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Abstract— This paper presents an approach based on the semantic representation of the user's knowledge of the subject area. This approach is used for searching and selecting the user-relevant MOOCs courses fitting to their level of education. It is also supporting the search for relevant knowledge by the students during the active learning process of the course. The effectivity of the present ontology based technique is based on the fact that it is aimed on users with different levels of knowledge that can be represented as ontologies and thesauri. 
Keywords—intelligent e-learning, ontology, semantic web, MOOCs, recommender system, completion of MOOCs
1. The problem about-completion of the MOOC courses by learners

Despite all the advantages offered by the MOOC courses, the current statistics show that only a very limited number of registered learners are  completing the course.  and the vast majority are stops learning at an early stage. 

The conspicuous success of MOOCs in enrolling massive numbers of students was tempered by low completion rates.  As an example the  University of Edinburgh recorded that only 12% of the enrolled students completed the course [1].  K.Jordan [2] analysed the data of 279 courses of Coursera and EDX and concluded : “The average MOOC course is found to enroll around 43,000 students, 6.5% of whom complete the course. Enrolment numbers are decreasing over time and are positively correlated with course length. Completion rates are consistent across time, university rank, and total enrolment, but negatively correlated with course length.”
Low completion rates might indicate that the open nature of MOOCs allows students to enrol on courses for which they are ill-prepared; however, many MOOC participants appear well-qualified, if not over-qualified.

In a  San Jose State University pilot project  [3] to deliver for-credit MOOCs. the target audience was ‘students who are presently under-served and left out of higher education’ and the courses were pitched at college entry level. However, 53% of the student body had post-secondary qualifications, including 20% with Masters or PhD.
It seems that the problem about completion rate must be find in two main problems: first the inability of the student to match their level of knowledge and the complexity of choosing the right course of the right level and covering the relevant content, and second the lack of practical sense to pass exams because  universities and employers, do not accept certificates of the courses MOOC. [4]
In our research we focus on the first problem and are trying to optimize and personalize the search for information about the course and the search for relevant knowledge supporting the learning process of the course.
Two distinct classes of MOOCs do exist, both based on a different pedagogical concept. [4]
xMOOCs are the most popular MOOCs. They are online versions of traditional learning formats (video lectures followed by short quizzes and tests, instruction, discussion etc.).  In cMOOCs  the learners are active contributing  to the generation of knowledge via blogs, articles, images, videos, and social media. In the study of Jordan [2] we can see that the completion rate of cMOOCs is higher than those of xMOOCS.

If we can optimise the knowledge search and creation we believe that the rate will increase.
A recommender system will help in increasing this rate.
2. Recommender system  to find Just in time and relevant knowledge [5]
The information and knowledge necessary for decision-making needs to be available and accessible in an easy way for the right person, at the time the information or knowledge is needed. The Internet has made information abundant, however the reliability, usefulness, and timeliness of the information is difficult to verify. This is where recommender systems come in, being systems that can help to obtain relevant data, information and  knowledge.

Recommender systems will create the possibility to personalize the learning experience in e-learning. Additional and relevant knowledge can be delivered if relevant and if desirable for the learner.

The recommender system will make use of the Semantic Web. This will allow the recommender system to discover hidden semantic associations by exploring the knowledge and structure of the ontological model. The recommender system will also make use of Linked Data, that is based on the availability of large amount of data in RDF. This will make the recommender system able to create links between data, and by doing so suggesting more relevant information. Using Linked Data makes it easier for recommender systems to interpret data and make good suggestions to its users.  

In the first step of the recommendation process, the unstructured text that will be the basis of recommendations, will be analysed by a text mining module. This text mining module will identify themes and subjects by analysing the labels described in the case study. 

Before this can happen, the unstructured text will be analysed and filtered in order to identify these labels that can be the basis for further suggestions. Analogous with this filtering, a concept cluster needs to be created in order to link similar labels to each other. When the labels and the similar labels are identified, they need to be linked by URIs to the RDF files that contain information about them. These RDF files also contain URI links to other data that is linked with these concerning labels.

The final output of the engine, that will be the input for the recommendation module, will be an RDF file containing information that will be the basis for suggestions the proposed recommender system will make. 

When a recommender system makes suggestions, it has to query datasets in order to obtain the results. The results of the queries that are created by the recommendation module can be very diverse and in different formats. Everything depends on the type of recommendation that needs to be made by the recommender system. For example, a recommender system for scientific researchers can suggest related PDF papers or presentations to the topic he is reading about. When a journalist is writing an article, a recommender system can suggest information about the topic he is writing about. For example, if the journalist is writing an article that includes a company name, the recommender system can filter this label from the text and suggest related information in real-time about this company like for example the number of employees, revenue, location of the headquarters or website. 

Keep in mind that the recommendations are made by comparing the output from the text mining module against an ontology. The quality of the recommendations are depending directly on the quality of the ontologies and the text mining tools used. This is as well a reason why experts should be responsible for updating the ontology.

The result of the recommendation system can also be personalized by equipping it with a profile of the user. This profile can contain administrative information about the user like name, institution, job description, as well as his interests areas. This can make the recommender system better capable to provide relevant suggestions.

3. Automatic search and recommender systems for students 
Even if the universities will accept credits obtained by students, the searching for courses suitable complexity and completeness is still quite a challenge, both for students and for professors.
The solution of this problem would be creating an automatic search and recommender systems, which would have a universal qualifier for the parameters of complexity and completeness. 
Recommender systems or recommendation systems are a subclass of information filtering system that seek to predict the 'rating' or 'preference' that user would give to an item [6]. Recommender systems have become extremely common in recent years, and are applied in a variety of applications. The most popular ones are probably movies, music, news, books, research articles, search queries, social tags, products in general and many others. Besides, for improve the quality of search of information resource we used semantic methods. Such approach more effective for improving of relevance of search of the queried information in MOOCs courses [7,8].

Such ontology-based system will allow teachers to determine the complexity, and the students have the opportunity to choose courses within the specified limits. In addition, such system could maintain statistics of the courses, which are often chosen by students, as well as whether they take any more courses and what is their complexity. These statistics are limited within the university will allow teachers to assess the overall level of digestible material by students, as well as improve existing courses or create new ones.[7,9]
Would be remarkable to use an ontology that uses a reasoner to semantically generalize item features domains, as the solution of an objective.

4. Ontology based recommender system for a MOOC course

The ontology of contents of Web MOOCs pages is necessary for improving of quality of providing recommendations. The idea of creation the specifications of conceptualizations of the contents of Web pages is base of the concept of Semantic Web. Semantic Web represents the next generation of World Wide Web which except hypertext documents contains descriptions the semantics of these documents, and also descriptions the semantics of different services providing these documents to ultimate users.

The formal specification of contents for Web document of MOOCs gives the chance to system to draw conclusions about compliance of a search query to this document not only on the basis of the syntax information received from the text of this document but also based on semantics of the contents of this document.
For improving of the ontology, received as a result of system operation, it is offered to carry out a preliminary clustering of documents of a collection so that the subjectally close documents got to one cluster, and to carry out further operation separately with each received cluster.

As algorithm of clustering it is offered to be used of the Contextual Document Clustering [10], this method is yielding a good results on big text collections.

At the first stage of creation ontology it is required to allocate the classes which are part of ontology. Algorithms of extraction the terms from texts can be shared into two groups: statistical and linguistic [11]. However, the first one have a certain advantage as their use doesn't depend on linguistic features of concrete language.

Approach to extraction of terms proposed in this article is mainly statistical. Nevertheless, it is supposed that the existing statistical methods can show the best results if add to them the certain heuristic.

As basic heuristic it is offered to use the following:

a) The name of a class contains at least one noun.

b) Common words in comparison with terms possess the bigger frequency of the occurrence approximately equal in various subject domains.

c) The amount of information of the term from several words is more, than amount of information of the separate words which are its part.

Let's describe the offered approach in more detail. At the first stage in each collection of documents allocate nouns and determine their frequency of occurrence. Therefore, as a result of use (a), the number of estimated classes is considerably reduced.

At the second stage allocated the terms consisting of one word. On the basis of the put-forward heuristics (b), frequencies of occurrence of various nouns within one collection are compared, and the assessment of crossing of various collections on the used nouns is also carried out.

However statistical data — not the only source of classes of ontology. Terminological dictionaries can also become possible sources of knowledge when forming a kernel the ontology of unspecialized documents in concrete area use of the existing ontologies developed by experts.

At last, at the third stage on the basis of mutual information the terms consisting of several words can be allocated. It should be noted that in this case the heuristics (c) is used.

5. The schematic structure of recommendation system
The schematic structure of recommendation system is presented in the figure.
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Figure:  Structure of Recommendation System
First the users enter the system, it suggests to create own query or choice one from the basis created by other users. If users couldn't find the appropriate query in basis they can create the new query, in this case it will be added to basis.

The query addresses to the beforehand constructed ontology of MOOC courses. 
After execution of query we receive the cut-down ontology, which contains data only on those courses which satisfy the query. In some way it is already ready result, but for receiving the best recommendation the cut-down ontology is compared to already evaluated ontology which was created from the cut-down ontologies evaluated by the previous users / experts. As teachers from different areas will be the first users of system, they will set initial estimates. Thus, the first students will receive recommendations basis on the teacher’s preferences [9,12].

The result received by the student will vary depending on the assessment threshold selected by him. If value of a threshold will be highly, number of recommendations is small, and vice versa, if the threshold will be low, the number of recommendations will increase. After acquaintance with recommendations, student estimates the received result according to his own the views and preferences. The new assessment is added with existing updating the evaluated ontology. [12,13]
6. Conclusion

This research is expected to use advantages ontology to design an effective recommendation system. Therefore, we have first discussed how to construct ontology based on Web MOOCs pages. The ontology is built on the basis  of statistical methods of texts analysis, in advance, we carry out a preliminary clustering of documents. Then, we elaborated on how to make use of this method to provide personal recommendation service for MOOCs courses.

In the future, we plan practical implementation of the theoretical submitted, its assessment and comparison with existing approaches from other groups. During the implementation phase should be particularly taken into account that generated an ontology should meet existing standards and should allow the export to popular tooling systems for working with ontologies.
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