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Abstract. The advent and wide proliferation of Social Web in the recent years has promoted the concept of social interaction as an important influencing factor of the way enterprises and organizations conduct
business. Among the fields influenced is that of Enterprise Knowledge
Management, where adoption of social computing approaches aims at increasing and maintaining at high levels the active participation of users
in the organization’s knowledge management activities. An important
challenge towards this is the achievement of the right balance between
informalities of socially generated data and the required formality of
enterprise knowledge. In this context, we focus on the problem of mining vague knowledge from social content generated within an enterprise
framework and we propose a learning framework based on microblogging
and fuzzy ontologies.
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1 Introduction
Knowledge Management evolved over the last years to a serious management discipline that aims to enable enterprises and organizations to fully leverage their
knowledge in their eﬀort to grow more eﬃcient and competitive. This leverage
involves several key objectives such as identiﬁcation, gathering and organization
of existing knowledge, sharing and reusing of this knowledge for diﬀerent applications and users and facilitation of new knowledge creation. Nevertheless, a
dimension of enterprise knowledge that has so far been inadequately considered
by the research community is that of vagueness.
Vagueness, typically manifested by terms and concepts like Tall, Strong, Expert etc., is a quite common phenomenon in human knowledge and it is related
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to our inability to precisely determine the extensions of such concepts in certain domains and contexts. That is because vague concepts have typically fuzzy
boundaries, that do not allow for a sharp distinction between the entities that
fall within the extension of these concepts and those which do not. This is not
usually a problem in individual human reasoning, but it may become one, i)
when multiple people need to agree on the exact meaning of such terms and ii)
when machines need to reason with them. For instance, a system could never
use the statement “This project requires many people to execute” in order to
determine the number of people actually needed for the project.
To deal with vague knowledge, a relatively new knowledge representation
paradigm that has been proposed is Fuzzy Ontologies [1], extensions of classical
ontologies that, based on principles of Fuzzy Set Theory [6], allow the assignment of truth degrees to vague ontological elements in an eﬀort to quantify
their vagueness. Thus, for example, whereas in a traditional ontology one would
claim that “The project’s budget is satisfactory” or that “Jane is an expert at
Artiﬁcial Intelligence”, in a fuzzy ontology one would claim that “The project’s
budget is satisfactory to a degree of 0.7” and that “Jane is an expert at Artiﬁcial
Intelligence to a degree of 0.5”.
Unfortunately, an important bottleneck in the process of developing and
applying fuzzy ontologies for knowledge management is that of vague knowledge
acquisition. This kind of bottleneck in traditional ontology development has been
well documented in the literature and several approaches towards automating the
knowledge acquisition process have been proposed [12] [10]. In fuzzy ontologies
the problem is even more acute as the high level of subjectivity and contextdependence characterizing vague information makes the accurate deﬁnition of
fuzzy degrees and membership functions a very diﬃcult task. Yet only a few
automatic approaches for fuzzy ontology population have so far been proposed,
with the vast majority of them being based on text mining [13] [7] [3].
Contrary to above approaches, we envision the active participation of users
in the vague knowledge acquisition process through a corresponding framework
based on the so-called Web 2.0; a technological paradigm that facilitates and
supports the active participation and collaboration of people on the Web. Our
approach is inspired from works in the area of ”crowdsourcing” [11] where a large
group of people solves implicitly a problem or carries out a task through proper
incentive mechanisms. In our case such mechanisms are required since one of the
biggest bottlenecks in typical Knowledge Management systems, where end-users
are supposed to actively participate, is precisely the hurdles they encounter that
discourage them for keeping involved. On the other hand, Web 2.0, where users
participate in an active manner, and willingly generate new content, has been
adopted by companies for their internal processes within the so-called Enterprise
2.0 framework [8]. In particular, microblogging systems have been embraced as
a way of fostering internal communication within the enterprise boundaries.
With that in mind, in this paper we propose a framework for automatic vague
knowledge acquisition based on a semantically enhanced microblogging system
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and a fuzzy ontology learning process that acts upon the social content produced
by the enterprise’s people within this system.
The remainder of this paper is organized as follows: in Section 2, we introduce
necessary relevant background information utilized within this work, as well
present a brief overview of the related research works in the ﬁeld. Section 3
describes the proposed vague knowledge acquisition process. Finally, we draw
our conclusions and brieﬂy describe our future work in Section 4.

2 Background and Problem Setting
2.1 Vagueness and Ontologies
Vagueness as a semantic phenomenon is typically manifested through predicates
that admit borderline cases [5], i.e. cases where it is unclear whether or not the
predicate applies. For example, some people are borderline tall: not clearly “tall”
and not clearly “not tall”. In the relevant literature two basic kinds of vagueness
are identiﬁed: degree-vagueness and combinatory vagueness [5]. A predicate has
degree-vagueness if the existence of borderline cases stems from the apparent lack
of crisp boundaries between application and non-application of the predicate
along some dimension. For example, Bald fails to draw any sharp boundaries
along the dimension of hair quantity while Red can be vague along the dimensions
of brightness and saturation.
On the other hand, a predicate has combinatory vagueness if there is a variety
of conditions all of which have something to do with the application of the
predicate, yet it is not possible to make any sharp discrimination between those
combinations which are suﬃcient and/or necessary for application and those
which are not. An example of this type is Religion as there are certain features
that all religions share (e.g. beliefs in supernatural beings, ritual acts etc.), yet
it is not clear which of these features are able to classify something as a religion.
At this point, it should be clariﬁed that the notion vagueness is diﬀerent from
inexactness or uncertainty. For example, stating that someone is between 170 and
180 cm is an inexact statement but it is not vague as its limits of application are
precise. Similarly, the truth of an uncertain statement, such as “Today it might
rain”, cannot be determined due to lack of adequate information about it and
not because the phenomenon of rain lacks sharp boundaries.
In an ontology the elements that can be vague are typically concepts, relations, attributes and datatypes [1]. A concept is vague if, in the given domain,
context or application scenario, it admits borderline cases, namely if there are
(or could be) individuals for which it is indeterminate whether they instantiate the concept. Primary candidates for being vague are concepts that denote
some phase or state (e.g Adult, Child) as well as attributions, namely concepts
that reﬂect qualitative states of entities (e.g. Red, Big, Broken etc.). Similarly, a
relation is vague if there are (or could be) pairs of individuals for which it is indeterminate whether they stand in the relation. The same applies for attributes
and pairs of individuals and literal values.
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Finally, a vague datatype consists of a set of vague terms which may be used
within the ontology as attribute values. For example, the attribute performance,
which normally takes as values integer numbers, may also take as values terms
like very poor, poor, mediocre, good and excellent. Thus vague datatypes are
identiﬁed by considering the ontology’s attributes and assessing whether their
potential values can be expressed through vague terms.
2.2 Fuzzy Ontologies and Problem Definition
A fuzzy ontology utilizes notions from Fuzzy Set Theory in order to formally
represent the vague ontological elements described in previous paragraph. The
basic elements it provides include i) Fuzzy Concepts, namely concepts to whose
instances may belong to them to certain degrees (e.g. Goal X is an instance of
StrategicGoal at a degree of 0.8 ), ii) Fuzzy Relations/Attributes, namely
relations and attributes that link concept instances to other instances or literal
values to certain degrees (e.g. John is expert at Knowledge Management at a
degree of 0.5 ) and iii) Fuzzy Datatypes, namely sets of vague terms which
may be used within the ontology as attribute values (e.g. attribute experience
mentioned above). In a fuzzy datatype each term is mapped to a fuzzy set that
assigns to each of the datatype’s potential exact values a fuzzy degree indicating
the extent to which the exact value and the vague term express the same thing
(e.g. A consultant with 5 years of experiences is considered experienced to a
degree of 0.6 )
The problem we wish to tackle can be deﬁned as follows: Given a fuzzy enterprise ontology, what are the optimal fuzzy degrees and membership functions
that should be assigned to its elements (concepts, relations and datatypes) in
order to represent their vagueness as accurately as possible? In particular, given
a fuzzy concept (e.g. CompanyCompetitor) and a set of its instances (e.g. a set
of companies), we practically want to learn the degree to which each of these
instances belongs to this concept (e.g. to what degree each company is considered a competitor). Similarly, given a fuzzy relation (e.g. isExpertAt) and a set
of related through it pairs of instances (e.g. persons related to business areas),
we want to learn the degree to which the relation between these pairs actually
stands. Finally, given a fuzzy datatype (e.g. ProjectBudget) and the terms it
consists of (e.g. low, average, high), we want to learn the membership functions
of the fuzzy sets that best reﬂect the meaning of each of these terms.

3 Vague Knowledge Acquisition
As already discussed, vague pieces of knowledge are characterized by the existence of blurry boundaries and by high degree of subjectivity. As such, they are
expected to provoke discussions, disagreements and debates among the enterprise’s members. For example, it might be that two product managers disagree
on what the most important features of a given product are or that two salesmen cannot decide what amount of sales is considered to be low. Our approach
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is based on the facilitation and recording of such discussions and disagreements,
through a microblogging platform, and their utilization for determining the optimal degrees and membership functions of a fuzzy ontology representing this
knowledge.
In particular, the process we propose for performing vague knowledge acquisition within an enterprise consists of the following steps:
1. Identiﬁcation within the enterprise of vague knowledge and conceptual modeling of it in the form of a fuzzy enterprise ontology.
2. Setting up of a microblogging platform in which the members of the enterprise are expected to participate and perform discussions and information
exchange on all aspects regarding the enterprise and its environment.
3. Detection and extraction from the user generated platform’s content of vague
knowledge assertions, namely statements related to the elements already
deﬁned in the fuzzy enterprise ontology.
4. Calculation for each vague assertion of a strength value based on the utilization of various characteristics of the discussions they are involved in.
5. Aggregation of these assertions and automated generation of fuzzy degrees
and membership functions.
In the following paragraphs we elaborate on each of the above steps.
3.1 Vague Knowledge Conceptualization
This step involves the identiﬁcation of vague pieces of knowledge within the
enterprise and their conceptualization in the form of fuzzy ontological elements
(paragraph 2.2). Within this work we followed the implementation described
in detail in the IKARUS-Onto methodology [1] which provides concrete steps
and guidelines for identifying vague knowledge and conceptually modelling it
by means of fuzzy ontology elements. Of course, it should be noted that, fuzzy
degrees or membership functions for the above elements do not need to be deﬁned
a priori as they are expected to be automatically determined in the later stages
of the process.
3.2 Microblogging Framework
Microblogging is one of the recent social phenomena of Web 2.0, being one of the
key concepts that has brought Social Web to more than merely early adopters
and tech savvy users. Simply put, microblogging is a light version of blogging
where messages are restricted to less than a small number of characters. Yet,
its simplicity and ubiquitous usage possibilities have made microblogging one of
the new standards in social communication. There is already a large number of
social networks and sites, with more blooming every day, that appear to have
some microblogging functionalities, with Twitter 1 and Facebook2 being the
most famous.
1
2

www.twitter.com
www.facebook.com
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Being of greater interest within the microblogging framework we examine,
Twitter allows users to publish text limited to a maximum of 140 characters.
On Twitter a user has to main roles, to publish tweets (writer) or to subscribe
to other users and read their posts (reader). As a writer you are allowed to:
1) republish or retweet) other users posts; 2) make reference to other users
within the published content (a.k.a mentions) by using the @ character before the
users user name; 3) reply to another tweet, replies always start with @username
(author of the tweet you are replying to); 4) include diﬀerent types of resources
to your post (i.e. hashtags and links); and 5) be listed by your followers. As a
reader you can: 1) follow other users posts; and 2) organise into groups (lists)
the users you follow.
The microblogging platform we adopt for the purposes of this work is miKrow
[9], an intra-enterprise semantic microblogging tool that allows its end-users to
share short messages expressing what are they doing, or more typically in a work
environment, what are they working at. The platform works mostly like Twitter,
with two important enhancements:
1. When users reply to a message they are able to denote the nature of their
reply by using the predeﬁned hashtags #support and #attack.
2. Users are also able to denote their agreement or disagreement to a message
through a rating functionality (see ﬁgure 1)
These two features allows us to use the platform as an argumentation tool
and capture the disagreements and debates over vague knowledge statements
that may occur.
3.3 Detection and Extraction of Vague Knowledge Assertions
Vague knowledge assertions are practically statements related to the elements
of fuzzy ontology. For example, the assertion “The budget for the project X is
low” is related to the fuzzy datatype “ProjectBudget” while the assertion “John
knows everything about ontologies” is related to the fuzzy relation “isExpertAt”.
Our goal is to detect and extract such assertions from the messages generated by
the platform’s users so that we can use them for determining the fuzzy degrees
of their respective elements.
In order to achieve this, we use an in-house developed semantic annotation
tool that, given a fuzzy ontology, is able to recognize such assertions within a
piece of text. An important factor that contributes to higher levels of precision
for this detection is the fact that microblogging messages are short. In any case,
the detection process may be performed in a semi-automatic fashion where the
correctness of the extracted assertions could be checked by the system’s administrator.
3.4 Assertion Strength Assessment
To calculate the strength of the extracted vague assertions we consider their
so-called “social context”. The latter includes all messages that are directly or
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Fig. 1. The miKrow microblogging platform

indirectly related to these assertions and may inﬂuence their validity. More formally, a social context is a tuple G = {U, M, A, Incl, P ub, Att, Sup, Agr, Disag}
where:
–
–
–
–
–
–
–
–
–

U is a set of users.
M is a set of messages.
A is a set of vague assertions.
Incl is an assertion containment function A → M that returns for a given
assertion a ∈ A the messages it is included into.
P ub is a message publishing function M → U that returns for a given message
m ∈ M the user that has published it.
Att is a message attacking function M → M that returns for a given message
m ∈ M the messages that attack to it.
Sup is a message supporting function M → M that returns for a given message
m ∈ M the messages that support it.
Agr is a message agreeing function M → U that returns for a given message
m ∈ M the users that agree with it.
Disag is a message disagreeing function M → U that returns for a given
message m ∈ M the users that disagree with it.

Given such a context, we calculate the strength of the assertions contained
in it as follows:
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Let a ∈ A be an assertion and Ma = Incl(a) be the set of messages in which
this assertion is contained. Then the strength of the assertion S(a) is given by
the average strength of these messages, namely:
S(a) =

∑
1
·
s(m)
|Ma |

(1)

mi ∈Ma

where s(m) denotes the strength of each message and is calculated as follows:
s(m) = w1 · agr(m) + w2 · sup(m) + w3 · inf l(P ub(m))

(2)

In the above equation (2) w1 , w2 and w3 are weights denoting the relative importance, in calculating the message’s strength, of the measures agr(m), sup(m)
and inf l(P ub(m)) respectively. In particular, agr(m) denotes the relative agreement on the message m based on the number of agreements and disagreements
it has received by the users. Thus, it is calculated as follows:
agr(m) = ∑

|Agr(m)| − |Disag(m)|
mi ∈M (|Agr(m)| + |Disag(m)|)

(3)

Similarly, sup(m) denotes the relative support to the message based on the
number and strength of attacking and supporting messages. This support is
recursively calculated as follows:
∑
∑
mj ∈Sup(m) s(mj )
mi ∈Att(m) s(mi )
sup(m) =
−
(4)
|Att(m)|
|Sup(m)|
Finally, inf l(P ub(m)) denotes the overall inﬂuence of the user who has published the message (and thus has made the assertion). This inﬂuence is generally
relevant to the number of users that follow the message publisher but also to
the persons expertise on the messages topic. For that, we derive the exact inﬂuence score using Topic-Sensitive PageRank Algorithm [4] which was originally
proposed for ranking web pages according to their relative importance, given a
set of representative topics. In our case, in the place of pages we have users and
the topics are in practice the business areas in which these users are interested
or considered expert within the enterprise.
3.5 Generation of Membership Functions and Fuzzy Degrees
A fuzzy ontology may be considered as a tuple OF = {C, R, I, T, iC , iR , D},
where
–
–
–
–

C is a set of fuzzy concepts.
I is a set of instances.
R is a set of fuzzy binary relations that may link pairs of concept instances.
iC is a fuzzy concept instantiation function C × I → [0, 1].
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– iR is a fuzzy relation instantiation function R × I → [0, 1].
– D is a set of fuzzy datatypes. Each d ∈ D is itself a tuple {T, X, m} where
T is the set of linguistic terms of the datatype that refer to a base variable
whose values range over a universal set X and m is a function that, for each
linguistic term t ∈ T , relates the values of X to a fuzzy degree.
Based on this formalization, our goal is practically to learn the functions iC
and iR and m. To do that we utilize the extracted assertions along with their
calculated strengths. In particular, given an instance i ∈ I and a concept c ∈ C,
the related assertions form a set Ai,c = {s1 , s2 , ..., sn } where sj is the strength of
the j th assertion. Based on this set we want to determine a single fuzzy degree
d for the pair {i, c}. Similarly, for two given instances i1 , i2 ∈ I and a relation
r ∈ R, the related assertions form a similar set Ai1 ,i2 ,r = {s1 , s2 , ..., sn }. Again
our goal is to determine a single fuzzy degree d for the triple {i1 , i2 , r}.
For example, if i1 = John, r = isExpertAt and i2 = M achineLearning
and we have managed to extract a number of relevant assertions, each with
some strength, we want to aggregate these strengths into a single degree that
denotes how expert is actually John at Machine Learning. To do that we ﬁrst
compute the mean value of all the strength values observed in the assertion
set. Then we estimate conﬁdence intervals and we only allow those mean values
with signiﬁcance level of no less than 0.05. In most cases we expect to have
most assertions gathered very close to a single mean value which can then be
considered as the degree of the relevant ontological statement. In case many
assertions seem to be out of the conﬁdence intervals, then that’s an indication
that the statement’s interpretation might be context-dependent. In such a case,
we may isolate these contexts by performing clustering on the assertion set.
On the other hand, for a given term t of a fuzzy datatype d ∈ D, the related
assertions form a set At,d = {(v1 , s1 ), (v2 , s2 ), ..., (vn , sn )} where vj is the actual
value the term t refers to in the j th assertion (for example, in the assertion “The
budget for the project X is low” v is the actual value of project X). Our goal in this
case is, based on the pairs of these values and strengths, to determine the optimal
function fuzzy membership function m that links them. This is a well-studied
problem in the area of fuzzy expert systems and several related methods that
construct such functions from training data have been proposed [2]. Therefore
our intention is to reuse such methods in our framework and through extensive
experimentation to determine the optimal one for the kind of training data our
microblogging platform produces.

4 Conclusions and Future Work
In this paper we proposed a framework for automatic vague knowledge acquisition in enterprise settings, based on a semantically enhanced microblogging
system and a fuzzy ontology learning process that acts upon the social content
produced by the enterprise’s people. The key characteristic of our approach is
the utilization of the content’s social features, like the relative agreement and
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support that microposts enjoy or the status and inﬂuence of the users, in order
to assign strengths to vague assertions.
In the future we intend to apply our framework in an actual enterprise setting and evaluate its eﬀectiveness in acquiring vague knowledge. This evaluation
will focus on two dimensions: i) the ability of the microblogging approach in
producing rich social context over the vague knowledge and ii) the accuracy of
the fuzzy ontology degrees and membership functions learned using this context.
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