 
recommendation criteria for the recommendation model. 
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