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a b s t r a c t
In the last ten years, social networks have had a great inﬂuence on people’s lifestyles and
have changed, above all, the way users communicate and relate. This is why, one of the
main lines of research in the ﬁeld of social networks focuses on ﬁnding and analyzing
possible connections between users. These developments allow users to expand on their
network of contacts without having to search among the total set of users. However, there
are many types of social networks which attract users with speciﬁc needs, these needs
inﬂuence on the type of contacts users are looking for. Our article proposes a relationship
recommender system for a business and employment-oriented social network. The presented system functions by extracting relevant information from the social network which
it then uses to adequately recommend new contacts and job offers to users. The recommender system uses information gathered from job offer descriptions, user proﬁles and
users’ actions. Then, different metrics are applied in order to discover new ties that are
likely to convert into relationships.
© 2017 Elsevier Inc. All rights reserved.

1. Introduction
Two decades ago, the geographical distance between people was the parameter that had the most inﬂuence on our
lives; it determined who we related with. We established contacts with people that lived close by, such as neighbors and
colleagues. However, this traditional way of establishing contacts changed with the appearance of new technologies and
more speciﬁcally with rapid advances in social networks. Twitter, Instagram, Google+ and especially Facebook, have changed
the way contacts are established and how friends are made.
Among different approaches, the one presented in [46] determines which contacts should be suggested to social network
users, by evaluating the level of aﬃnity between their proﬁles.
Social networks have become more than just a means of communicating and sharing with friends. They have evolved
to include the professional environment, expanding the users’ work opportunities and possibilities. Social networks such as
LinkedIn, Monster or XING, specialize in establishing professional links between users.
The research presented in this paper, focuses on a relationship recommendation system for a business and employmentrelated social network called beBee [4]. On beBee, companies and users share content, and users search for and apply to
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the published job offers. Therefore, in the case of this social network, our recommender system will not only serve for
connecting similar user proﬁles but also for providing work related suggestions to users and companies.
For this purpose, we identiﬁed different factors that could be extracted from the information provided by users, and we
analyzed the information found in the published job offers. One of the challenges that we had to address was the extraction
of information, since the required information is often not available or it is not properly structured. Thus, it was necessary
to apply text mining and information extraction techniques in order to evaluate possible ties between users as well as users
and job offers.
These techniques ensure that the job offers recommended to users, correspond to the information provided in their
proﬁle; they possess the skills required by the offer, they have been previously interested in similar offers, etc. However, the
use of these techniques does not guarantee that the offer suggested by the system, satisﬁes all user expectations.
To provide accurate suggestions, it is important to analyze the reasons for which a particular user could reject or accept
a suggestion. To do such an analysis, it is necessary to employ techniques such as case-based reasoning (CBR), which allows
to feedback the system with information on previous cases. CBR is a problem solving methodology and its use in this project
is essential since it will allow the recommender system to learn and improve over time by re-using similar past experiences
which are stored in cases [30].
To evaluate the proposed system it has been divided into two parts: user-user relationships and user-job offer relationships. Different subsets of real and active users, as well as recently published job offers, have been selected to gather
information for this evaluation. The results obtained in this evaluation are satisfactory.
The rest of the article is structured as follows: in the background Section 2, we make an analysis of the previously
proposed relationship recommendation techniques for users in other environments. We also examined different information extraction and classiﬁcation techniques for unstructured texts. In Section 3, the proposed system is described and in
Section 4 the results of its evaluation are presented. Finally, conclusions are drawn on the performance of the proposed
system and future work is discussed in Section 5.
2. Background
Three main technologies have been used in this work: Recommender Systems (RSs); their mechanism determines possible relationships between users and provides the system with suggestions. The use of text mining is crucial for the extraction
of the different factors that can be contained in an untagged or tagged text, these factors are necessary for detecting aﬃnity.
The third essential technology are Virtual Organizations (VOs) of agents which allow the system to obtain the best solution;
their modular basis provides the system with great independence when applying all these methodologies.
The rest of this section describes the role of these three technologies in similar studies found in the literature.
2.1. Recommender systems
The overwhelming amount of information on the Internet has made RSs a very important tool for those who provide information, as well as those who receive it; the users. RSs consider users’ personal preferences, guiding them in a large space
of possible options, to those items that they may ﬁnd interesting or useful [10]. The implementation of RSs on the Internet
has increased and with it, their application in different areas [35]. Among others, RSs have been deployed in contexts such
as e-Commerce sites [44,45], online and mobile advertising [9], real time broadcasting [36], general and speciﬁc rating sites
[2] and social networks [32,34]. Due to the large number of contexts, many different methodologies have been proposed.
In the context of the present work, we will focus speciﬁcally on social RSs. The popularity of social media sites causes
an immense production of content, and users have to be helped to view or access the information they are interested in.
Thus, social RSs aim to reduce the information overload for social site users. In addition, the ability to ﬁnd the content we
are looking for easily can encourage users to keep using the network, which means that recommendation technologies can
play an important role in the success of social networks and the social web as a whole, assuring that each user is provided
with content that they personally ﬁnd interesting and attractive.
Therefore, this type of RSs use techniques that adapt to the needs and interests of individual users or groups [26] recommending content to [43] other users [46] or other groups [11].
Collaborative ﬁltering is an approach used in social RSs [22]. This technique keeps track of users’ likes and dislikes on the
basis of their Internet history and it is usually used with other ﬁltering techniques like content or social knowledge-based
techniques [6].
Knowledge-based techniques are able to feedback the system and provide each user with better solutions. An example of
knowledge-based technique is case based reasoning, which can be used in recommendation systems to exploit user histories,
[8]. CBR systems rely on the knowledge they obtained from previous cases, when analyzing and ﬁnding solutions to a new
problem. They do this by using algorithms to search, retrieve, compare and adapt a problem to a similar situation from the
past. A case is deﬁned as a past experience and is composed of: the description of the problem, the solution and the result
[18].
Moreover, the evolution of RSs has shown the importance of using hybrid techniques [10]. In addition to knowledgebased techniques, using content-based techniques is really useful. Determining context information is an important factor
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in RSs, if potentially useful information is not considered, the prediction may lose its precision. In [2], authors present a
classiﬁcation of the RS depending on how the contextual factors and the RSs’ knowledge of them, changes over time.
What a RS knows about contextual factors can be: (i) Fully observable, when the factors are relevant to the application,
and their structure and values are known explicitly. (ii) Partially observable, when only some of the information about
contextual factors is known explicitly. In addition, their structure can also be unknown. (iii) Unobservable, if there is no
explicit information about contextual factors. Depending on how contextual factors change, RSs can also be structured into
two types: (i) Static, when the relevant contextual factors and their structure remain the same over time. (ii) Dynamic, when
those relevant contextual factors or their structure can be modiﬁed.
In the present work partial and dynamic context knowledge is used. Partial because some factors can be explicitly unknown and dynamic since the structure of contextual factors can vary depending on how users and companies provide
those factors in their proﬁles and job offers.
Thus, determining factors that possibly inﬂuence different relationships is very important. The factors that are found in
unstructured texts also have to be extracted and analyzed. The following sections outline a variety of methodologies used
for the extraction of information.
2.2. Text mining
Nowadays, we can ﬁnd numerous sources of information such as websites, blogs or social networks, where users constantly share opinions, news or other kind of up-to-date information. Clearly, this massive amount of data coming from so
many sources, should be processed in order to obtain from it as much knowledge as possible. Unlike data mining techniques,
where information is extracted from structured databases, the goal of text mining techniques is to extract information from
unstructured textual data. Usually, algorithms based on natural language processing are used together with text mining tools
to improve ﬁnal results [39].
The knowledge extraction process in collections of unstructured text, always works following similar steps, which can
vary slightly depending on the aim. The ﬁrst step of almost all techniques is preprocessing the document. Some of these
preprocessing tasks are noise reduction and stemming. Noise reduction involves the elimination of stop words, white spaces,
headers, footers, etc. which are not required for text analysis, meanwhile stemming is a process in which preﬁxes and
suﬃxes are removed, leaving us just with the root of the word.
After this preprocessing step, text mining takes place, it can be done using various techniques, such as the ones outlined
below:
A commonly used technique is the cleaning and parsing of input data in order to identify trends in the text document
and label the dominant words and phrases [33]. Similarly, in [17] a term extraction is performed on the words that had
been extracted previously and labeled as common. This technique gives us the option of eliminating meaningless words.
However, more recent techniques have also been used. They try to ﬁnd links between words by performing association
mining tasks after the term extraction process [21]. Moreover, frequent terms extraction is not the only main approach,
clustering techniques are also used to label documents according to their dominant words; ordering the documents into
hierarchical structures for browsing [3].
In the context of this work, text mining techniques will be used for the extraction of relevant information from job offers
and from the text content and links shared by users. Carrying out the categorization process is the ﬁnal step, it is done to
sort all the similar documents, this will enable us to determine aﬃnity among users. Based on the content and proﬁles of
users, new relationships will be recommended to those with similar interests.
2.3. Virtual organizations
VOs of agents offer the system the possibility of developing ﬂexible core software, with great independence and modularity in the application of recommendation methodologies to provide the best solution. By applying the concept of organization to computer systems, and in particular, to the Multi-agent System (MAS), a MAS can be described as a group of
agents that are coordinated through (i) A series of standards and (ii) the establishment of several roles to achieve system
objectives. This is very suitable in systems such as the one presented in this article, where there is a direct relationship
between the users and the organization of entities that make up the social network, for this reason they can be identiﬁed
directly in a similar software structure.
Structurally a VO is considered to be a set of entities whose association is established through relationships of inheritance and aggregation, and it is on this structure where a series of social relationships and workﬂows are deﬁned [37]. The
organization structure is applied to agents in groups, which may be formed by agents, roles, resources and applications,
whose allocation results in an organizational purpose that facilitates their coordination.
Virtual organizations are structured to resemble human organizations. In a previous work, [41] open MAS, speciﬁcally
those including organizational aspects such as VO of agents have been studied and analyzed. There are a lot of different
platforms [1,5,7,23,38,40,42], that allow to create MAS. These platforms greatly facilitate the task of working with agents.
However, in terms of platforms that allow for the creation of a VO, the number is drastically reduced; it is in fact diﬃcult to ﬁnd a single platform that covers all the requirements that a VO requires, such as reorganization and adaptation
facilities, norm compliance, different organizational topologies, services and role management. For example, S-MOISE+ is an
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organizational middleware that follows the MOISE+ model [28]. J-Moise+ [25] is very similar to S-Moise+ regarding the
overall system concepts. AMELI is another middleware that can work with electronic institutions (similar to VO) [16]. One
of the most complete and recent platforms that have been found in the literature review is Janus [19]. This platform was
speciﬁcally designed to deal with the implementation and deployment of holonic and multi-agent systems (HMAS) [20]. To
summarize, when dealing with all aspects of complex systems, such as MAS and VO, it is necessary to manage multiple
levels of abstractions and openness, which is not the case of most solutions [13]. Moreover, although agent frameworks and
platforms have similarities, there are subtle differences too. Each platform uses different models and syntax and provides
different libraries. In our case [41], we have tried to use standards whose robustness has already been demonstrated and
which are known within the research community, making the implementation of the system easier and highly reliable. A
service oriented platform that allows for the implementation of an open MAS is used [41] to take maximum advantage of
the distribution of resources. To this end, all services are implemented as Web Services. Due to its service orientation, different tools modeled with agents that consume Web services can be integrated and operated from the platform, regardless
of their physical location or implementation.
Distributed MAS have become very sophisticated in the last years [14,48], with a rising potential to handle large volumes of data and coordinate the operations of many organizations. MAS offer a general computing paradigm for solving diﬃcult computational problems as well as for characterizing complex systems based on concepts such as autonomy,
self-aggregation, self-organization and emergent behavior. Due to its characteristics, MAS are especially suitable for solving
large-scale and distributed problems such as social network presented in this research. Looking into the current researches
background, it is possible to observe that MAS are been widely used to model and solve complex real-world problems in
text mining and recommender systems in social networks. New methods have been proposed and applied to different areas
including social network analysis, gene network analysis or web clustering. Most of the existing methods for mining communities are centralized, although in studies such as [24,47]. In this case, a group of autonomous agents work together to
mine a network through a proposed self-aggregation and self-organization mechanism. In [27] a new model is presented
for ﬁnding inﬂuential agent groups based on group centrality analyses in citation networks. The authors present a model
for ﬁnding inﬂuential agent groups in multi-agent software systems considering that the impact of an agent is mainly characterized by its citation relations (a group’s impact is determined by both direct and indirect citations). Another example
is presented in [15], a novel distributed model for HMAS. The proposed model assumes an interaction network among the
agents of a MAS. This decentralized and local-info-based nature of the suggested model makes it an appropriate approach
for large-scale open MAS. The outcomes of this work can be used in a wide range of distributed applications.
There is a notable trend in ﬁlling the gap between social network analysis and control. This trend was triggered by the
advancements in complex networks theory and MAS, the inclusion of new mathematical models describing dynamics of
social groups, and the development of new computational tools for relevant information analysis.
Control of collective behavior is one of the most desirable goals in many applications related to social network analysis
and mining. This work also intends to go a step further in this regard, by integrating a comprehensive recommender system
into a social based agent architecture for the extraction and analysis of relevant information. The system was implemented
in an agent framework that was subsequently used to extract the behavior of users in a social network.
3. Proposed system
This section describes the process that is carried out before a relationship is recommended (or not) to a user. To provide
a recommendation, the system must detect a tie between two users or between a user and a job offer. According to the
social tie proposals [31], which are based on mathematical sociology, ties can be classiﬁed into three types:
• Strong ties: these ties represent a formal and direct link. On the social network, a strong tie represents an existing and
direct relationship between users or a user and a job offer.
• Weak ties: these are the most common ties on social networks. They are created when there is a link between two
entities (user-user or user-job offer) that is not strong, but there are some elements connect users or a user and a job
offer within the system.
• Absent ties: ties between objects that do not substantiate any true link, these are not considered by the system.
In such way, the system searches for weak ties and evaluates them, recommending suitable relationships to users. Once
a user accepts a recommendation, a weak tie converts into a strong tie.
In addition, we should specify that these links are not bidirectional, they are unidirectional. Therefore, the system can
suggest a relationship to only one of the users, since the aﬃnity is calculated in such a way that it adapts to the proﬁle of
each user individually and automatically. In the job offer RS, particular job offers are recommended to compatible users.
The rest of this section addresses the ﬁndings and evaluations made in the four categories: (i) VOs of agents; (ii) extraction of relevant information from unstructured texts; (iii) user-user relationships; (iv) user-job offer relationships.
3.1. Virtual organizations
By using VO, the system can be structured as a group of agents which are coordinated through the integrated platform
[41]. VO structures are very suitable for social networking systems, such as the one presented in this work. Since there is
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Fig. 1. VO architecture diagram.

a direct relationship between users and the organization of entities, the structure of the agent system can be determined
directly on the basis of the social network structure.
The agents that form part of the organization, are deployed in several specialized sub-organizations. Each of the agents
offers services (an interaction service) modeled as Web Services. The platform agents are implemented with Java to enable
their interaction with the social network. Fig. 1 illustrates the VO architecture. The sub-organizations and agents are:
• Interaction_VO: beBee offers its users the possibility of joining hives, which are communities of users who share same interests or the same professional sector. To control this particular feature, the system has been implemented on the same
terms; it has different sub-organizations in which several User _agent type agents interact with each other. A User _agent
is considered to be the interface between the user, the social network and the recommendation functionalities. This
agent is in charge of generating and updating the user proﬁle.
• Information_VO: Is in charge of doing the search and treatment of content in the network. It consists of two main entities:
User _in f ormation_agent and Job_in f ormation_agent. Both agents are responsible for managing all types of content on the
network (offers, jobs, interests, etc.). The Job_in f ormation_agent will be responsible for collecting information about a job
offer (required education, required skills, desirable skills, salary, geographic area). It will also make use of the appropriate web services in order to user a speciﬁc language dictionary. For its part, the User _in f ormation_agent will obtain
information about users (colleagues, proﬁle, job applications, contents published, ties, interests, geographic area). These
agents make use of the information stored on the beBee network. Moreover, these agents are in charge of launching
the RS process in order to recalculate all the aﬃnities and thresholds when a proﬁle has been included or updated. The
system is fully scalable due to the fact that agents are independent of the network. That is, if the characteristics of the
analyzed network changed, or if the use of the recommender system was to be used on another type of network, the
implemented software would be very easy to adapt and transfer.
• Recommendation_VO: The core of the system will be the sub-organization responsible for carrying out the different recommendations. It will contain a Recommender _agent responsible for performing all factor and weight calculations as
explained in the following sections. This agent will be in charge of supporting the CBR system. It will be a CBR-BDI type
agent [12] where cases with information on past user actions and suggestions made by the system, will be stored. This
means that it manages the CBR proposed in this study, where the cases are all the suggestions made to the user along
with the user’s actions before this suggestion was received. It communicates with the User _agent and In f ormation_agent
types, in order to obtain information from the user and the network.
The VOs work together with the beBee social network and also as an entity as shown in Fig. 1. All agents can make use
of external web services to implement new capabilities such as new dictionaries, word frequency algorithms or search tools.
The Interaction_V O makes it possible to interact with a speciﬁc user through the social network. This allows the system
to deﬁne and manage the different proﬁles of people and device systems. Users interact with the system by creating ties
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Fig. 2. Job offer factors extraction.

between other users and searching job offers, or accepting or rejecting new suggestions. This whole process constitutes the
bulk of the research presented in this article and it will be described in the following sections.
3.2. Information extraction
It is desirable for a recommender system to have all the appropriate information in order to precisely determine whether
a relationship should be recommended or not. Our work, in concrete, requires the extraction of information that provide us
with user and job offer factors, necessary for the evaluation of possible relationships.
The ﬁrst part of information extraction acts as a preprocessing stage in the obtaining of values, which are later used
by the RS. Although the information on user proﬁles is structured, a semantic analysis is required in order to extract the
contained factors, such as the user’s level of education and category, their skills and the area they work in. It is less common
to ﬁnd structured information in job offers and therefore we need to take more steps to extract the information. This is
because companies tend to copy and paste the content of job announcements in a single description ﬁeld of the input form,
making the extraction process more complex. This extraction workﬂow can be seen in Fig. 2.
First, the system detects the language of the text. beBee is an international social network, however, this preliminary
study focuses exclusively on Spain. Once the language is detected, stop words are eliminated by using a speciﬁc dictionary for the detected language. Then, a stemming dictionary is used, words are stemmed and the frequency of each of the
stemmed words is obtained.
Then, the offer is categorized in the Category classiﬁcation step. To carry out this process, speciﬁc dictionaries have been
written for each work category and the texts of existing offers were analyzed for each of the categories, (between 10 0 0
and 50 0 0 offers per category). Then, in each of the categories, an expert user reviewed 30% of the most repetitive words,
keeping only the most relevant ones and discarding the rest.
In this way, when a new text is obtained, the classiﬁer module makes use of these keyword dictionaries to ﬁnd matches
in the text and classify the area of work to which the offer belongs.
Once the offer is classiﬁed, required education, skills, salary and location information is obtained by using speciﬁc dictionaries for each factor.
In the extraction of information from the user proﬁle, the dictionaries used to obtain the user’s category, education, skills,
salary and location are the same as those used in job offer analysis.
3.3. User-user relationships
An important aspect of context-based RSs is the order of priority that is given to certain factors. Not all factors have
equal importance, thus, it is necessary to establish the key factors that determine if a recommendation should be made or
not, and those that have a lesser inﬂuence on the recommendation. Therefore, it is not suﬃcient to identify the factors;
the weight of their impact on the recommendation also has to be considered. For this reason, a metric is proposed for the
evaluation of the weight of each factor and the assignment of its maximum weight (maxfactorName ). Then, the aﬃnity (that
represents the strength of the tie) can be obtained depending on these values.
Hence, the following factors determine the possibility of a weak tie between two users becoming a strong tie:
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• Colleagues (c): If two users obtained the same degree, at the same time and in the same University, it is quite possible
that they wish to follow each other on a social network. The same goes for users who worked together in the same
company.
• User proﬁle (p): The characteristics of users are a key factor in the establishment of relationships, especially on a job
ﬁnding network. As a general rule, the more features two users have in common, the greater the aﬃnity between them.
• Shared strong ties (s): The number of contacts that two users share is another key factor in calculating aﬃnity. The more
contacts users have in common, the stronger the linkand aﬃnity between them. To obtain the maximum weight of this
factor, users must have 20% of shared users.
• Strong ties proﬁle (sp): It is possible to analyze strong tie proﬁles and compare them to the proﬁles of those users who
are compatible and therefore are likely to be accepted if the system recommends them. To reach this factor’s maximum
value in the system, the user should have 50% of similarity with existing strong tie proﬁles.
• Shared groups (g): beBee offers its users the possibility of joining “hives”, which are groups or communities of users who
share the same interests or professional sector. This means that users who are in the same group have certain aﬃnity.
The greater the number of groups in common, the greater the aﬃnity between users.
• Published offers (o): Job offers can also be posted by users. Users who publish job offers oriented at a certain work proﬁle
or category, may wish to establish new relationships and create new job opportunities. In this way, this factor provides
some aﬃnity to weak ties among users who post job offers.
• Job applications (a): Two users that apply to the same job offers, could be interested in establishing professional links
that will help them ﬁnd new professional opportunities. The greater the number of job applications in common, the
greater the aﬃnity between these users.
• Publication of contents (co): beBee is a social network where users can share content with others. This content can comprise of a text, an image or a link that provides access to the content of another webpage. In these situations, a mechanism in the system searches for similar content using text mining and image matching techniques. The system ﬁnds
texts on the same topic regardless of their source or the content being slightly varied. Image matching works in the
same way, alterations in the quality, color and rotation of the image or the presence of a watermark are changes that
can be undone by the system and therefore they do not have any inﬂuence on the aﬃnity level. In this way, when users
publish similar content, the level of aﬃnity increases between them with every match. The system is limited and therefore only a maximum of common nc contents is taken into account. Due to the activity of users on this social network,
the value of nc has been ﬁxed as 10, which represents the number of similar published content that users must have in
common in order to obtain the maximum score.
• Common interests (i): Users can also respond to the content published by other users. In this regard, when a user recommends (or likes) the content published by another user and they do not share a strong tie, the level of aﬃnity increases.
Similarly, if two users like the same content and do not have a strong tie, the aﬃnity value also increases. The system
is limited so that only a maximum of ni common interest is taken into account, each match counts the same percentage. Due to the activity of users on this social network, the value ni = 10 has been deﬁned as the number of common
interests that two users should obtain in order to reach the maximum score.
• Following (fw): On beBee contacts between users are unidirectional. There may be a strong tie on the side of one user
but it is not necessary for that tie to exist in the opposite direction. When evaluating aﬃnity, an existing unidirectional
strong tie is considered to be positive when evaluating aﬃnity in the opposite direction.
• Geographic area (ga): The geographical location is an important factor when assessing aﬃnity between two users. This
factor is considered to be positive if two users reside in the same location.
• Previous cases: The system also basis its recommendations on each user’s previous actions. If a user tends to accept
recommendations of proﬁles with speciﬁc characteristics, the system is able to adapt the weights of every factor so that
the kind of proﬁles that is frequently accepted by the user is the most recommended. Weights are also modiﬁed when
the user rejects a certain type of users, or even all types. This feedback system is created using CBR, where the cases of
each of the suggestions sent to the user are stored along with the actions of that user before a suggestion was made.
A metric has been assigned to each of these factors to determine their weight on the aﬃnity value. The Table 1 lists all
the identiﬁed factors for the evaluation of user-user relationship recommendations with the equation that determines their
weight in terms of the level of aﬃnity.
To calculate the aﬃnity value of user j to user i (in a unidirectional way, as already mentioned), the system evaluates the
equations shown in Table 1 and the vector f i j is obtained. This vector is deﬁned as

f i j = [c, p, s, sp, g, o, a, co, i, f w, ga]

(1)

However, to determine the aﬃnity between two users, it is necessary to deﬁne a number of additional concepts. Using
these factors, with the exception of “Previous cases” one, a vector v is built for each user i so vi is obtained as deﬁned in
(2).

vi = [c , p , s , sp , g , o , a , co , i , f w , ga ]

(2)

Value 1 is assigned to all the factors that are extracted from user information and value 0 is assigned otherwise. For
example, the vector shown in (3) belongs to a user which has not joined any group and has published no job offers.

vi = [1, 1, 1, 1, 0, 0, 1, 1, 1, 1, 1]

(3)

P. Chamoso et al. / Information Sciences 433–434 (2018) 204–220

211

Table 1
User-user recommendation factors and weight.
Factor

Weight

Colleagues

c=

User proﬁle

p=

Shared strong ties

ies∗5
∗ maxs ), maxs )
s =min(( nSharedStrongT
totalStrongT ies

Strong ties proﬁle

iesSameArea∗2
∗ maxsp ), maxsp )
sp =min(( nStrongT
totalStrongT ies

Shared groups

g=

nCommonGroups
totalGroups



maxc
0

true
false

nCommonF eatures
totalFeatures

∗ max p

∗ maxg

Published offers

o=

nSimilar O f f er s
totalO f f ers

Job applications

a=

nSameApplications
totalApplications

Publication of contents

co = min(( (nImg+nTncxt+nLink ) ∗ maxco ), maxco )

Common interests

i = min(( nInterests
∗ maxi ), maxi )
ni

Following

fw =

Geographic area

ga =

∗ maxo





max f w
0

maxga
0

∗ maxa

following
not following
same areas
otherwise

The factors “User proﬁle” (p), “Shared strong ties” (s), “Strong tie proﬁle” (sp), “Following” (fw) and “Geographic area”
(ga) are always required, thus their value in the factor vector is always 1.
Next, the vector mwi (maximum weight) is deﬁned as the vector of maximum value for the weight of each factor, depending on each user’s criteria:

mwi = [maxc , max p , maxs , maxsp , maxg , maxo, maxa , maxco, maxi , max f w , maxga ]
To calculate the aﬃnity value,

aij ,

(4)

the following equation is used:

 ij
f · vi · v j k
ai j =  k ki k
i
j
k mwk · v k · v k

(5)

where ai j ∈ [0, 1] ∈ R and k represents every element contained in the vectors used. All of these vectors have the same
dimension, and their value is increased by one from the ﬁrst element to the 11th element (the last one in all cases) of the
vectors f i j , vi , v j and mwi .
The CBR system is responsible for determining if a weak tie between user i and user j with the aﬃnity level aij should
be suggested to user i in order to become a strong tie. The CBR system does this by: (i) determining the threshold value
(trh) of aﬃnity which must be surpassed, for a user to be suggested to another i; (ii) establishing the maximum weight of
each of the identiﬁed factors, mwi .
Both tasks are carried out on the basis of the user’s historical cases which display their reaction to past suggestions,
in this way, when suggesting a new contact the recommendations adapt to each user’s criteria. The system does this by
establishing an initial situation, where threshold thr i = 0.3, and whose interval can vary between [0.15, 0.7]. The values of
the elements of the vector mwi are deﬁned as follows:

mwi = [35, 20, 20, 15, 15, 10, 10, 10, 10, 35, 20]

(6)

These input data have been determined in a supervised manner based on the average historical data of the social network. More speciﬁcally, a sample of 50 users has been selected manually on the basis of the users’ activity. The range [0.15,
0.7] was established according to the aﬃnity value of the accepted recommendations. The default value thr i = 0.3 is the
mode of the accepted recommendations. However, each proﬁle will have its own maximum values, which will be recalculated after: (i) each interaction with the recommender system, and the cases will be added to the CBR case memory; (ii)
each new strong tie added directly.
Each case that is part of the CBR memory is composed as deﬁned in (7).

Ci(n+1) = (thr i , f i j , vi , v j , mw, ai j , userResponse )

(7)

Where Ci(n+1 ) is the case (n + 1 ) of user i and is calculated using the information of the previous n cases of that user.
If the user has no previous cases, cases from users with similar proﬁles are used. Each user’s information is saved by the
system, in this way, it is able to learn from the user’s past cases of accepted and rejected recommendations, by applying
this criteria the system will be able to improve acceptance rates.
3.4. User-job offer relationships
One of the main goals of employment-oriented social networks is that users apply to job offers. Therefore, the proposal
of suitable job offers to users is an essential role of the social network.
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User proﬁle analysis is carried out with the aim of evaluating if it is suitable for a particular job offer, a number of
attributes is always considered and measured. However, for the job offers that specify the work area, the proﬁles that are
taken into account are the ones that are categorized in this work area. The attributes that are identiﬁed on the user proﬁle
are described below. The metrics used to calculate their value are detailed later on in this section:
• Main education (me): This factor has two measures. The ﬁrst one measures the quality of education received and the
second factor measures its quantity. Quality is evaluated according to the Bologna Process [29], which proposes an ECTS
(European Credit Transfer and Accumulation System) grading scale to evaluate the level. A coeﬃcient value of 1 is assigned to three or four year studies, they are considered the lowest higher education level (usually awarding a bachelor’s
degree). A coeﬃcient value of 2 is assigned to master degree studies that last one or two years. Lastly, a coeﬃcient of
3 is assigned to the doctoral level. Regarding secondary education, the system considers two levels: junior secondary
education (coeﬃcient 0) and senior secondary education (coeﬃcient 0.5). For all types of degrees, quality is evaluated
according to the scale deﬁned for factor me. The more qualiﬁed the user is, the greater their value. However, if the offer
requires a high qualiﬁcation, only these qualiﬁcations are taken into consideration.
• Skills (sk): Skills and keywords are also collected directly from users.
• Unwanted skills (us): The user’s skills are a key factor that determines whether they are suited for a particular job or
not. If a user rejects job offers that require certain skills, these skills will be stored in a vector as unwanted skills, along
with the frequency with which they have been rejected. In this way, the system is able to learn that offers with certain
features should not be suggested to the user. However, the offer can require the skills that the user has, mixed with
other unwanted skills, so a threshold is determined dynamically depending on the actions of the user.
• Years of experience (ye): One of the parameters that has the greatest inﬂuence on determining the knowledge of a user
in an area are the years they have worked in it and the type of contract, considering a factor of 1 for each contract year
and 0.5 for part time contracts. Thus, the years of experience are favorable on the user proﬁle.
• Languages (ln): When languages are required by an offer, the level of their knowledge is an important factor. However,
users do not always specify their level of knowledge of a foreign language and therefore it is not considered when
suggesting offers to a user. What is taken into account is the knowledge of the language itself but not the level. It is left
up to the companies to evaluate the applicants level at an interview.
• Salary range (sr): If the user indicated the desired salary range, this category is also an important factor that must be
taken into account when making a recommendation.
• Geographic area (ga): The geographical area is often the most important factor in determining if a job offer may be of
interest to a user. Initially, the system gives preference to the places that are the closest to the user’s location, however,
the weight of this value modiﬁes if the user applies to offers that are at a distance form where they are situated.
• Similar applications: When a user applies to similar offers, the system takes this factor into account when making recommendations. A user is more likely to apply to an offer if the recommended job offer is similar to their previous
applications. The cases of each of the job offer applications made by each user are stored on a CBR system which is used
to obtain this feedback.
• Previous cases: As in the above case, the user’s previous interactions with the RS serve as feedback which guides the
system when making new recommendations to the user. For this factor the same CBR system is used, but the user’s
response can take positive values (if the user accepts the suggestion) or negative (if the suggestion is rejected), while for
the Similar applications factor, only actions of acceptance are considered (applications).
In the same way that user proﬁle factors are analyzed, job offer factors also have to be analyzed and evaluated so that
the system is able to provide suitable recommendations. The following job offer factors are identiﬁed:
• Required main education (meo): The level of education required by a job offer is a vital factor when determining whether
a user is likely to be hired or not. In addition, it is possible that more than one qualiﬁcation may be required.
• Required skills (rso): Most of the job offers on the website, in addition to a degree, usually require the applicant to have
various abilities or skills that make them suitable for the position.
• Desirable skills (dso): This factor does not have the weight of the previous factor, but it does have the same reasoning.
Although not essential, offers that list desirable skills look for proﬁles that will be the most eligible for the position
offered.
• Previous experience (years) (yeo ): Usually, the offer asks the applicant to have a certain level of experience that guarantees
the user’s ability to work in the required ﬁeld.
• Required languages (lno): The number of languages a user knows is also a key factor for offers that involve the knowledge
of languages. When a user applies for a position that requires the knowledge of various languages, the more languages
they know from the languages desired in the offer, the higher their aﬃnity value.
• Salary range (sro ): Although this factor is not taken into account in every case, since it can be affected by factors such as
geographic location, it can be inferred that the higher the salary offered, the greater the salary of the user should be.
• Geographic area (gao ): An important factor to be extracted from a job offer is their geographical location and whether
the candidates are required to reside in that location in order to determine which users should be recommended.
With the attributes extracted from both user proﬁles and job offers, two dataframes are built. Each dataframe is just a
list where items of different type and dimension are stored.
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Fig. 3. Geographic area behavior analysis.

On the one hand, dataframe pi is constructed, it represents the proﬁle of user i and includes the previously described
factors. The dataframe is deﬁned as shown in

pi = [me, sk, us, ye, ln, sr, ga]
On the other hand,

oj

(8)

dataframe is constructed, it represents the characteristics of job offer j, and is deﬁned as shown in

o j = [meo, rso, dso, yeo, lno, sro, gao]

(9)

Once the characteristics of the job offer and the user proﬁle have been obtained, the aﬃnity between both is evaluated,
indicating whether the offer should be recommended to the user or not. To this end, we established two offer and user
aﬃnity ﬁlters prior to the analysis.
In the ﬁrst ﬁltering, the unwanted skills of the user must be evaluated against the required skills of the offer, in order to determine the user’s possible interest. To carry out this process the equation deﬁned in (10) is established and the
recommendation is only considered if the comparison is satisﬁed.

|rso ∩ us| < |rso| ∗ thrus

(10)

If the job offer (rso) includes so many unwanted skills (us) that the value exceeds the threshold (thrus ), the offer is
automatically discarded for that user due to the number of skills that they are not interested in. The values of both, the
threshold and the weighting (based on the frequency of occurrence in the rejected offers) of the unwanted skills is updated
by the CBR system, as described below:
The second ﬁltering prior to the aﬃnity analysis, analyzes the geographic information of the offer and the user proﬁle,
taking into account the historical information of the user’s behavior. This geographic analysis is denoted by the ga parameter
and as in the previous case, if conditions are not met the suggestion may be discarded immediately. This is because no
matter how relevant the offer, if it does not ﬁt the user’s geographic area, it will not be of their interest.
Fig. 3 shows a ﬂowchart that explains the behavior of the system in the different possible cases. Initially, the system
detects if the location of the job offer and the user proﬁle are the same (ga = gao). If so, the system will consider the ga
parameter in the subsequent aﬃnity analysis by applying the weight maxga to the factor. In the opposite case, in which
the location of the job offer and the user proﬁle are different, it is evaluated if the offer requires the candidate’s location to
match with the location of the offer (ga = gao required?). If so, the suggestion is ruled out. However, if it is not a requirement
that ga = gao, it is necessary to evaluate if the user has previously applied to offers in different geographic areas (gao = ga).
If not, the possible recommendation is discarded, whereas if the user has applied to offers where gao = ga, the offer is not
directly discarded, but the factor ga is not considered in the subsequent ﬁnal aﬃnity analysis.
If the offer has not been discarded after passing through the two ﬁlters, the aﬃnity between the job offer and the
user proﬁle is analyzed. This analysis evaluates the adaptation of characteristics of the proﬁle of user i to the different
requirements of offer j. To do this, the vector with the values of the factors f oi j , deﬁned in (11), is calculated according to
metrics indicated in Table 2.

f oi j = [me , rs , ds , ye , ln , sr  , ga ]

(11)

Therefore, it is necessary to deﬁne a vector vo (12), which acts as a mask and determines which factors should be
considered for the aﬃnity calculation, just as it was done in vector v for user-user relationships. The same with vector mwoi
(13) with a similar behavior, but in this case it is applied to vector mw.

voi j = [me , rs , ds , ye , ln , sr , ga ]

(12)

mwoi = [maxme , maxrs , maxds , maxye , maxln , maxsr , maxga ]

(13)
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Table 2
User-job offer recommendation factors and weight.
Factor

Weight

Main education (me )

me =



Required skills (rs )

r s =

Desirable skills (ds )

d s =

Previous experience (ye )

ye =

Languages (ln )

l n =

Salary range (sr )

sr  =

maxme
0

⎧
⎨maxrs
0

⎩ maxrs
⎧ 2
⎨maxds

∀e ∈ me/e ∈ meo
otherwise



sk ∩ rso > |rso| ∗ thrurs


sk ∩ rso < |rso| ∗ thrlrs
otherwise

0


  
sk ∩ dso > dso ∗ thruds

  
sk ∩ dso < dso ∗ thrlds

maxye
0

ye ≥ yeo ∗ thrye
otherwise

maxln
0

∀l ∈ l n/l ∈ l no
otherwise

maxsr
0

sr ≤ sro ∗ thrsr
otherwise

⎩ maxds
 2



otherwise

When a user does not have historical information gathered from previous cases of interaction with the recommender
system, nor has previously applied to any offer, then the maximum values for each of the factors, that is, each of the
elements of the vector mwoi , are initialized as deﬁned in (14). These values have been established in a generic way based
on the analysis of user preferences on the social network.

mwoi = [20, 10, 5, 10, 5, 25, 25]
Finally, the aﬃnity values

aoij

(14)

linked to the user and the job offer are extracted, as deﬁned in


k

aoi j = 
k

f oi j k

mwoik · voi k

(15)

If the threshold, which is established by the system on the basis of previous cases, is exceeded; the value aoij exceeds the
threshold throi the system recommends the job offer to the user. The system uses the default value throi = 0.7, but the value
can vary in the interval [0.4, 0.8]. More speciﬁcally, a sample of 50 users has been selected manually on the basis of their
job searching activity. The range [0.4, 0.8] was established according to the aﬃnity value of the accepted recommendations.
The default value throi = 0.7 is the mode of the accepted job offer recommendations.

thrsi = [t hroi , t hrus , t hrurs , t hrlrs , t hruds , t hrlds , t hrye , t hrsr ]

(16)

The maximum factor values (mwoi ), and all the thresholds used (thrsi ), are established automatically by the system using
CBR, where cases follow the structure deﬁned in

Ci(n+1) = (thrs, f oi j , pi , o j , voi j , mwoi , aoi j , userResponse )

(17)

Where Ci(n+1 ) is the case (n + 1 ) of the user i calculated from the user’s information of the previous n cases. Within each
case, all the necessary elements are stored so that the system can learn from the habits of individual users and recalculate
each of the thresholds used for different factors. In addition, it updates the list of unwanted skills and information on
geographic areas that are of interest to the user. In Fig. 4 we can see the ﬂowchart that the system follows when evaluating
if a new offer should be recommended to a user, along with the different stages of the CBR system (retrieve, reuse, check
and retain) highlighted in gray.
If the system determines that a new job offer j should be recommended to user i, this offer is included in an ordered
list of highest to lowest aﬃnity (aoij ). In case the user interacts with the RS and the thresholds are updated due to this
interaction, the list of suggested offers is re-evaluated.
When a new user accesses the system and provides the required information in their proﬁle but still has not interacted
with the RS system and has not yet applied to any offers. Recommendations are given to that user on the basis of case DB
cases of proﬁles with similar characteristics, until an interaction is made.
4. Experiment and results
The recommendation acceptance rate is used in this research as a measure in evaluating the effects of the presented
recommendation systems.
To begin the evaluation, the initial value of different parameters and thresholds is deﬁned and calculations are made.
These values have been established on the basis of average historical behavior. There are two parts in the evaluation of the
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Fig. 4. Job offer recommendation system ﬂowchart and CBR parts.

recommendation systems: (i) user-user relationships; and (ii) user-job offer relationships. However, beBee has no previous
recommendation systems for these relationships so results cannot be compared.
In order to evaluate user-user relationships, a subset of 20 0 0 random users has been selected. In order to evaluate the
user-employment relationships, a study has been carried out with a subset of 250 users from each of the 6 areas with the
most job offers published during the evaluation period (15 days). A total of 14,066 job offers were published in the 6 areas
that have been evaluated.
The activity of users has been considered to initialize the different thresholds. To calculate the factors, each threshold
has a mean value which is calculated on the basis of the available information on the offers that the user applied to.
Next, we describe the experiment data set and then we present the results of both the user-user relationship recommender system and the user-job offer recommender system.
4.1. Experiment data set
In order to evaluate the user-user relationship RS, a sample of 20 0 0 users have been selected randomly and the 1500
most active users have been selected for the evaluation. Users were considered as active if they had expanded their network
of contacts in the 15 days prior to the evaluation.
When evaluating the recommendation of a relatively new user in the system, j, to one of the selected users, i. Aﬃnity aij
has to be calculated and then it is determined whether this value exceeds the threshold thri or not.
The information is extracted from two proﬁles; vector f i j is obtained for user i as shown in (18) and also vector f ji for
user j, as shown in (19). The values of the factors that compose these vectors are extracted by applying the metrics given in
the Table 1. The default maximum values used are those deﬁned in (4).

f i j = [35, 5, 4.44, 15, 15, 0, 0, 0, 0, 0, 20]

(18)

f ji = [35, 2.22, 20, 15, 7.5, 0, 0, 0, 0, 0, 20]

(19)

Vectors that determine the factors that will be used for calculating the aﬃnity, are calculated for each user as deﬁned in
(2):

vi = [1, 1, 1, 1, 1, 0, 0, 1, 1, 1, 1]

(20)
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v j = [1, 1, 1, 1, 1, 0, 1, 0, 0, 1, 1]

(21)

.44
Therefore, using this information we can determine the aﬃnity aij , whose value is 94
180 = 0.52. In this case, considering
the default value of the threshold thri , 0.3, the result is that user j is recommended to user i.
.72
In the opposite situation, user i is also recommended to user j, since aji is 99
170 = 0.58.
It should be noted that in this case, the values used are those established by default, however, they will be adjusted by
the CBR system once users begin to interact with the RS.
The user-job offer RS has also been evaluated, different subsets of 250 users have been selected from those who had
been active in the last 15 days and they were selected from each of the 6 areas with the highest numbers of published job
offers (a total of 1500 users).
In all cases, all thresholds (thrsi : throi , thrus , t hrurs , t hrlrs , t hruds , t hrlds , t hrye , t hrsr ) have been initialized with the
default values as shown in

thrsi = [0.7, 0.85, 0.75, 0.25, 0.75, 0.25, 0.85, 0.9]

(22)

It is also necessary to extract information from the user proﬁle, obtaining a value for each of the factors present in
dataframe pi . The salary range (sr) is private information so it cannot be viewed on the user’s proﬁle. So, if the user gives
their permission, the system takes it into account to calculate the aﬃnity. Information on the unwanted skills (us) is also
hidden on the public proﬁle, but users can modify the skills that the CBR includes automatically.
When evaluating user-job offer suggestions, it is also necessary to describe the dataset related to job offers. In this case,
the new offers published in each of the 6 categories that the 1500 selected users belong to, have been considered. These
areas are: sales (4,868 job offers), trades and professions (3,359 job offers), engineers and technicians (2,291), IT (2,087 job
offers), administrative (893), and teachers (568). In total, 14,066 offers have been evaluated.
Once job offers have been classiﬁed in their areas, the information necessary to build the dataframe oj is extracted. This
information is extracted from an input text provided by the user who published the offer on the social network.
In order to show the operation of the system with a practical case, we describe the process followed to evaluate if the
offer j should or should not be recommended to the user with the proﬁle pi .
When the job offer is inserted into the system, the diagram shown in Fig. 2 is executed. Text mining techniques are
applied to extract the required information and it is ﬁrst classiﬁed in a professional area. Then, the values of the dataframe
oj are obtained. In this example, oj is deﬁned as follows:

o j = [{"IT bachelor":2}, {"cloud computing", "linux servers", "nas storage systems" ,
"san storage systems", "vmware"}, {}, 2, {"Spanish","English"}, "24.0 0 0 e - 27.0 0 0 e", "Barcelona"]
To evaluate the aﬃnity of the job offer with user i, it is necessary to retrieve the current user proﬁle to compose the
dataframe pi . In this case, the value of pi is:

pi = [{" IT bachelor" :2, " IT master" :3}, {" linux" , " java" , " cloud computing", " azure", " system
administration", " scala", " apache cassandra", " apache spark", " open stack"},

{" frontend", " customer service", " cobol"}, 2, {" Spanish", " English"}, " 17.0 0 0 e", " Salamanca"]
In addition, all previous interactions of user i, e.g. Ci (CBR recovery stage), are recovered. Then, the system moves to the
reuse CBR stage. At this stage, the ﬁrst thing to check is whether the offer includes unwanted skills as deﬁned in Eq. (10).
In this example, the intersection of required skills (rso) and unwanted skills (us) is the empty set, so its cardinality is 0 and
the equality is satisﬁed. The system therefore goes on to check the geographic information.
In this example, user i has previous job offer applications stored in the history where the geographic area (gao ) is different from their place of residence (ga=“Salamanca”), so offers are not discarded when ga = gao , however, this factor has no
inﬂuence on the calculation of aﬃnity, as described in Fig. 3.
With this information, the vector voi j is initialized with the values shown in

voi j = [1, 1, 0, 1, 1, 1, 0]

(23)

The factor values of the vector foij can be calculated by applying the metrics deﬁned in Table 2. The values used in vector
mwoi , are those deﬁned in (14). The result is shown in

f oi j = [20, 5, 0, 10, 5, 25, 0]
aoij

(24)

According to Eq. (15), aﬃnity
has the value of 0.928. This aﬃnity is evaluated in the review stage of the CBR system. In this case, it exceeds the threshold throi of the user, so the offer is recommended and shown in the user’s offer
recommendation list.
At the moment in which the user accepts or rejects the recommendation, the CBR system goes from the review stage to
the reuse stage, and the case Ci(n+1 ) is included as part of the case memory of the system. In the case of the recommendation
being rejected, the system evaluates if any of the characteristics have to be added to the user’s unwanted skills vector (us).
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Table 3
User-user recommendation results.

Total
Average
Rate (%)

Recommended

Accepted

Rejected

Ignored

17,073
11.38
100

11,765
7.84
68.91

2223
1.48
13.02

3085
11.38
18.07

Fig. 5. User-user recommendations response graph.

4.2. Results
In this section the results obtained from this exemplary dataset are presented and the two proposed RSs are evaluated
separately. First, the user-user and then the user-job offer relationship recommender systems.
4.2.1. User-User recommendations
A randomly selected sample of 20 0 0 users has been given exclusive access to the RS functionality. A subset of 1500
users, who had the highest interaction rates during the 15 selection days, has been chosen. This was done because some of
the selected users did not interact with the system during the evaluation period. The values collected for the 1500 selected
users are shown in Table 3.
It can be seen that, in total, the system recommended 17,073 relationships to 1500 users. The number of accepted recommendations is 11,765, 68.91% of the total. However, only 13.02% of recommendations were rejected, since the remaining
18.07% of recommendations were ignored. However, if we only analyze the interactions with the recommender system,
84.11% are accepted and only 15.89% are rejected.
Similarly, Fig. 5 shows a graphical representation of the interaction of every user with the RS. It shows the number of
accepted and rejected recommendations, along with the total number of recommendations. Users are ordered depending
on the number of accepted recommendations ﬁrst, then depending on the number of rejected recommendations and ﬁnally
depending on the number of offers recommended. It can be seen that only 38 users have more rejected recommendations
than accepted ones. In addition, 19.13% of users have an acceptance rate equal to or higher than 90% (including the ignored
ones), which shows that the RS is well adapted to individual user proﬁles.
The recommendation of relationships with other users is performed in an ordered way, where the ones with the highest
aﬃnity are the ﬁrst to be recommended and therefore, the study of the CBR system’s evolution is not relevant. The acceptance rate is constant and it stays constant when the user interacts with the system. However, this fact can be evaluated
favorably because the rate does not fall when the user increases their number of contacts.
4.2.2. User-Job offer recommendations
Regarding job offer recommendations to users, the results obtained from the subsets of described users are shown in
Table 4.
More speciﬁcally, it is displaying the number of recommendations that the RS has made to the 250 users from each of
the categories, when a new offer has been added. Each user that receives job offer recommendations can choose to interact
or not to interact with the system. If the user interacts with the system, it has to accept or reject the recommendation.
As shown in Table 4, there are certain differences in the behavior of users depending on the area they belong to. The
main reason for this is the current situation in that particular ﬁeld of work in Spain. Thus, in addition to the aﬃnity value,
the number of recommendations depends on both the number of users inscribed in each of the professional areas and the
number of job offers published in each area.
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Table 4
User-Job offer recommendation results.
Area

Recomm.

Accepted

Rejected

New offers

Teachers
Administrative
IT
Engineers & technicians
Trades & professions
Sales

2176
4192
5246
4975
5873
7403

1127
1922
1545
1930
2289
2613

357
529
517
756
925
822

568
893
2087
2291
3359
4868

Fig. 6. 25% most active users evolution quartiles.
Table 5
25% most active users data grouped into quartiles.

Accepted (Avg)
Rejected (Avg)
Accepted (%)
Rejected (%)

Q1

Q2

Q3

Q4

Avg

7.22
1.75
80.49
19.51

7.41
1.59
82.33
17.67

7.96
1.39
85.13
14.87

8.77
1.19
88.05
11.95

7.83
1.57
84.11
15.89

It can be observed that the lower the number of offers in an area, the higher the percentage of acceptance rates. On the
other hand, the more offers in an area, the more selective the users are.
However, when viewing user interaction with job offer recommendations, the RS shows that the acceptance percentage
is two times greater than the rejection percentage for all areas.
In addition, because of the use of the CBR system, the difference between the percentage of acceptance and the percentage of rejection increases as users interact with the RS, as shown in Fig. 6. We can therefore aﬃrm that the RS improves its
success rate when used over time.
For the evaluation of the CBR system, the data generated by the 1500 users have been considered. These data are displayed in Table 5. The percentage of applications for the recommended offers varies from 80.49% in the ﬁrst quartile of
interactions, to 88.05% in the last quartile, so eﬃciency improves after the users interact with an average of 10.98 offers
(including the ignored ones).

5. Conclusion and future work
In this work, a context-aware RS based on a CBR system has been proposed in order to recommend user-user and userjob offer relationships. Both types of relationships follow the same procedure, however, the different factors that inﬂuence
the recommendation and their weight have to be identiﬁed for each. Additionally, these weights adapt themselves to the
proﬁle that each user deﬁnes when interacting with the system.
The use of a CBR system allows to improve acceptance rates and reduce rejection rates with time, as the user continues
to interact with the RS. For new user proﬁles, the system uses knowledge acquired from similar cases in order to determine
different thresholds and calculate aﬃnities.
As for future work, we are already working on making the system available to all users of this social network, regardless
of their country (it has been tested only in Spain). To this end, independent evaluations will be carried out to check whether
the system is able to obtain reasonably similar results to those presented in this article, despite markets having different
behaviors.
In addition, from the continuous use of the CBR system, we are starting to determine situations in which alerts should
be sent; with their help expert users will be able to act manually in cases that are identiﬁed as doubtful (those which are
close to crossing the threshold), deciding whether or not the offer should be recommended. In this way, the system can be
manually arbitrated by an expert user and the eﬃciency of the recommendations should increase.
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Finally, as part of our future work, we believe it will be interesting to compare the performance of the proposed system
with other existing recommender systems. In order to make a valid comparison other RSs will have to be speciﬁcally adapted
to the context of the present case.
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