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Abstract - E-learning systems have established as a strong 

alternative to traditional distance education. One of the most 

valuable, but unfortunately, less used in online educational 

courses is the learning objects (LO) technology. Internet 

allows the gathering of plenty of information on students’ 

online behavior; however, this information is in raw format, 

making difficult the knowledge extraction. Moreover, 

information about the usability of components in the online 

course, LO, is rarely obtained, and therefore, hardly used in 

the data mining (DM) process. The knowledge extracted from 

this information can be used to define personalization 

strategies tailored to the students’ needs and requirements. In 

this brief study we introduce a platform to perform 

educational DM process based on gathered information from 

both, the students’ navigational activities in the e-learning 

system and the information collected from the LO usability. 

Moreover, the gathered data are structured, organized and 

formalized by means of an educational ontology. 

Keywords: E-learning, Data Mining, Learning Objects, 

Ontology.  

 

1 Introduction 

 Within a decade, the Internet has become a pervasive 

medium that has changed completely the way information and 

knowledge are transmitted and shared all over the world. The 

education community has not limited itself to the role of 

passive actor in this unfolding story, but it has been at the 

forefront of most of the changes. Indeed, the Internet and the 

advance of telecommunication technologies allow us to share 

and manipulate information in nearly real time. This reality is 

determining the next generation of distance education tools. 

Distance education arose from traditional education in order 

to cover the necessities of remote students and/or help the 

teaching-learning process, reinforcing or replacing traditional 

education.  

This is e-learning, a new context for education where large 

amounts of information describing the continuum of the 

teaching-learning interactions are continuously generated and 

ubiquitously available. This could be seen as an approval: a 

lot of information readily available just a click away. But it 

could equally be seen as an exponentially growing nightmare, 

in which unstructured information strangles the educational 

system without providing any articulate knowledge to its 

actors.  

Data Mining was born to tackle problems like this. As a field 

of research, it is almost contemporary to e-learning. Not just 

of its intrinsic complexity, but because it has most of its roots 

in the ever-shifting world of business. At its most detailed, it 

can be understood not just as a collection of data analysis 

methods, but as a data analysis process that encompasses 

anything from data understanding, pre-processing and 

modelling to process evaluation and implementation [1]. It is 

nevertheless usual to pay attention to the Data Mining 

methods themselves.  

Therefore, Data Mining can be used to extract knowledge 

from e-learning systems through the analysis of the 

information available in the form of data generated by their 

users. In this case, the main objective becomes finding the 

patterns of system usage by teachers and students and, 

perhaps most importantly, discovering the students’ learning 

behavior patterns. This process is known as educational data 

mining. 

Several research projects have dealt with the integration of 

data mining methods focusing on e-learning systems 

improvement. For a deeper inside into these projects the 

authors recommend [2, 3, 4], where a widespread and deep 

analysis on different learning platforms is performed, 

including LON-CAPA [5], AHA! [6], ALFANET [7], etc. 

Commonly, the existing platforms perform students’ 

classification (using supervised neural networks, decision 

trees, fuzzy methods, association rules, etc.), and/or students’ 

clustering (using Kohonen’s self-organizing maps, EM, etc.). 

Most of this research uses data mining techniques to analyze 

the available data. In turn, we can distinguish diverse Soft 

Computing-based approaches to e-learning process analysis, 

i.e. methods to classify students’ based on their usage patterns 

on a web-based course [8, 9, 10], methods oriented towards 

system personalization [11]. For instance, a neural network 

model is proposed in [12] to recommend an adequate 

navigation strategy for the user. A methodology to improve 

the performance of developed courses through adaptation, 

using Evolutionary algorithms, is presented in [13]. And, 
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finally, methods that allow automatic detection of atypical 

students’ behavior such as the Bayesian predictive distribution 

model to detect irregular learning proposed in [14], and the 

Generative Topographic Mapping model to detect atypical 

behavior on the grouping structure of the users of a real 

virtual campus, presented in [15].  

However, just a short number of papers have devoted to 

include ontologies as a support to perform educational data 

mining processes, for instance, in [16], a framework for 

personalized e-learning based on aggregate usage profiles and 

a domain ontology were presented and a combination of 

Semantic Web and Web mining methods was used. The 

Apriori algorithm for Association Rules was applied to 

capture relationships among URL references based on the 

navigational patterns of students. 

An ontology-based tool, within a Web Semantics framework, 

was implemented in [17] with the goal of helping e-learning 

users to find and organize distributed courseware resources. 

An element of this tool was the implementation of the 

Bisection K-Means algorithm, used for the grouping of 

similar learning materials. An approach to automate the 

classification process of Web learning resources was 

developed in [18]. The model organizes and labels learning 

resources according to a concept hierarchy extracted from the 

extended ontology of the ACM Computing Curricula 2001 for 

Computer Science. 

Despite the existence of some research concerned with the 

mining of data generated by the use of e-learning systems, 

there is still a lack of standard methods and techniques to 

address some open problems in distance education. This is the 

case, for instance, of methods that could detect similarities in 

learning behaviors and group (cluster) students according to 

them. This strategy could be used, for instance, to provide 

teachers with an adaptive guidance tool to prevent student 

failure. 

It is very difficult and time consuming for teachers to 

thoroughly track and assess all the activities performed by all 

students. Moreover, it is hard to evaluate the structure of the 

course content and its effectiveness on the learning process as 

it develops. Therefore, it would be helpful to obtain objective 

feedback from learners in order to track the learning process 

and assess the online course structure effectiveness [19]. 

The possibility of tracking user behavior in such environments 

creates new possibilities for both web-based system architects 

and designers, but also for the pedagogical and instructional 

designers who create and organize the learning contents. One 

of the most interesting possibilities is the personalization of 

the e-learning process. Personalization arises from the 

knowledge extracted from the navigational behavior of the e-

learning virtual environment users, mostly students in this 

particular scenario.  

To deal with the majority of the problems addressed before, in 

this brief study we propose the integration of learning objects 

(LO), including an educational ontology, as a support, in the 

educational data mining process. The LO can, both, generate 

information about their usability using the metadata and, by 

means an ontology, provide a formalization of the entities 

from the e-learning domains. Learning objects are any digital 

resource that can be reused for learning or training, and 

constitute a valuable resource for e-learning course 

development. Moreover, the motivation for developing an 

ontology for educational data mining is many-fold. On the one 

hand, the educational data mining area is devoting many 

research efforts and rapidly increasing; however, one of the 

most challenging problems deals with developing a general 

framework for educational data mining. On the other hand, 

often, the data extracted from the educational system are raw 

and unstructured making difficult the knowledge extraction 

and the decision support stage. Moreover, the students could 

increase their course performance if the teachers properly 

provide them with a suitable and actionable feedback; this 

activity can be achieved by means an appropriate ontology. 

An educational ontology can be used for formalizing and 

describing educational scenarios. 

The remaining of the paper is organized as follows: section 2 

presents a description of our educational data mining 

proposal. Finally, section 3 wraps up the paper with some 

preliminary conclusions. 

2 Proposed Educational Data Mining 

Approach 

 As has stated before, one of the first and more difficult 

steps in the data mining process is the pre-processing, 

cleaning and integration data, due to the fact that often the 

gathered data are in a raw and unstructured format, even, 

including mixing data.  

In the proposed approach, the educational data mining process 

would benefit from the formalization of data and educational 

entities provided by an educational ontology. The proposed 

ontology can be used to discover relationships between the 

learning resources metadata and should follows the best 

practices in ontology engineering, for instance, it must be a 

deep/heavy-weight ontology avoiding multiple inheritance of 

classes, using a predefined set of relationships and using a top 

level ontology. Furthermore, the integration of learning 

objects (LO), and an educational ontology can, both, generate 

information about the usability of the LO and provide a 

formalization for the entities from the e-learning activities. 

Learning objects provide valuable support to deal with the 

standardization, interoperability, cooperation, transportation 

and reusability of educational content. The proposed 

educational ontology would helps and standardizes the data 

extraction and preparation in the educational data mining 

process and makes easier the knowledge extraction.  

Furthermore, the integration of LO and educational ontology 

will provide valuable support in the students’ feedback 

activity, to help them to cover their academicals needs and 

requirements. 



For the sake of space availability in Figure 1 we summarize 

the interaction between the actors and the virtual campus as 

well as the functionalities offered by the proposed platform. 

The main goal of the platform is to alleviate the virtual tutors’ 

workload and to provide an effective and valuable feedback to 

students. To deal with these objectives the platform offers 

tools to discover relevant learning behavior patterns from 

students’ interaction with the educational materials. The 

knowledge obtained can be used by teachers to design courses 

in a more effective way and to timely detect students with 

learning difficulties. The extracted knowledge can also be 

helpful for the students to know their own learning 

performance and therefore use more efficiently the 

educational resources. 

The platform presented in this paper includes as part of its 

skills the identification of students’ learning behavior models 

that allow both, students and teachers, to know the future 

performance of the student based on their current learning 

behavior and the course information available at that moment. 

This functionality allows teachers to give actionable feedback 

to those students that need it, such as the failing students. The 

platform also provides functionalities to forecast students’ 

learning performance and to determine the most relevant 

features involved in the evaluation process, and their relative 

weight. Finally, it allows extracting logical rules that describe 

the students’ learning behavior patterns, which are easily 

understandable by experts in educational domains. All the 

platform functionalities could be performed when the teacher 

or student considers relevant doing with the main 

characteristic that in each execution will be used the 

information available at the moment, i.e. using temporal 

models that, of course, give better performance prediction 

results when it has wealthy information that often happens at 

the last phases of the course. Using the information obtained 

by the toolbox, the teachers could prevent possible course 

failing to the students susceptible to obtain worse performance 

results in order to accomplish their learning requirements. 

3 Preliminary Conclusions 

 The tracking of user navigational behavior in virtual 

campus e-learning environments makes the web mining of the 

resulting data bases possible. This opens new possibilities for 

the pedagogical and instructional designers who create and 

organize the learning contents; amongst the most interesting 

ones, the personalization of the e-learning process.   

One of the most difficult and time-consuming activities for 

teachers in distance education courses is the evaluation 

process, due to the fact that, in this type of courses, the review 

process is better accomplished through collaborative 

resources such as e-mail, discussion forums, chats, etc. As a 

result, this evaluation usually has to be carried out according 

to a large number of parameters, whose influence in the final 

mark is not always well defined and/or understood. Therefore, 
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Figure 1. Proposed platform functionality. 

 



it would be helpful to discover features that are highly 

relevant for the evaluation of groups (clusters) of students. In 

this way, it would be possible for teachers to provide feedback 

to students, on their learning activity, online and in real time 

in a more effective way than if we tried to do it individually. 

This option, using clustering methods, could reduce teachers’ 

workload. In this sense the grouping of students with similar 

learning behavior could significantly help in the e-learning 

personalization, by the fact that the teacher can send grouped 

students’ feedback instead to perform that in an individualized 

way, alleviating their workload, and even, the learning 

groups’ behavior can be used to create greatly cohesive, 

organize and interactive students group based on their 

performance and/or learning behavior. 

In order to obtain concluding remarks, nowadays, we are 

performing a set of deeply and detailed experiments with the 

aim to identify qualitatively and quantitatively the course 

improvements, accomplished using the resulting knowledge 

provided for the proposed platform. Partial results, obtained 

by the authors, have indicated that the teachers workload have 

been reduced considerably, optimizing their course activities, 

and providing a better quality of the students’ feedback; 

accordingly the students learning and course performance 

have significantly increased. As a future trend of the presented 

platform, we would include a Computer Adaptive Tests 

(CAT) methodology in order to improve the e-learning 

evaluation process. We think that this could significantly help 

teachers in the evaluation procedure due to the fact that this 

methodology could provide valuable teacher support in 

reducing the e-learning teacher workload. Preliminary results 

of the authors are very encouraging in this educational topic. 
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