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Resumen—In the recent times the amount of information
coming overwhelms us, and because of it we have serious
problems to access to relevant information, that is, we suffer
information overload problems. Recommender systems have
been applied successfully to avoid the information overload
in different scopes, but the number of electronic resources
daily generated keeps growing and the problem still remain.
Therefore, we find a persistent problem of information over-
load. In this paper we propose an improved recommender
system to avoid the persistent information overload found in a
University Digital Library. The idea is to include a memory to
remember selected resources but not recommended to the user,
and in such a way, the system could incorporate them in future
recommendations to complete the set of filtered resources, for
example, if there are a few resources to be recommended or if
the user wishes output obtained by combination of resources
selected in different recommendation rounds.

Keywords-Recommender systems, university digital libraries,
fuzzy linguistic modeling.

I. INTRODUCTION

Most of the information that come to us daily, is spam.

However, we also receive some useful information. But with

so much information, we may misunderstand the relevance

of some of it, and we can loose important information. In this

sense, the problem of information overload is well known

for all of us [1]. It could be defined as the inability to extract

relevant knowledge from a large amount of information. This

could lead to the situation of having more relevant informa-

tion that we can assimilate or some irrelevant information

among the rest [2].

This problem appears specially in the environment of

digital libraries where the information is generated much

faster than the users can process it. University Digital

Libraries (UDL) provide information resources and servi-

ces to students, faculty and staff in an environment that

supports learning, teaching and research [3]. A service that

is particularly important is the selective dissemination of

information or filtering [4]. Users develop interest profiles

and as new materials are added to the collection, they are

compared to the profiles and the UDL alerts the users with

relevant items. Because of information overload problem,

when the users of a UDL try to receive useful information,

they often obtain irrelevant information. With this increase

in the amount of information, users need easier access to

obtain the appropriate one.

In order to reduce information overload, there is a very

widespread solution, the use of recommender systems [5],

[6]. The aims of recommender system is to evaluate and filter

all the available information and help users in a personalized

way to access it. To achieve a personalized access to

information, users’s preferences are used to define the users’s

profile. These profiles are applied as filter over the document

flow. From a theoretical point of view, recommender systems

have fallen into two main categories [5], [6], [7], although

in the literature we can find other classifications:

1. Content-based recommender systems recommend in-

formation items to a user by means of a process

based on the content of the information item and the

user’s past experience dealing with similar items, and

therefore, ignoring data from other users.

2. Collaborative recommender systems recommend infor-

mation items to a user by means of a process based on

the user’s social environment and ignoring the content

of item, that is, the recommendations to a user are

based on other user recommendations with similar user

profiles.

In a UDL the collaborative filtering approach is very

useful because it allows users to share their experiences

[8], but at the beginning, there is not enough ratings and

a content-based filter are needed.

Specifically, we have applied successfully recommender

systems to UDL to disseminate relevant information in the

systems previously proposed in [9], [10]. However, despite

that the use of these techniques to avoid the information

overload problem was successful, the number of electronic

resources daily generated follows growing continuously and

the problem appears again. Therefore, we find a persistent

problem of information overload.

In this paper we propose an improved recommender
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system based in memory to avoid the persistent information

overload found in those systems proposed in [9], [10]. We

define this recommender system in a multi-granular fuzzy

linguistic context [11], [12], [13], [14]. It works according

to the recommendation approach defined in [10], but in

this case, it presents a memory to remember selected items

but not recommended previously, and in such a way, the

system could incorporate them in future recommendations to

complete the set of recommendations. This may take place,

for example, if there are a few items to be recommended or

if the user wishes outputs obtained by combination of items

selected in different recommendation rounds. To do so, we

ask users to express restrictions on the quantity of items to

receive in each recommendation round and about the novelty

of such items. As in [9], [10] the recommender system is

able to recommend both research resources and collaboration

possibilities to aid UDL users to meet other researchers

of related areas which could be potential collaborators in

research projects.

The paper is structured as follows. Section 2 presents

the background necessary. In Section 3 the new improved

recommender system based in memory is presented. Finally,

some conclusions are drawn in Section 4.

II. BACKGROUND

II-A. Basics of Recommender Systems

Recommender systems could be defined as systems that

produce individualized recommendations as output or has

the effect of guiding the user in a personalized way to useful

tasks in a large space of possible options [15]. They are

becoming popular tools for choosing between relevant or

irrelevant information, helping users in a personalized way

[6]. Due to its usefulness, is commonly used in many fields

in order to decrease the overload information that we are

facing today. For instance they are applied in sales in e-

commerce Web sites [16], [17], in tastes in music or film

Web sites[18], [19], [20], or in university environments [9],

[10].

Many techniques have been proposed for the generation of

recommendations [5], [6], [7], as the content-based approach

or the collaborative one. In this paper we propose the use

of a hybrid approach to smooth out the disadvantages of

each one of them and to exploit their benefits. In these kind

of systems, the usersínformation preferences can be used to

define user profiles that are applied as filters to streams of

documents. The construction of accurate profiles is a key

task and the system’s success will depend on a large extent

on the ability of the learned profiles to represent the user’s

preferences [21].

The recommendation activity is followed by a relevance

feedback phase. Relevance feedback is a cyclic process

whereby the users provide the system their satisfaction

evaluations with recommended items and the system uses

these evaluations to automatically update the user profiles

in order to generate new recommendations [5], [6].

II-B. The 2-tuple fuzzy linguistic approach

The fuzzy linguistic modeling (FLM) is a tool based on

the concept of linguistic variable [22], [23] which has given

very good results for modeling qualitative information in

many problems in which quantitative information can not

be assessed precisely [24], [25], [26].

The 2-tuple FLM [27] is a continuous model of re-

presentation of information that allows to reduce the loss

of information typical of other fuzzy linguistic approaches

(classical and ordinal, see [22]).

Let S = {s0, ..., sg} be a linguistic term set with odd

cardinality. We assume that the semantics of labels is given

by means of triangular membership functions 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 linguistic information obtains a value β ∈ [0, g],
and β /∈ {0, ..., g},. β is represented by means of 2-tuples

(si, αi), where si ∈ S represents the linguistic label of the

information, and αi is a numerical value expressing the value

of the translation from the original result β to the closest

index label, i, in the linguistic term set (si ∈ S).

This model defines a set of transformation functions

between numeric values and 2-tuples Δ(β) = (si, α) and

Δ−1(si, α) = β ∈ [0, g] [27].

In order to establish the computational model a nega-

tion, comparison and aggregation operators are defined.

Using functions Δ and Δ−1 that transform, without loss

of information, numerical values into linguistic 2-tuples and

viceversa, any of the existing aggregation operators can be

easily extended for dealing with linguistic 2-tuples [27].

In any fuzzy linguistic approach, an important parameter

to determine is the “granularity of uncertainty”, i.e., the car-

dinality of the linguistic term set S. When different experts

have different uncertainty degrees on the phenomenon or

when an expert has to assess different concepts, then several

linguistic term sets with a different granularity of uncertainty

are necessary [12]. In [12] a multi-granular 2-tuple FLM

based on the concept of linguistic hierarchy is proposed.

A Linguistic Hierarchy, LH, is a set of levels l(t,n(t)),

where each level t is a linguistic term set with different gra-

nularity n(t) from the remaining of levels of the hierarchy.

The levels are ordered according to their granularity, i.e., a

level t + 1 provides a linguistic refinement of the previous

level t. We can define a level from its predecessor level as:

l(t, n(t)) → l(t+ 1, 2 · n(t)− 1).

In [12] a family of transformation functions between

labels from different levels was introduced. This family of

transformation functions is bijective. This result guarantees

that the transformations between levels of a linguistic hie-

rarchy are carried out without loss of information.
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II-C. Incomplete fuzzy preference relations

A fuzzy preference relation P on a set of alternatives

X = {x1, .., xn} is a fuzzy set on the product set X×X , i.e.,

it is characterized by a membership function μP :X×X −→
[0, 1].

When cardinality of X is small, the preference relation

may be conveniently represented by the n × n matrix

P = (pij), being pij = μP (xi, xj) (∀i, j ∈ {1, . . . , n})
interpreted as the preference degree or intensity of the al-

ternative xi over xj , where pij = 1/2 indicates indifference

between xi and xj , pij = 1 indicates that xi is absolutely

preferred to xj and pij > 1/2 indicates that xi is preferred

to xj .

However, as we have mentioned, our system integrates the

multi-granular FLM based on 2-tuples, so we must define a

linguistic preference relation as follows.

Let X = {x1, .., xn} be a set of alternatives and

S a linguistic term set. A linguistic preference relation

P = pij(∀i, j ∈ {1, . . . , n}) on X , which is defined as

μP : X ×X −→ S × [0,5, 0,5) where pij = μP (xi, xj) is

a 2-tuple which denotes the preference degree of alternative

xi regarding to xj .

As aforementioned, in many real world Group Decision

Making (GDM) problems the experts are often not able to

provide all the preference values that are required. In order to

model these situations, we use incomplete fuzzy preference

relations [28], [29].

A function f :X −→ Y is partial when not every element

in the set X necessarily maps onto an element in the set Y .

When every element from the set X maps onto one element

of the set Y , then we have a total function.

A two-tuple fuzzy linguistic preference relation P on a

set of alternatives X with a partial membership function is

an incomplete two-tuple fuzzy linguistic preference relation.

III. AN IMPROVED RECOMMENDER SYSTEM BASED IN

MEMORY

In this section, we present our proposal consisting of

adding a second selection over the resources selected in

a previous recommendation process. The system allows

to avoid the persistent information overload continuously

presented in a University Digital Library (UDL). This new

selection is done taking into account the restriction defined

by the users on the amount of resources they want to receive

and the newness of these resources.

Usually the amount of resources that might be recom-

mended by the system is greater than the amount of re-

sources that users want to receive. The idea is to keep all

these resources considered relevant by the system but not

recommended to the users, for some restriction imposed

by themselves. These resources might be remembered after,

in later recommendation rounds. For example, when the

amount of recommended resources at a given moment is

not enough to satisfy the users’restrictions.

Users
Resources

Resource
representations

VRi

Acquiring user's
preferences

Incomplete
preference
relation P

Computing
missing

information

P* Aggregation VUx

Recommendations

Recommendation
process

Restrictions

Collaboration
preferences

Feedback

Figure 1. Operating scheme

Moreover, the system recommends collaboration possibi-

lities to meet other researchers of related areas which could

collaborate with them in projects or interest works. In such

a way, this new recommender system improves the services

that a UDL provides to the users, because it allows them

to express some restrictions about the resources they want

to receive and it is easier to obtain the knowledge about

the users. It allows the system to decrease the time cost to

establish the user profiles.

The recommender system follows an hybrid approach,

based on the multi-granular fuzzy linguistic approach pre-

sented in Section II-B. So, in order to allow a higher

flexibility in the communication processes between users

and the recommender system, we use different label sets

(S1, S2, ...) to represent the different concepts to be assessed

in its filtering activity. These label sets are chosen from those

label sets that compose a LH . We should point out that the

number of different label sets that we can use is limited by

the number of levels of LH , and therefore, in many cases

the label sets Si and Sj can be associated to a same label

set of LH but with different interpretations depending on

the concept to be modeled. We consider five concepts that

can be assessed in the activity of this recommender system:

Importance degree of a discipline with respect to a

resource scope or user preferences (S1).

Relevance degree of a resource for a user (S2).

Compatibility degree between two users (S3).

Preference degree of a resource regarding another one

(S4).

Qualitative number of resources. The users can spe-

cify a label indicating a rough value about the number

of resources the want to receive (S5).

Particularly we use labels selected from a LH with 3

levels, with 3, 5 and 9 labels, let S1 = S5, S2 = S9, S3 =
S9, S4 = S5, S5 = S3. The recommendation process is

shown in Figure 1.

III-A. Resources representation

At this step, system obtains an internal representation

of resources (papers in journals, conferences contributions,
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contributions to book chapters, books or edited books and so

on) mainly based on the resource scope. We use the vector

model to represent the resource scope and a classification

composed by 25 disciplines, including all the scopes. So, a

research resource i is represented as

V Ri = (V Ri1, V Ri2, ..., V Ri25),

where each component V Rij ∈ S1 is a linguistic assessment

that represents the importance degree of the discipline j
with regard to the scope of i. These importance degrees are

assigned by the library staff when they add a new resources.

III-B. User profiles

Users’s profile are composed by restrictions about recom-

mendations that users want to receive, preference on topic

of interest and preference on collaboration with other users.

Users’s can specify two kinds of restrictions about their

preferences on the recommendations they want to receive:

1. The number of recommended items that they want

to receive. The system allows specify this number in

two manners: quantitative, indicating an exact number

or qualitative, by indicating an approximate value

through a linguistic label of S5. If the amount of

resources is bigger than the desires resources N , the

system recommends the N most relevant resources

and the rest are remembered for subsequent rounds

of recommendation.

2. Restrictions which indicate the kind of the resources

that they want to receive. There are users who only

want to receive recommendations about resources have

just inserted into the system. But, also there are users

who don’t matter to receive recommendations about

resources previously inserted in the system, but still

with validity. Moreover, this resources could be more

interesting than the new ones.

Preferences about topics of interest are acquired fo-

llowing the method described in [10]. The system shows

a selection of the 5 most representative resources and the

users specify their preferences on resources by an incom-

plete fuzzy linguistic preferences relation. The users assign

labels of S4, so that each preference value pij represents

the linguistic preference degree of the resource i over the

resource j. In this way, it represents the simplest case that

provide a relation of one row of preferences values. Then the

system completes the preference relation using the method

proposed in [29]. Once completed, it aggregates vectors that

represent each resources weighted by preference degrees.

Thus, it obtains a vector V Ux with 25 position representing

preferences about topic of interest from the user x.

In order to complete the user profile, the system asks

every user to express his/her collaboration preferences, i.e.

if he/she wants to receive recommendations on collaboration

possibilities with other users. This could help users to deve-

lop multi-disciplinary studies or participate in collaborative

research projects. They should respond to this question with

“Yes” or “No”.

III-C. Memory based recommendation strategy

III-C1. Phase 1. Recommendations generation process:

In this phase the system generates the recommendations

based on a matching process developed between user profiles

and resource representations [5]. To do that, we use the

standard cosine measure adapted in a 2-tuple linguistic

context. Given two vectors of 2-tuple linguistic values V1

and V2, the linguistic similarity is defined as:

σl(V1, V2) = Δ(g ×

∑n

k=1
(h1 × h2)√∑n

k=1
(h1)2 ×

√∑n

k=1
(h2)2

) (1)

where g is the granularity of S1, n is the number of terms

used to define vectors, hi = Δ−1(vik, αvik) and (vik, αvik)
is the 2-tuple linguistic value of term k in the vector(Vi).

The result is a label from S1.

When a new resource i is inserted into the system, we

calculate the linguistic similarity measures, σl(V Ri, V Uj),
between the representation vector of this new resource and

all the user preference vectors. If σl(V Ri, V Uj) is greater

than the threshold value defined by the user, j is selected

to receive recommendations about resource i. To obtain the

relevance degree, a label from S2, the system applies the

transformation function defined in [12].

The collaboration preferences provided by the users are

used to classify the selected users in two sets, collaborators

UC and non-collaborators UN . For each pair of users x, y ∈
UC are estimated the collaboration possibilities, calculating

σl(V Ux, V Uy) and transforming the result to a label from

S3.

III-C2. Phase 2. Second filtering: In the phase 1, the

system has selected a number of resources NRSu to be

recommended to the user U . In this phase the system applies

a second filter to the selection taking into account the

user’s U restrictions. The number of resources desired by

U , RECu, can be a quantitative amount or a qualitative

one. The idea is similar, but in the second case we must

work with fuzzy values. So, we compare fuzzy values using

the comparison operator defined in [27].

If NRSu < RECu, it means that there aren’t enough

resources to satisfy the amount of recommended resources

specified by the user. So, the system remembers the items

previously selected but not recommended and now could be

recommended. The system then repeats the recommendation

process detailed in phase 1, but now incorporating these

remembered resources.

If the amount of selected resources is enough, NRSu ≥
RECu, the system checks the user’s restrictions about if

he want only new resources or if he is also interested in

previous resources but still with validity, which could be

most interesting than a new resource. If U wants both kinds
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Figure 2. Snapshot of the system

of resources, the system repeats the recommendation process

of the phase 1, but now incorporating these remembered

resources.

Finally, the system sends to the users of UN the re-

source information and its calculated linguistic relevance

degree. For the users of UC the system sends the resource

information, its calculated linguistic relevance degree and

the collaboration possibilities characterized by its linguistic

compatibility degrees.

Then take place the feedback phase, when users analyze

all the resources and collaborations recommended. The

system asks for a evaluation of the relevance of these

recommendation and then it updates the users profile for

future recommendations.

III-D. System evaluation

At present we have implemented a trial version, in which

the system works only with a few users. To evaluate

the quality of the recommendations, we compared the re-

commendations made by the system with the information

provided by the library staff. When the users receive a

recommendation, they provide a feedback to the system

assessing the recommendation relevance. If they are satisfied

with the recommendation, they provide a higher value.

Figure 2 shows a snapshot of the implemented system.

We considered a data set with 30 research resources

of different areas. These resources were included into the

system following the indications described in section III-A.

Initially we limited these experiments to 10 users; all of them

completed the registration process and they inserted their

preferences about the five most relevant resources presented

by the system and limitations about the number of resources

they want to receive. From this information provided by the

users, the system builds the user profiles. These user profiles

obtained from the provided preferences and the resources

previously inserted, constituted our training data set. Then,

we added 40 new resources that constituted the test data set.

The system filtered these resources and recommended each

one to the suitable users. To obtain data to compare, the 40

new resources also were recommended using the advices of

the library staff.

With this information, we calculate the precision, recall

and F1, widely used in the evaluation of recommender

system [17]. The averages for the precision, recall and

F1 is 68.06 %, 67.13 % and 67.95 %, respectively, impro-

ving results obtained with the system proposed in [10]

(67.50 %,61.39 %,63.51 % respectively).

IV. CONCLUDING REMARKS

Digital libraries can serve as powerful tools for univer-

sities to reach out and expand their sphere of influence in

the society, but continuously we are bombarded with a lot

of information, and we face information overload problems.

Recommender systems have been applied successfully to

assist users in their process of information access. However

the number of electronic resources managed by the UDL

staff continuously spread and the problem appears again.

Therefore, we find the persistent problem of information

overload. In this paper we have proposed an improved

recommender system which uses a memory to avoid the

information overload found in previous systems [10], [9].

The proposal is to use previous selected items to make a

new selection. This selection is made taking into account

the restrictions defined by the users, about the amount of

resources that they want to receive and about the novelty

of these resources. The experimental results reveal us a

satisfactory performance of this new recommender system.

As future work, we consider automatize the resources

representation, so library staff do not have to insert manually

the degrees for each disciplines and the inclusion of the trust

network between the users to help with the collaboration

recommendations.
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