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Abstract. This paper presents a recommender system for learning objects
which uses a collaborative filtering mechanism based on competencies. The
model enables students to receive recommendations of learning objects
automatically, according to students’ interests but also according to
competencies that have to be developed. The prototype implemented was able
to recommend relevant contents to students, aiming at helping them in the
development of competencies. The paper also presents a couple of experiments
showing that the recommender system has a good level of accuracy for the
suggestions made.
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1 Introduction

One of the biggest challenges educators face nowadays is the organization of content
and activities to develop certain competencies. This challenge is even bigger when
one tries to identify and recommend different material to different students, based on
individual needs, interests and skills.

This paper presents a recommender system for learning objects which can suggest
learning materials according to students’ interests as well as to skills that have to be
developed. Learning objects are understood here as digital learning material
constructed in a modular way so that they can be used together or separately [1]. In
this sense, a scientific paper, a web page, a simulator, a question and answer software,
all may be considered learning objects.

The recommendation of learning objects focusing on competencies requires a
change in traditional educational paradigms where pedagogical models follow rigid
curricula and favor transmissive methodologies. The focus on competencies requires
that social characteristics, interests, needs and limitations of each individual also be
considered. The concept of competence can be understood as “practical intelligence
for situations that rely on knowledge and mobilizes, transforms them according to the
complexity of the situations” [2]. In this sense, knowledge and skills (know-how) are



part of the concept of competence [3]. Although the recommendation of personalized
learning objects is a desirable feature for any area of knowledge, our focal point has
been the curricula of undergraduate programs in Information Technology (Computer
Science, Computer Engineering and Information Systems). These programs have
courses distributed throughout eight or nine semesters according to a set of
prerequisites. The documents that describe these courses usually list a series of
competencies which students should develop. For example, the databases course may
require the student to develop competencies in "multidimensional modeling". The
artificial intelligence course may require the development of competencies in
“multiagent systems design”, and so on.

The research presented here is based on this organization and notion of
competencies. Our project aims to facilitate the access to learning objetcts that seem
to be more appropriate at certain times, according to students’ features as well as to
competencies that need to be developed and distributed accross the planningof a
course.

Among the computational techniques to assist in the search for relevant
information, Recommender Systems [4] are able to automatically identify contents
that are appropriate for each individual based on their characteristics or "tastes." This
paper describes a model for recommender systems that is able to suggest learning
objects relevant to undergraduate students, focusing on competencies to be developed.
This paper is structured as follows: Section 2 extends the discussion on the concept of
competence, emphasizing its implications in the development of the recommender
system. Section 3 presents the technique of Collaborative Filtering, while section 4
describes in detail the proposed model, as well as its prototype and a set of
experiments carried out to validate the model. Section 5 presents conclusions and
proposals for future work.

2 The Concept of Competence

It is possible to find in the literature several definitions for the concept of competency.
The Cambridge English dictionary defines it as: "an important skill that is needed to
do a job”. This definition, however, does not explicit relationships between important
concepts such as: skills, issues, knowledge. Other authors enhance the definition:
competence can be defined as the set of knowledge, skills and attitudes necessary for
a person to develop their roles and responsibilities [5]. Perrenoud [6] defines
competence as the ability to mobilize a set of cognitive resources (knowledge, skills,
information, etc) to address the appropriateness and effectiveness of a variety of
situations. In this way the skills are linked to cultural, professional and social
conditions.

In all definitions, we can easily see the relationship between the concept of
competence and skills (know-how), knowledge and attitudes. Therefore, the question
arises as to when and how we can make a recommendation of a learning object which
may enable students to build knowledge related to specific issues, to develop
particular skills related to given contents, to develop a critical awareness about the
importance of competence to to understand how to use it.



Thus, our goal in this research has been to use a recommender system to filter
relevant information to students, and to select learning objects that are most
appropriate in accordance with the competencies to be developed. The next section
introduces the concept of recommender systems.

3 Recommender Systems

Several content retrieval applications try to assist users in identifying items of interest.
However, it is common that these applications return irrelevant contents as a result
[4]. Trying to minimize this problem, recommender systems have emerged, focusing
on the search for relevant information according to users’ features, as well as to
certain requirements of the items sought. Different techniques may be used in
recommender systems to find the most appropriate contents for users. In Sarwar et al.
[7], for example, different algorithms are compared according to accuracy and
performance. Here, our focus is the technique of Collaborative Filtering (CF) [8], a
technique that is based on information collected about the entire community of users
and has already proved suitable for several applications [9].

3.1. Collaborative Filtering

Collaborative Filtering is based on one of the most popular techniques for
recommendation and is used in many systems on the Internet [10]. The technique is
based on the analysis of preferences in a group of people who have common interests
and have a "taste" for similar items. According to this approach, contents that may be
recommended are filtered based on the evaluation of users about the items. For each
user, a set of "neighbors" with similar behavior is sought [4]. The following
subsection presents computational details about how to compute the coefficient of
similarity between two users, one of the first steps in the collaborative filtering
process. Then, the method to select subsets of users with a high similarity degree is
described. In this last step, we present how to compute predictions in order to indicate
how appropriate an item is for a particular user.

3.1.1 Computation of the Similarity and Prediction Coefficients

To compute the similarity between students, the model proposed in this paper applies
the Pearson's coefficient, which is an approach widely used in Recommender Systems
based on Collaborative Filtering [8]. This coefficient measures the degree of
correlation between two variables, resulting in values between -1 and +1, where the
value -1 represents complete lack of correlation between variables, and the value +1
represents a strong correlation between them.

Once you get the correlation between the opinions of students on certain learning
objects, it is possible to compute the prediction of how much students would
appreciate receiving a specific recommendation (prediction refers to the evaluation
the student would give the object if he/she had access to it). This is done



independently of the coefficient used for computing the similarity degree, since the
predictions are computed according to a weighted average of the ratings given by
students identified as closest neighbors (individuals who obtained a similarity
coefficient less than a predetermined threshold). Through equation 1 one may
determine how suitable object i would be for student a (p,;), where r, is the average of
grades given by student a; n is the number of students; r;; is the grade each student b
gave to object i, r, is the average of grades given by student b; and corr,, is the
correlation of the target student a with a particular student b.
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3.1.2 The Recommendation Process applying Competencies

After the prediction value of an object has been computed, indicating how a particular
student would rate that item, the rules of competencies have to be applied. These are
designed to filter out learning objects according to competencies that need to be
developed. Through this procedure, the system is able to identify learning objects
with a high predictive factor that are likely contribuite to the development of
competencies noted as important at certain times.

After applying the rules of competencies, the system checks the database for
recommendations whenever a student logs in.

4 Proposed Model

The recommender model proposed here has been designed as a service to be made
available in an application server. The model proposes the following sequence of
steps for its operation:

1) Teachers plan their classes based on the competencies detailed in the course
description. In their plans, learning objects for the development of those
competencies are suggested. For example, in the fifth meeting of a database course,
students should develop the competence of "developing projections through the use
of relational algebra". Learning objects that can be used in the development of this
competence should also be listed by the teacher;

2) At the first time the system is run, the similarity degree (Pearson's coefficient)
between all users registered in the database has to be computed. Then, the system
calculates the prediction value for all registered contents in the database.
Afterwards, only new users, new contents or new objects that were rated are
processed;

3) After the computation of the similarity and prediction coefficients (subsection
3.1.1), the system employs the rules of competencies to filter out the content for a



particular user. For example, the learning object for "developing projections
through the use of relational algebra" may recommended to a student as a
consequence of his/her similarities with other students that rated the object
positively, and because the student is starting to study topics that demand the
development of this competence.

4.1. Prototype and Experiments

A prototype of the model was developed in order to evaluate its efficiency in making
appropriate predictions. Initially, some students were invited to participate in an
experiment for the evaluation of learning objects (in this case scientific papers) that
were recommended by the system. The scale used to evaluate learning objects was a
Likert scale of 5 points. A tool for the evaluation of learning objects was developed as
a web page that could be accessed by any device with a browser and an Internet
connection. Figure 1 shows the interfaces of the prototype running in a PDA
(Personal Digital Assistant).
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Fig 1. (a) Prototype interface for mobile devices (b) Interface for the evaluation of
papers

The prototype was developed in Java, and the persistence layer was developed
using the JDBC API. The database was implemented using MySQLS.



4.1.1 Research Method

The prototype was evaluated in two experiments with convenience samples of 10
students that were at the end of the undergraduate course of Computer Engineering. A
number of papers in the area of databases were selected by a teacher, and were
classified according to the competencies that had to be developed. The experiments
had the following goals:

1) To evaluate whether the prediction rate calculated by the prototype matched
students’ rates, using the evaluation metric MAE (Mean Absolute Error) [11];

2) To evaluate the accuracy of the recommendations made by the system through the
metrics Recall (coverage) and Precision.

In the context of recommender systems, it is said that accuracy is the relationship
between the rating given by the user to an item and the rating computed by the
prediction system. To evaluate the prototype, the metrics described below have been
applied.

4.1.2 Evaluation Metrics

The MAE metric was used to compute the mean absolute deviation between the
predictions of the recommender system and the actual rate given by students. The
difference obtained was taken as the prediction error [9]. With this metric in hand, it
was possible to evaluate how accurate were the recommendations made. Equation (2)
presents the MAE formula, where p; represents the values predicted by the system, r;
are users’ ratings to items recommended, and n represents the number of items
considered.
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The metric Precision is widely used in information retrieval, and represents the
ratio between the number of relevant contents and the total contents returned by a
search function. In the context of recommender systems, Precision is the ratio
between the number of items that the user considers relevant and the number of items
recommended. In turn, the metric Recall is based solely on the number of
recommended items, while Precision estimates how much the contents are relevant to
the user [11]. Recall (Equation 3) and Precision (Equation 4) are defined as:

3 4
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RA is the number of relevant items recommended by the system, R is the total
number of items that should be recommended, A is the number of items actually
recommended by the system, taking into account positive results and false positives.



4.2 Experiments and Results

The first experiment was set in order to select an initial base of learning objects for
the databases course, considering the competencies that had to be developed. Thirty
papers were selected and catalogued by the teacher, relating them to the competencies
that had to be developed. Thus a database with a 1:N cardinality was built, where each
competence had N papers cataloged to be used during the course. The competencies
were distributed according to the class plan, and the learning objects were organized
according to the competencies they represented. These papers were then reviewed and
rated by students, which is a way to minimize a collaborative filtering limitation
known as cold start [9].

Students were then requested to evaluate papers that had been allocated randomly.
These papers were distributed to students, thereby generating an array of initial
assessments "Paper x User", totalling 103 ratings. On the average, 10.3 items were
assigned to be evaluated by each student, and these initial assessments were meant to
identify the preferences/profile of each student. Based on the assessments provided,
the system could compute the coefficient of similarity between the students (Pearson
coefficient, ranging from -1 for a weak correlation, to 1 for a strong correlation). For
example, the correlation value between students U4 and U6 was 1, showing a strong
correlation according to Pearson’s. For students U2 and U4, a correlation value of -1
was computed, meaning a total lack of similarity between them. As a result, it was
found that 27.59% of the correlations computed between students were considered
strong (these students had "tastes" that were similar to the objects evaluated), 20.69%
were considered weak (these students had "tastes" different from the objects
evaluated). For 51.72% of the correlations computed, nothing could be said.

In a second experiment, students evaluated a number of scientific papers
recommended to them based on the rates provided in the first experiment. The system
recommended only items with prediction rates higher than 3, for a Likert scale of 5
points. After computing the correlation values and the similarity prediction values, the
rules of competencies were applied to select the most appropriate papers. As reported
earlier, the papers were cataloged by competencies and were distributed in the class
plan for each meeting. For instance, the lesson about "developing projections through
the use of relational algebra" was assigned for the period starting in the eighth
meeting and ending in the tenth meeting. Students during this period should receive
recommendations of learning objects suitable for the development of this competence.

Table 2 shows the MAE and Precision values computed for the second experiment.
The MAE metric showed an average difference between the predictions made by the
prototype and the assessments made by students (1). The accuracy achieved by the
prototype’s predictions was 76%, which was considered satisfactory. Table 1 shows
that the integration of collaborative filtering with the filter of competencies produced
16 recommendations, the same as the number of meetings planned for the classes. All
of these recommendations were tailored to the development of competencies. It
should be noted that the student U4 does not appear in Table 1 as he/she did not
evaluate the papers recommended by the system.



Table 1. Results of the experiment concerning Precision

o Recommended e User e
User Aris Prediction vt atian MAE Precision
Ul 19 4.54 5 0.46 90.80%
Ul 22 3.35 4 0.65 83.75%
Ul 23 3.62 4 0,38 90,50%
U2 20 4.04 5 0.96 80.80%
U3 20 3.29 4 0.71 82.25%
U3 22 3.92 4 0.08 98.00%
U3 23 437 5 0.63 87.40%
U5 19 453 3 1.53 66.23%
U5 22 3.67 3 0.67 81.74%
U6 19 5 2 3 40,00%
u7 19 3 1 2 33.33%
U7 22 3 2 1 66.67%
Us 20 5 4 1 80.00%
U9 19 5 3 2 60.00%
u10 20 35 3 0.5 85.71%
ui1o0 23 45 4 0.5 88.89%
Meédia: 1,00 76,00%

Table 2 presents the experimental results concerning the relevance of the
recommendations for the students.

Table 2. Results of the experiments concerning the relevance of the recommendations

Number of Number of Number of
articles articles relevant art.
User recommended | recommended | recommended |  Recall Precision
by the CF by CF and by CF and
aigoﬁ;hm competency competene}_-‘
Ul 7 3 3 0,75 1,00
U2 7 1 1 025 1,00
U3 7 3 3 0,75 1.00
Us B 2 2 0.50 1,00
U6 5 1 0 - -
U7 3 2 0 - =
U8 8 1 1 0.25 1,00
U9 7 1 1 0,25 1,00
Ul10 5 2 2 0.50 1.00
Total: 53 16 13

For 7 out of the 10 students, we can say that the system succeeded to recommend
appropriate items that were relevant for the users to develop competencies in the
period of time established, as the Precision factor reached 1, and the Recall factor was
below this value. Students U6 and U7 received, respectively, one and two
recommendations each, recommendations based on collaborative filtering and
competencies. However, the ratings that these users gave to the recommendations



were not satisfactory for the computation of the prediction values, which had to be at
least 3. Therefore, it was not possible to say anything about these students in
particular. Again, additional assessment would be necessary to reach any conclusion
regarding these students.

5. Conclusion

The main goal of this research has been to integrage collaborative filtering with a
mechanism based on competencies in order to (a) help students find educational
materials related to the development of specific competencies, (b) give some
flexibility to the suggestion of materials to be consulted or used by students, to the
extent that the interests of each are considered in the process of recommendation. By
supporting students in their learning process, the system proposed here also gives
support to the work of teachers, by organizing materials and learning situations, and
by providing better links between knowledge and competencies.

In this sense, the proposed model tries to be aligned with these principles,
recommending learning objects that best suit the interests of the student, but in
accordance with competencies that need to be developed at any given time. Through
empirical experimentation with a group of undergraduate students in Computer
Engineering, it was found that the degree of precision achieved by the recommender
system was satisfactory. The accuracy level of 76% showed that the system was able
to recommend learning objects that satisfied the students for their studies, without
neglecting the competencies required in the summary of the courses they were taking.
As for the evaluation metrics Precision and Recall, it can be said that the prototype
succeeded to get the students to have access to those materials that were relevant to
the competencies to be developed in that moment, considering the set of learning
resources available.

As future work, we intend to test the system with other types of learning objects to
verify if its performance remains satisfactory. Using information from learning
objects’ metadata is another future goal. Such feature should allow us to select objects
according to specific requirements also related to competence development (e.g. level
of difficulty, level of interaction, etc.). We are also working on the forming of virtual
communities with users with a similarity coefficient within a certain range.
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