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Abstract. The rapid advances in Web technologies are promoting the
development of new pedagogic models based on virtual teaching. To
achieve this personalized services are necessary to provide the users with
relevant information, according to their preferences and needs. Recom-
mender systems can be used in an academic environment to improve
and assist users in their teaching-learning processes. In this paper
we propose a fuzzy linguistic recommender system to facilitate learn-
ers the access to e-learning resources interesting for them. By suggesting
didactic resources according to the learner’s specific needs, a relevance-
guided learning is encouraged, influencing directly the teaching-learning
process. We propose the combination of the relevance degree of a resource
for a user with its quality in order to generate more profitable and
accurate recommendations. In addition to that, we present a computer-
supported learning system to teach students the principles and concepts
of recommender systems.

Keywords: Recommender system - Teaching and learning - Fuzzy
linguistic modeling

1 Introduction

The great advances in Web technologies are promoting the development of new
pedagogic models, known as e-learning, that complement the existing classical
education [7,10] and involve an active role of the students. The new technologies
improve the teaching-learning processes, aiding the information broadcasting in
an efficient and easy manner, and providing tools for the personal and global
communications that allow for the collaborative learning [3,8]. In this academic
scope it is essential to provide the students with relevant information, according
with their preferences or needs [8].

Recommender systems seek to discover information items that are valuable
to the users. In some way, we can see them as personalized services because they
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have an independent profile for each user [2,4,12]. As a prerequisite for that, the
system needs some information about every user, such as the ratings provided
by the users about the viewed or purchased items. One of the most extended
methods to generate recommendations is the collaborative approach in which
the recommendations to a particular user are based upon the ratings provided
by those users with similar profiles. In this sense, we can use the connections
inherent to an educational community to support collaborative approach, where
students rate resources and these ratings are shared with a large community [3,4].

However, this approach tend to fail when the system has few ratings: cold
start problem. Due to this reason, we suggest to combine collaborative app-
roach with a content-based one to obtain a hybrid recommendation scheme (see
Sect. 2.1). Moreover, we also consider that taking into account the quality of
the items leads to more sounded recommendations. In everyday life we usually
buy well known products or popular products from well-known brands. These
products are popular because the common opinion considered that they are high
quality and this satisfies consumers. The idea is to combine the estimated rele-
vance through the hybrid approach with the quality of items.

On the other hand, recommender systems are becoming popular tools for
reducing information overload and to improve the conversion rate in e-commerce
web sites [2,12]. However these are quite complex techniques not necessarily
accessible to those student lacking computer skills. For this reason, we also pro-
pose to incorporate a library of functions to assist the students in the learning
of these systems.

Then, in this work we present a learning Web platform that incorporates:

— A fuzzy linguistic recommender system based on the quality of items to facil-
itate learners the access to e-learning resources interesting for them. The sys-
tem measures resources’ quality and takes it into account as new factor in the
process of generating recommendations.

— A tool to help students to learn recommendation techniques, which consists
of a library of functions implementing several recommendation generation
approaches. So, the usage of our library allows learners to forget the imple-
mentation details and focus only on their use and operation.

The paper is structured as follows. In Sect. 2, the preliminaries are presented.
Next in Sect. 3, we describe our proposal. Finally, some concluding remarks and
future works are pointed out in Sect. 4.

2 Preliminaries

2.1 Basis of Recommender Systems

Recommender systems try to guide the user in a personalized way towards
suitable tasks among a wide range of possible options [2,12]. Personalized recom-
mendations rely on knowing users’ characteristics, which might be tastes, pref-
erences as well as the ratings of previously explored items. The way of acquiring
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this information may vary from implicit information, that is, analyzing users
behavior, or explicit information, where users directly provide their preferences.

Other aspect to take into account is the way of generating recommendations.
In the literature we can find them mainly pooled in two categories [2]. In the first
one authors consider two different approaches: On one side, the content-based
approaches generate the recommendations taking into account the characteris-
tics used to represent the items and the ratings that a user has given to them.
On the other side, the collaborative approaches generate recommendations using
explicit or implicit preferences from many users, ignoring the items representa-
tion. The second one extends the categorization with another three approaches:
Demographic systems, Knowledge-based systems and Utility-based systems [2].

Since each approach has certain advantages and disadvantages, depending
on the scope settings. In order to combine different approaches to reduce the
disadvantages of each one and to exploit their benefits, a widespread solution is
the combination of approaches, in what is known as hybrid approach [2].

2.2 Fuzzy Linguistic Approach

The fuzzy linguistic approach is a tool based on the concept of linguistic vari-
able proposed by Zadeh [13]. This theory has given very good results to model
qualitative information and it has been proven to be useful in many problems.
We describe the approaches used in our proposal.

The 2-tuple Fuzzy Linguistic Approach. In order to reduce the loss of
information of other methods such as classical or ordinal, in [5] is proposed a
continuous model of information representation based on 2-tuple fuzzy linguistic
modelling. To define it both the 2-tuple representation model and the 2-tuple
computational model to represent and aggregate the linguistic information have
to be established.

Let S = {so, ..., 8¢} be a linguistic term set with odd cardinality. We assume
that the semantics of labels is given by means of triangular membership func-
tions and consider all terms distributed on a scale on which a total order is
defined. In this fuzzy linguistic context, if a symbolic method aggregating lin-
guistic information obtains a value § € [0, g], and § ¢ {0, ..., g}, we can represent
0 as a 2-tuple (s;, «;), where s; represents the linguistic label, and «; is a numer-
ical value expressing the value of the translation between numerical values and
2-tuple: A(B) = (si, ) and A~ (s;,) = B € [0,49] [5).

In order to establish the computational model negation, comparison and
aggregation operators are defined. Using functions A and A~!, any of the exist-
ing aggregation operators can be easily be extended for dealing with linguistic
2-tuples without loss of information [5]. For instance arithmetic mean, weighted
average operator or linguistic weighted average operator could be used.

Multi-granular Linguistic Information Approach. A problem modelling
the information arises when different experts have different uncertainty degrees
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on the phenomenon or when an expert has to evaluate different concepts. Then,
several linguistic term sets with a different granularity of uncertainty are nec-
essary. In such situations, we need tools to manage multi-granular linguistic
information [6]. In [6] a multi-granular 2-tuple fuzzy linguistic modelling based
on the concept of linguistic hierarchy is proposed. A Linguistic Hierarchy LH,
is a set of levels I(¢,n(t)), where each level t is a linguistic term set with differ-
ent granularity n(t). In [6] a family of transformation functions between labels
from different levels was introduced. To establish the computational model we
select a level that we use to make the information uniform and thereby we can
use the defined operator in the 2-tuple model. This result guarantees that the
transformations between levels of a linguistic hierarchy are carried out without
loss of information.

3 Web Platform Description

3.1 Fuzzy Linguistic Recommender System Based on the Quality

In this work we face the recommendation process of pedagogical resources as a
task with two elements: the resource estimated relevance along with its quality. In
order to represent the different concepts to be assesses, we will use different label
sets (S1, 52, ...) selected from a LH [6]. In our system the concepts represented
are the following:

— Importance degree of a discipline regarding to a resource scope, which is
assessed in S.

— Similarity degree among resources or students, which is assessed in S5.

— Relevance degree estimated of a resource for a student, which is assessed
in 53.

— Satisfaction degree of a learner regarding to a recommended resource, which
is assessed in Sy.

— Preference degree of a resource regarding to other, which is assessed in Sj5.

Level 2 (5 labels) is used to represent importance and preference degrees
(S1 = S® and S5 = S°) and level 3 (9 labels) is used to represent similarity,
relevance and satisfaction degrees (S = S9, S3 = S and Sy = SY).

Resources Representation. When a new resource is added, the system
obtains an internal representation mainly based in its scope. We use a vec-
tor model to represent the resource scope and a classification composed
by 25 disciplines (see Fig.1), i.e., a resource i is represented as VR; =
(VRi1,VRi2, ...,V Ria5), where each component V R;; € 51 is a linguistic assess-
ment that represents the importance degree of the discipline j with regard to
the scope of i. These importance degrees are assigned by the teachers when they
add new resources.
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1. Agricultural, animal breeding and fishing 2 Vegetal and animal biology and ecology

3. Biotechnology, molecular and cellular biology and ;

genslics 4. Food science

5. Sscience and technology of materials 6. Earth science

7. Social science 8. Science and techonology of computers Total -

9 Laws 10. Economy

11. Energy and combustibles 12. Pharmacology and pharmacy

13. Philology and philosophy 14 Physics and space sciences

15. History and art 16. Civil engineering, transportation, construction and architecture

17. Industry, mechanics, naval and aeronautical 18. Mathematics

engineering
19. Medicine and veterinary 20. Environment and environmental technology
21. Multidisciplinary 22 Scientific policy

23. Psychology and education sciences 24. Chemistry and chemical technology

25, Telecommunications, electrical, engineering,
electronics and automatics Total =
Total

Medium
Low
None

Fig. 1. Interface to define the disciplines of the resource scope.

Students’ Profiles. To acquire students’ preferences, we use the proposed
method in [11]. It consists of requesting students to provide their preferences over
5 resources (label of S5), using a incomplete fuzzy linguistic preference relation.
Furthermore, in accordance with results presented in [1], it is enough for students
to provide a row of the relation. Then, we use the method presented in [1] to
complete the relation and then we can obtain a vector that represent students’
preferences. That is, the preferences of student x are represented as a vector
VU, = (VUz1,VUyga,...,VUyza5) (the same 25 disciplines used to represent the
resources). Moreover, in this way we manage to reduce the cold start problem,
since thanks to the supplied information by students when they register into the
system, they can already start receiving recommendations.

Relevance Estimation. In order to estimate the relevance of the resource i
for the student e, i.e. i(e) € S3, we implement a hybrid approach which switches
between content-based and collaborative approaches [2]. The former is applied
when a new item is inserted and the later when a new student is registered. We
rely on a matching process by similarity measures among vectors (label of Ss).
Particularly, we use the standard cousin measure, but defined it in a linguistic
context.

Quality Estimation. Following the method described to acquire the students’
preferences, we can count the number of times a resource is chosen to be shown
among the outstanding resources, as well as the number of times it has been cho-
sen over the rest. The displayed resources will vary over time, so that the system
records each time a resource is chosen and the number of times it is preferred to
other. Hence, we compute the quality of a resource i as the probability of this
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resource be preferred over other having been selected, that is ¢(i) = p;/s;, where
p; is the total number of times ¢ has been preferred over other and s; is the total
of times the resource ¢ has been selected.

Reranking. In order to obtain the final relevance degree of the resource i for
the student e, we aggregate its estimated relevance i(e) € S3 together with its
quality score ¢(4) € [0, 1]. We use a multiplicative aggregation operator due to its
simplicity and god performance. In all this process we apply the corresponding
transformation functions to adapt the intervals and label sets.

Feedback Phase. The generation of recommendations is completed with this
phase, whereby students supply their opinions about the recommendations
received from the system (label of Sy).

3.2 Tool to Help Students to Learn Recommendation Techniques

We also propose a web-hosted tool to support the learning, testing and improve-
ment around recommender systems. With this tool, students can work with
different recommendation schemas without having to deal with implementation
details. So, our tool speeds up the learning of recommendation approaches by
abstracting away the technicalities related to their implementation. At present,
we have implemented the following schemas: content-based, collaborative and
trust-based. The programming language was R and for the integration of the
schemas in the web platform we used Shiny'. At present, we have a trial version.
When the user logs in, following options are displayed:

— Recommendations estimation. The user can select the recommendation app-
roach of his choice as well as the data set for the training and testing (at
present we offer Epinions? [9] and MovieLens® data sets). After that, the com-
patibility of the selected data set and the recommendation schema is checked:
the MovieLens data set is just compatible with collaborative and content-base
schemas, while the Epinions data set is just suitable for the trust-based one.
At last, the user is offered the choice of showing a list of recommendations or
estimating the suitability of a resource for a particular student.

— Approach assessment. The user selects a recommendation approach, a data
set (given the restrictions we have mentioned above) and proceeds with the
parameterization of the selected schema. Under this step, the performance of
the recommender is assessed executing different experiments and providing
the MAE (Mean Absolute Error).

— Recommender systems related documentation. Under this menu point, we
gather all relevant information about recommender systems, including pre-
sentations, definitions, working examples, etc.

! http://shiny.rstudio.com/.
2 http://www.trustlet.org/wiki/Epinions.
3 http://grouplens.org/datasets /movielens,/ .
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3.3 System Evaluation

The Web tool has been validated with the pupils of the Economic Faculty in
University of Jaén.

Web Platform Evaluation. The goal is to perform a set of tests, to try to get
obtaining a system without errors, ensuring software quality. To achieve this we
conducted a series of tests known as black box. Through these tests we studied the
behavior of the trial version from the point of view of the inputs and outputs
without getting into details about how it internal workings. Therefore, black
box testing is especially suitable for those modules that will be user interface
(as in our case), to check that the functionality is desired. Each of the expected
responses of the system are called checkpoints.

Once all test cases have been designed, we perform every single tests to
check each of the existing checkpoints and so we were able to verify that all the
responses were in line with expected responses.

Recommendation Approaches Evaluation. We have developed online
experiment to test the accuracy of the system predicting the rating that stu-
dent would give to a recommended resource. To do that, we used a data set
with 200 pedagogical resources of different areas and 30 students. Later, 100 new
resources were added and recommended. The rating given by students over these
recommendations of the new resources were registered in the system. This rating
was compared with the estimated rating by the system, it allowed us to estimate
the Mean Absolute Error (MAE), which measures the mean absolute deviation
between a estimated value and the real value assigned by the student. In our
case, we obtained an average MAE of 0.69. To compare results, we repeated the
experiments but without taking into account the quality of resources, obtaining
an average MAE of 0.7/. The result implies that through the application of the
new approach, we get an improvement of 7 %.

4 Conclusions

The advances in Web technologies are promoting the development of new ped-
agogic models which improve the teaching-learning processes, aiding the infor-
mation broadcasting in an efficient and easy manner, and providing tools that
implement the collaborative learning. In this paper we have proposed a fuzzy
linguistic recommender system with a dual perspective: not only finding relevant
resources, but also imposing that the resource shall be valid from the standpoint
of the quality of items. This facilitates learners the access to e-learning resources
interesting for them. Suggesting didactic resources according to the learner’s
specific needs, a relevance-guided learning is encouraged, influencing directly
the teaching-learning process. Moreover, a computer-supported learning system
is presented to teach students the principles and concepts of recommender sys-
tems. We developed online tests and obtained satisfying experimental results.
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As future work, we consider to studying automatic techniques to establish
the internal representation of resources or users’ profiles, such as educational
data mining techniques.
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