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Abstract

We propose a recommender sys-
tem for the dissemination of knowl-
edge in a University Digital Li-
brary (UDL). The system incorpo-
rates a set of services that the dig-
ital library offers to the members
of its community for the dissemi-
nation and recommendation of own
indigenous knowledge generated by
the university members. The system
recommends both specialized and
complementary resources, and col-
laboration possibilities among uni-
versity membership to form multi-
disciplinar working groups. So, this
system increases the internal so-
cial collaboration possibilities in an
academic environment and it con-
tributes to improve the services pro-
vided by a UDL.

Keywords: Recommender systems,
university digital libraries, fuzzy lin-
guistic modeling.

1 Introduction

Digital libraries are information collections
that have associated services delivered to user
communities using a variety of technologies
[7]. As digital libraries become common-
place and as their contents and services be-
come more varied, the users expect more so-
phisticated services from their digital libraries
[4, 7,9, 26]. A service that is particularly im-
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portant is the selective dissemination of infor-
mation. In [23] is emphasized the importance
of the role of digital libraries in the preserva-
tion and dissemination of indigenous knowl-
edge. It will increase the visibility of the aca-
demic departments and research groups to the
campus communities as well as to the soci-
ety. Therefore, the dissemination of indige-
nous knowledge will allow the researchers to
meet other researchers with the aim to dis-
cover collaboration possibilities, and so, to
form multi-disciplinar working groups.

In this paper we present a fuzzy linguistic rec-
ommender system [11, 24, 27, 29] designed us-
ing a hybrid approach and assuming a multi-
granular Fuzzy Linguistic Modeling (FLM)
[1, 6, 12, 13, 14, 19, 31]. The system is ori-
ented to researchers and it recommends three
types of resources:

1. Resources of the user research area to
achieve the user specialization.

2. Other resources as complementary for-
mation.

3. The system recommends too partners or
research collaborators of the proper insti-
tution, in order to include researchers of
related areas that could be interesting to
discover collaboration possibilities and to
form multi-disciplinar groups.

In section 2 we introduce the preliminaries,
that is, the basis of recommender system and
FLM. Section 3 presents the design of the sys-
tem. Finally, we point out some concluding
remarks.



2 Preliminaries

2.1 Basis of recommender systems

Recommender systems help online users in the
effective identification of items suiting their
wishes, needs or preferences. They have the
effect of guiding the user in a personalized
way to relevant or useful objects in a large
space of possible options [2]. These appli-
cations improve the information access pro-
cesses for users not having a detailed product
domain knowledge. They are becoming a pop-
ular tool to reduce the information overload
and to improve the sales in e-commerce web

sites [3, 18, 22, 27].

In order to generate personalized recommen-
dations that are tailored to the user’s pref-
erences or needs, recommender systems must
collect personal preference information, such
as user’s history of purchase, items previously
interesting for the user, click-stream data,
demographic information, and so on. Two
different ways to obtain information about
user preferences are distinguished [11], im-
plicit and explicit approaches, although many
systems adopt a hybrid approach.

There are several approaches that have been
proposed to the implementation of recom-
mender applications [3, 8, 11, 27]. In this pa-
per we propose the use of a hybrid approach
to smooth out the disadvantages of each one
of them and to exploit their benefits; using a
hybrid strategy users are provided with rec-
ommendations more accurate than those of-
fered by each strategy individually [10].

The recommendation activity is followed by a
relevance feedback phase. It is a cyclic pro-
cess whereby the users feed back into the sys-
tem decisions on the relevance of retrieved
documents and the system uses these evalua-
tions to automatically update the user profiles
[11, 27].

2.2 Fuzzy linguistic modeling

There are situations in which the information
cannot be assessed precisely in a quantitative
form but may be in a qualitative one. The use

of Fuzzy Sets Theory has given very good re-
sults for modeling qualitative information [31]
and it has proven to be useful in many prob-
lems [13, 16, 17]. It is a tool based on the
concept of linguistic variable [31].

2.2.1 The 2-tuple fuzzy linguistic
approach

The 2-tuple FLM [14] is a continuous model
of representation of information. To define
it we have to establish the 2-tuple represen-
tation model and the 2-tuple computational
model to represent and aggregate the linguis-
tic information, respectively.

Let S = {so,...,84} be a linguistic term set
with odd cardinality, where the semantic of
the labels is given by means of triangular
membership functions and we consider all
terms distributed on a scale on which a to-
tal order is defined. If a symbolic method
aggregating linguistic information obtains a
value 8 € [0,¢], and 8 ¢ {0,...,g}, then 3
is represented by means of 2-tuples (s;, «;),
where s; represents the linguistic label, and
a; is a numerical value expressing the value
of the translation from the original result
to the closest index label, 7, in the linguis-
tic term set (s; € S). This model defines a
set of transformation functions between nu-
meric values and 2-tuples: A(8) = (s;, ) and
A1 (s;,0) = B € [0, 9] [14].

The computational model is defined by pre-
senting the Negation operator, Comparison
of 2-tuples and Aggregation operators. Us-
ing functions A and A~! any of the existing
aggregation operator can be easily extended
for dealing with linguistic 2-tuples [14].

2.2.2 The multi-granular fuzzy
linguistic modeling

According to the uncertainty degree that an
expert qualifying a phenomenon has on it, the
linguistic term set chosen to provide his know-
ledge will have more or less terms. When dif-
ferent experts have different uncertainty de-
grees on the phenomenon or when an expert
has to assess different concepts, then several
linguistic term sets with a different granu-



larity of uncertainty are necessary [15]. In
such situations, we need tools to manage of
multi-granular linguistic information. In [15]
a multi-granular 2-tuple FLM based on the
concept of linguistic hierarchy is proposed. A
Linguistic Hierarchy, LH, is a set of levels-
I(t,n(t)), where each level t is a linguistic term
set with different granularity n(¢) [15]. The
levels are ordered according to their granular-
ity. We can define a level from its predecessor
level as: I(t,n(t)) — I(t+1,2-n(t) —1). In
[15] was defined a family of transformation
functions between labels from different levels.
To define the computational model, we select
a level to make uniform the information and
then we can use the operators defined in the
2-tuple FLM.

3 A multi-disciplinar recommender
system to disseminate
indigenous knowledge in UDL

3.1 Information representation

To represent the resource scope we use the
vector model [20], where for each resource the
system stores a vector V R. To build this vec-
tor we follow a generic classification with 25
disciplines (see figure 1). In each position
the vector stores a 2-tuple representing the
importance degree for the resource scope of
the discipline in that position. To represent
the topics of interest we use the vector model
too [20]. To build this vector VU we follow
the same classification used in resource man-
agement. In each position the vector stores
a 2-tuple representing the importance degree
for the user of the discipline in that position.
When a new user is inserted, the first action
to confirm his/her register is to assess more
than 15 resources.

We use different label sets (S7, Sa,...) chosen
from a LH, to represent the different concepts
to be assessed. We distinguish three con-
cepts: Importance degree (S1) of a discipline
with respect to a resource scope or user prefer-
ences, Relevance degree (S2) of a resource for
a user, and Compatibility degree (S3) between

two users. Specifically we use two labels sets
selected of a LH of 3 levels (3, 5 and 9 labels),

Agriculture, animal breeding and fishing 0] Vegetal and animal biology and ecology
[ Biotechnology, molecular and cellular biology and genetics [ Food science and techonology
Materials science and techonology ] Earth science
[ Computers science and techonology
O Law 0] Economy
5] Pharmacol logy and pharmac y
7] Physics and space sciences
[JJ Civil engineering, transportations, construction and
larchitecture

Social science

[ Energy and combustibles
Philology and philosophy

] History and art

Industrial, mechanics, naval and aeronautic engineering | [ Mathematics

] Medi

and veterinary 0 Envi and
i [ Scientific policy

1] Chemistry and chemistry technology

Figure 1: Interface to define the disciplines.
with Sl = 55, SQ = Sg and 53 = Sg.

3.2 Recommendation strategy

The system uses a hybrid approach [3, 11, 21,
29] with a posterior phase in which a comple-
mentary recommendation is carried out. The
purpose of this complementary recommenda-
tion is to favor the interconnection between
researchers of related areas, but not exactly of
the same area [25]. To do this, it searches for
a medium value of similarity, applying a gaus-
sian function to the similarity value obtained
between the resource scope and the user top-
ics of interest or between two users.

To do the similarity calculations we use the
following linguistic measure:

2k=1(ln X ho)

o (V1, Vo) =

where g is the granularity of the used term
set, n is the number of terms used to define
the vectors (i.e. the number of disciplines),
hi = A7 v, apir) and (vig, uix) is the 2-
tuple linguistic value of term k in the resource
vector or in the user topics of interest vector
(V7).

When a new resource is inserted into the
system, o;(V;, V) is computed between the
new resource scope vector (V;) against all
the stored resources in the system (V;). If
01(Vi,V;) > a (linguistic threshold value),
the resource j is chosen. Next, the system
searches for the users which were satisfied
with these chosen resources (captured in the
feedback). To obtain the relevance of the re-
source 7 for a selected user x, the system ag-
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gregates (using the arithmetic mean defined
n [14]) the oy(V;, V;) with the recommenda-
tions previously provided by x about the sim-
ilar resources. To aggregate the information
we need to transform the value oy(V;, V;) in a
linguistic label in Sy, using the transformation
function defined in [15].

If the calculated relevance degree is greater
than a linguistic threshold pu, then, the system
will send to the selected users the resource as
specialized information. If not, the system es-
timates if the resource could be interesting as
a complementary recommendation. The sys-
tem calculates oy(V;, V,.) between the resource
i and the user x (for all users). Then, it ap-
plies a multi-disciplinar function to the value
01(Vi, V). This function must give greatest
weights to similarity middle values (near 0.5),
because values of total similarity contribute
with efficient recommendations but are prob-
ably known for the users. Same, null values
of similarity show a null relationship between
areas. To establish this function (see figure 2)
we use the centered OWA operators in which
the OWA weights are generated from a Gaus-
sian type function [30]. If the obtained multi-
disciplinar value is greater than a linguistic
threshold ~, the system recommends the re-
source as complementary knowledge. To ex-
press the multi-disciplinar value as a linguis-
tic label in S3, the transformation function
defined in [15] is used.

—_

0,5

Figure 2: Triangular function.

Last, the system extracts the authors of the
selected resources. The system calculates
01(Vz, Vo) between the user z and all the ex-
tracted authors. Then, a multi-disciplinar

function is applied to the value o;(V,,V,) to
give greatest weights to middle similarity val-
ues. To establish this function the system also
uses the centered OWA operators in which the
OWA weights are generated from a Gaussian
type function [30]. If the obtained value is
greater than a threshold A, the system consid-
ers that the two users could collaborate and
it recommends the collaboration. The sys-
tem expresses this multi-disciplinar value as
a complementary degree, that is, as a linguis-
tic label in S3.

Once completed this process, the system
sends to the selected users the recommen-
dations about the specialized resources and
their estimated relevance degree, or the com-
plementary resources and their estimated lin-
guistic complementary degree. The system
also sends the collaboration possibilities along
with the estimated complementary degree be-
tween the researchers.

In the following, we describe the process when
a new user is inserted. The first step is to
identify the users most similar to the new
user, using a similarity function. o;(V;,V})) is
calculated between the new user (V) against
all users in the system (V). If 0y(V,, V) >4,
the user y is chosen as near neighbor of .
Next, the system searches for the resources
which were satisfied for the neighbors of z
and it takes into account the user prefer-
ences (kind of resources) to consider the re-
source or not. To obtain the relevance of a re-
source 1 for the user z, the system aggregates
the 0;(Vz, V) with the assessments previously
provided about ¢ by the nearest neighbors of
x. If the calculated relevance degree is greater
than the linguistic threshold p, then the sys-
tem recommends to the new user the resource
information and its calculated linguistic rele-
vance degree (label of S3).

The recommendation activity is followed by a
relevance feedback phase in which the users
feed back into the system decisions on the
relevance of retrieved documents. The sys-
tem uses these evaluations to automatically
update the user profiles using them as we has
commented when a new resource is inserted
[11, 27].



3.3 System evaluation

To prove the system functionality, we have im-
plemented a trial version. We have designed
experiments in which the system is used to
recommend research resources that best sat-
isfy the preferences of 10 users. We calculate
the precision, recall and F1, which are mea-
sures widely used to evaluate the quality of
the recommendations [25, 28]. The average of
precision, recall and F1 metrics are 62,35%,
69,25% and 64,65% respectively, improving
the measures obtained with the previous pro-
posal [25]. These values reveal a good perfor-
mance of the proposed system and therefore
a great satisfaction by the users.
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