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ABSTRACT Current analytical approaches in computational social science can be characterized by four
dominant paradigms: text analysis (information extraction and classification), social network analysis (graph
theory), social complexity analysis (complex systems science), and social simulations (cellular automata
and agent-based modeling). However, when it comes to organizational and societal units of analysis, there
exists no approach to conceptualize, model, analyze, explain, and predict social media interactions as
individuals’ associations with ideas, values, identities, and so on. To address this limitation, based on the
sociology of associations and the mathematics of set theory, this paper presents a new approach to big
data analytics called social set analysis. Social set analysis consists of a generative framework for the
philosophies of computational social science, theory of social data, conceptual and formal models of social
data, and an analytical framework for combining big social data sets with organizational and societal data
sets. Three empirical studies of big social data are presented to illustrate and demonstrate social set analysis
in terms of fuzzy set-theoretical sentiment analysis, crisp set-theoretical interaction analysis, and event-
studies-oriented set-theoretical visualizations. Implications for big data analytics, current limitations of the
set-theoretical approach, and future directions are outlined.

INDEX TERMS Big social data, formal models, social set analysis, big data visual analytics, new
computational models for big social data.

I. INTRODUCTION
Social media are fundamentally scalable communications
technologies that turn Internet based communications into
an interactive dialogue platform [1]. On the ‘‘demand-side’’,
users and consumers are increasingly turning to various types
of social media to search for information and to make deci-
sions regarding products, politicians, and public services [2].
On the ‘‘supply-side’’, terms such as ‘‘Enterprise 2.0’’ [3]
and ‘‘social business’’ [4] are being used to describe the
emergence of private enterprises and public institutions that
strategically adopt and use social media channels to increase
organizational effectiveness, enhance operational efficien-
cies, empower employees, and co-create with stakeholders.
The organizational and societal adoption and use of social
media is generating large volumes of unstructured data that
is termed Big Social Data. New organizational roles such as
Social Media Manager, Chief Listening Officer, Chief Dig-
ital Officer, and Chief Data Scientist have emerged to meet
the associated technological developments, organizational
changes, market demands, and societal transformations.

However, the current state of knowledge and practice regard-
ing social media engagement is rife with numerous tech-
nological problems, scientific questions, operational issues,
managerial challenges, and training deficiencies. As such, not
many organizations are generating competitive advantages by
extracting meaningful facts, actionable insights and valuable
outcomes from Big Social Data analytics. Moreover, there
are critical unsolved problems regarding how Big Social Data
integrates with the existing datasets of an organization (that is,
data from internal enterprise systems) and its relevance to the
organisation’s key performance indicators. To address these
diverse but interrelated issues, this paper presents a novel set-
theoretical approach to Big Data Analytics in general and Big
Social Data Analytics in particular for Facebook, Twitter and
other social media channels.
Specifically, this paper introduces a research program sit-

uated in the domains of Data Science [5]–[7] and Computa-
tional Social Science [8] with practical applications to Social
Media Analytics in organizations [4], [9], [10]. It addresses
some of the important theoretical and methodological
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limitations in the emerging paradigm of Big Data Analytics
of social media data [11]. From an academic research stand-
point, Social Set Analysis addresses two major limitations
with the current state of the art in Computational Social
Science: (i) a vast majority of the extant literature is on twitter
datasets with only 5% of the papers analysing Facebook
data raising representativeness, validity and methodological
concerns [11], and (ii) mathematical modelling of social data
hasn’t progressed beyond the four dominant approaches [12]
of text analysis (information extraction and classification),
social network analysis (graph theory), social complex-
ity analysis (complex systems science), social simulations
(cellular automata and agent-based modelling).

To put it honestly and provocatively, currently we don’t
have deep academic knowledge of the most dominant
action on social media platforms performed by hundreds
of millions of unique users every day: ‘‘like’’ on Facebook.
In fact, as Claudio Cioffi-Revilla (2013), one of the founding
parents of the field of Computational Social Science, astutely
observed:

Reliance on the same mathematical structure every
time (e.g., game theory, as an example), for every
research problem, is unfortunately a somewhat
common methodological pathology that leads to
theoretical decline and a sort of inbreeding vis-
ible in some areas of social science research.
Dimensional empirical features of social
phenomena-such as discreteness-continuity,
deterministic-stochastic, fnite-infnite, contiguous-
isolated, local-global, long-term vs. short-term,
independence-interdependence, synchronic-
diachronic, among others-should determine the
choice of mathematical structure(s).

This lack ofmathematical imagination coupled with hyper-
active boundary-policing of the ‘‘purity of the turf’’ of Com-
putational Social Science results in major conceptual and
technical limitations when analysing big social data resulting
from individuals’ and organizations’ Facebook and Twitter
engagement. There is both a research gap and real-world
organisational needs to describe, model, analyse, explain, and
predict such interactions as individuals’ associations to ideas,
values, identities etc [13].

For example, a typical post on F. C. Barcelona’s Facebook
page generates around 100,000 unique likes, 5,000 comments
and 1,000 shares). Facebook users’ ‘‘likes’’ on any given
F. C. Barcelona post could be personal-association to one
of the players, identity-association to the Catalan, political-
association to pro-independence parties of Catalonia,
brand-association to the corporate sponsors etc. The math-
ematics of set theory is ideally suited to model such associ-
ations in the first analysis. Just like graph theory is ideally
suited for Social Network Analysis [14] of dyadic rela-
tions from the perspective of relational sociology [15], set
theory is ideally suited for conceptualising, modelling, and
analysing monadic, dyadic, and polyadic human associations
to ideas, values and identities [16] from the perspective of the

sociology of associations. This is the gist of the set theoretical
approach proposed by this paper.

A. OVERARCHING RESEARCH QUESTION
In order to further research in this area we as ourselves the
following research question:
How can models, methods and tools for Social Set Analysis

derived from the alternative holistic approach to Big Social
Data Analytics based on the sociology of associations and
the mathematics of set theory result in meaningful facts,
actionable insights and valuable outcomes?

II. CONCEPTUAL FRAMEWORK
A. NEED FOR A PHILOSOPHY OF COMPUTATIONAL
SOCIAL SCIENCE
The purpose of this section is to present an argument that
we need philosophies of Computational Social Science that
explicilty outline and discuss their sociological assumptions,
mathematical modelling, computational implementation, and
empirical analysis. To the best of our knowledge, no such
philosophy of Computational Social Science exists other than
Social Network Analysis [17] based on the mathematics
of graph theory [18] and the sociology of relations [15].
However, the philosophical assumptions of relational soci-
ology might be not be relevant to all classes of problems
in computational social science. For example, for the class
of problems that address big social data from the Facebook
or Twitter interactions of large brands such as Coca-Cola or
a F. C. Barcelona, the fundamental assumption of SNA that
social reality is constituted by dyadic relations and interac-
tions are determined by structural positions of individuals
in social networks [19] is neither necessary nor
sufficient [13]. Other dominant paradigms of computa-
tional social science such as Social Complexity and Social
Simulation [12] have varying levels of philosophical and
modelling unity and maturity. [12]. Therefore, there is a
clear need for a manifest statement and critical examination
of philosophical principles that underpin the theoretical,
methodological, and analytical aspects of current Computa-
tional Social Science approaches.
However, philosophical proposals for Big Data Analytics

must avoid the malaise of over-philosophising with non-
realist ontologies and non-empirical epistemologies (for a
precautionary tale from the Humanities and Social Sciences,
please cf. [21], [22]) that result in little-to-no methodolog-
ical innovation in terms of instrumentation, measurement
and evaluation of the phenomena of interest. Philosophical
framworks for Big Data Analytics should aspire towards
positive contributions that go beyond the negative criticisms
of assumptions and methods that regularly feature in promi-
nent recent criticisms (for instance, [11] and [23]). We argue
that one class of positive contributions would be generative
frameworks that provide explicit articulation of philosophi-
cal assumptions underlying analytical approaches
as well as a production system for creating and evaluating
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TABLE 1. Five elements of the candidate generative framework for
philosophy of computational social science.

new philosophies. To address the analytical limitations iden-
tified and to fulfill the critical and generative criteria outlined
above, we propose a first version of the generative framework
for the philosophy of Computational Social Science.

1) A GENERATIVE FRAMEWORK FOR PHILOSOPHY OF
COMPUTATIONAL SOCIAL SCIENCE (GF-PCSS)
The preliminary version of the GF-PCSS comprising
of five elements is presented in Table 1 below.

Given the preliminary stage of the GF-PCSS, no claims
are made about the exhaustiveness and/or mutual exclusivity
of the five elements. We simply claim that the five elements
are necessary with no claimsmade about their sufficiency and
orthogonality.

Table 2 below seeks to illustrate the positive contribution
of the GF-PCSS. First, the framework is used to explicitly
state the latent philosophical assumptions of one dominant
traditional approach in Computational Social Science, Social
Network Analysis. Second, the framework is used to better
understand the limitations of Social Network Analysis with
respect to large-scale social media platforms that are increas-
ingly content driven. Social Network Analysis is primarily
concerned with how social actors relate to each other and
not so much with how content is generated, interacted and
circulated in terms of ideas, aspirations, values, and identities.
However, large-scale and content driven social media plat-
forms such as Facebook are of extreme importance to orga-
nizations in terms of marketing communications, corporate
social responsibility, democratic deliberation, public dissem-
ination etc. Social media analytics in practice [9], [10], [24]
has been based on an implicit, inherent and latent understand-
ing of human associations as expressed by metrics and key
performance indicators such as brand sentiment, brand asso-
ciations, conversation keywords, reach etc. Further, Social
Network Analysis assumes homophiliy rather than explaining

TABLE 2. Contrasting philosophies of computational social science.

the agentic mechanisms constituting it. Third and last,
GF-PCSS is used to generate a new holistic approach termed
Social Set Analysis and make a positive contribution. Social
Set Analysis is based on the philosophical principles derived
from ecological psychology, micro sociology, associational
sociology [25], and the mathematics of the set theory (crisp
sets, fuzzy sets, rough sets, and random sets) [26].
To be clear, our argument is not that current approaches

in Computational Social Science such as Social Network
Analysis (based on relational sociology, graph theory, and
network analysis) are invalid or ineffective. Instead, our argu-
ment, as articulated and illustrated in Tables 1 & 2, is that a
generative framework of the philosophy can be used to make
a fundamental change in the foundational mathematical logic
of the formal model from graphs to sets which can yield new
analytical insights for a new class of problems (in our case,
organizational use of social media).

B. SET THEORETICAL BIG SOCIAL DATA ANALYTICS
As articulated in [27], based on Smithson and Verkuilen [28]
there are five advantages to applying classical set theory [29]
in general and fuzzy set theory [26] in particular to computa-
tional social sciences:
1) Set-theoretical ontology is well suited to conceptualize

vagueness, which is a central aspect of social science
constructs. For example, in the social science domain
of marketing, concepts such as brand loyalty, brand
sentiment and customer satisfaction are vague.

2) Set-theoretical epistemology is well suited for analy-
sis of social science constructs that are both categori-
cal and dimensional. That is, set-theoretical approach
is well suited for dealing with different and degrees
of a particular type on construct. For example,
social science constructs such as culture, personality,
and emotion are all both categorical and dimensional.
A set-theoretical approach can help conceptualize their
inherent duality.

3) Set-theoretical methodology can help analyze multi-
variate associations beyond the conditional means and
the general linear model. In addition, set theoretical
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approaches analyze human associations prior to rela-
tions and this allows for both quantitative variable cen-
tered analytical methods as well as qualitative case study
methods.

4) Set-theoretical analysis has high theoretical fidelity
with most social science theories, which are usually
expressed logically in set-terms. For example, theories
on market segmentation and political preferences are
logically articulated as categorical inclusions and exclu-
sions that natively lend themselves to set theoretical
formalization and analytics.

5) Set-theoretical approach systematically combines set-
wise logical formulation of social science theories and
empirical analysis using statistical models for contin-
uous variables. For example, in the case of predic-
tive analytics, it is possible to employ set and fuzzy
theory to dynamically construct data points for inde-
pendent variables such as brand sentiment (polarity,
subjectivity, etc.).

We now present a theory of social data based on the philo-
sophical framework for Social Set Analysis discussed above.

C. THEORY OF SOCIAL DATA
For the purposes of systematically collecting and analysing
big social data, we argue that any candidate theory of social
data must support conceptual and mathematical modelling
of data at the software log level. After all, it is a fact that the
outcomes from big social data collection from modern web
service calls or historic web crawling methods are nothing
more than digital trace records and software log entries.
As such, an appropriate theory of social data would be oper-
ational at the micro-genetic level of social media interactions
as they unfold in the real-time and in the actual-space of a
computer screen of some kind (desktop monitor, laptop dis-
play or the mobile phone screen). For Social Set Analysis,
we have selected the theory of socio-technical interactions by
Vatrapu [30]–[32] as it conceptualises perception of and inter-
action on the screen in real-time and actual-space. The theory
of socio-technical interations [30]–[32] is derived from the
following sources:

1) the ecological approach to perception and action [33]
2) the enactive approach to the philosophy of mind [34]
3) the phenomenological approach to sociology [35], [36]

A more detailed exposition of the theory of socio-technical
interactions regarding its ontological and epistemological
assumptions and principles, is beyond the scope of this paper
but for a consise overview, please confer [32].

We use the theory of socio-technical interactions [30]–[32]
to describe how individual data items (or trace records) such
as Facebook posts, likes, comments etc. come into being.
In other words, we use the theory of socio-technical inter-
actions to describe the phenomenon of big social data gener-
ation from its constituent individual interactions of Facebook
posts, comments, likes etc. That said, the scope and extent
of the theory of social data are restricted to providing

phenomenological grounding for modelling of the social data
retrieved from social media platforms such as Facebook. The
theory of social data is outlined the next subsection (II-D).
As already mentioned, the theory of social data is drawn

from the theory of socio-technical interactions [30]–[32].
Social media platforms such as Facebook and Twitter, at the
highest level of abstraction, involve individuals interacting
with (a) technologies and (b) other individuals. These inter-
actions are termed socio-technical interactions and there are
two types of socio-technical interactions:
1) Interacting with the technology: An example could be

using the Facebook app on the user’s smartphone.
2) Interactingwith others socially using the technology: An

example could be liking a picture posted by a friend in
the Facebook app on the user’s smartphone.

These socio-technical interactions are theoretically
conceived as
1) Perception and appropriation of socio-technical

affordances
2) Structures and functions of technological inter-

subjectivity
Briefly, socio-technical affordances are action-taking
possibilities and meaning-making opportunities in an
actor-environment system bound by the cultural-cognitive
competencies of the actor and the technical capabilities of the
environment. Technological intersubjectivity (TI) [30]–[32]
refers to a technology supported, interactional social relation-
ship between two or more actors.
Socio-technical interactions as described above result in

electronic trace data that is termed social data. In case
of the previously mentioned example where a Facebook
user liking a picture posted by a friend on their smartphone
app, the social data is not only rendered in the different
timelines of the user’s social network but it is available via the
Facebook graph API. Large volumes of such micro-
interactions constitute the macro world of Big Social Data
which is the analytical focus of this paper. Our argument
is not that there exists only one set of candidates for the
theory of social data, conceptual model of social data and
the formal model of social data as proposed in this paper.
Instead, our argument is that a theoretically informed and
empirically oriented research project in big social data ana-
lytics must incoporate these components (theory, conceptual
and formal models of social data) and computationally realise
each of them within IT-Artefacts.

D. CONCEPTUAL MODEL OF SOCIAL DATA
Based on the theory of social data described above, we
present the conceptual model of social data below.
In general, Social data consists of two types: (a) Interac-

tions (what is being done) and Conversations (what is being
said). Interactions refer to the first aspect of socio-technical
interactions constituted by the perception and appropriation
of affordances (which users/actors perceive which socio-
techncial affordances to interact with what other social
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FIGURE 1. Conceptual Model of Social Data [37].

actors on social media platforms). Conversations relates to
the second aspect of socio-technical interactions: structures
and functions of technological intersubjectivity (what the
users/actors are communicating to each other and how they
are influencing each other through both natural language as
well as design language of the social media plaforms). Inter-
actions consists of the structure of the relationships emerging
from the appropriation of social media affordances such as
posting, linking, tagging, sharing, liking etc. It focuses on
identifying the actors involved, the actions they take, the
activities they undertake, and the artifacts they create and
interact with. Conversations consists of the communicative
and linguistic aspects of the social media interaction such as
the topics discussed, keywordsmentioned, pronouns used and
emotions expressed. Figure 1 presents the conceptual model
of social data.

E. ILLUSTRATIVE EXAMPLE OF SOCIAL DATA
Let us say that the research domain is Corporate Social
Responsbility (CSR) and the research question is to what
extent do Facebook walls function as online public spheres
with regard to CSR in terms of marketing campaigns as well
as crises. Then, the set theoretical approach to computational
social science can be employed to specify measures of the
extent to which the Facebook Walls are serving as online
public spheres as discussed below.

Focusing on the interactional aspect of big social data
allows the examination of the breadth of engagement of the
public sphere by reporting the overall number of posts made
(artifacts), which of the Facebook walls received most posts
and whether they linked out to other sources of information.
In addition to looking at the posts in the aggregate we also can
look at them individually and map linkage across walls. Was
the posting entirely independent in that individuals (actors)
only posted (action) to one wall or did they post more widely
on two or three walls’ Interactional analysis of big social
data can help reveal the patterns and dynamics of actors’
mobility across space (multiple facebook walls) and time
(before, during and after campaigns/crises).

Focusing on the conversational aspect of big social
data allows the examination of the depth of the engage-
ment taking place through the Facebook walls and thus
whether walls are acting as an online public space.

In particular we can look at four key aspects of the posts
and comments: topics, keywords and emotions. As with
interactional analysis, conversational analysis of big social
data can help reveal the patterns and dynamics of actors’
conversational genres across space (multiple facebook walls)
and time (before, during and after campaigns/crises).

III. RESEARCH METHODOLOGY
Our research methodology is shown in Fig. 2 and is described
below:
1) Systematically collect big social data about organisa-

tions from Facebook, Twitter etc using the Social Data
Analytics Tool [37], [38] developed in the Computa-
tional Social Science Laboratory (http://cssl.cbs.dk) and
other research and commercial tools.

2) Technically combine organisational process data with
business social data so that the resulting dataset legally
compliant, ethically correct, privacy adherent, and data
security ensured

3) Big Social Data Analytics: Phase One: Adopt cur-
rent methods, techniques and tools from Computational
Social Science to model and analyse
a) Interaction Analysis: Social Network Analysis, Com-

plex Systems Dynamics, Event Study Methodology
from Finance, Data Mining from Computer Science
• Who is doing what, when, where, how and with
whom?

• Social media users and organisational stakeholders
(like consumers) liking pictures of cute puppies
posted by Walmart on its official Facebook wall
every third Sunday according to its social media
marketing strategy.

b) Conversation Analysis: Computational
Linguistics & Machine Learning
• What are the things human actors
(and fraudulent accounts/robots) saying?

• Social media users and organisational stake-
holders (like consumers) commenting on those
pictures of cute puppies by discussing/mentioning
various topics/keywords of organisational/societal
relevance/irrelevance and expressing their subjec-
tive feelings etc.

4) Applying set theoretical methods and techniques drawn
from crisp sets, fuzzy sets, rough sets and random
sets [26], [28], [29], [39].

5) Software realisation of the empirical findings from tra-
ditional and novel (set theoretical) approaches to Com-
putational Social Science as a tools for Organisations.

6) Publication of research findings in peer-reviewed con-
ferences, journals and edited books.

7) Generation of instrumental benefits for Organisa-
tions in terms of meaningful facts (sensible data),
actionable insights (applicable information), valuable
outcomes (constructive knowledge) and sustainable
impacts (wisdom)
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FIGURE 2. Research framework for set-theoretical big social data analytics.

IV. RELATED WORK
A. SOCIAL NETWORK ANALYSIS
Social Network Analysis can be traced back to 1979, where
Tichy et.al. [40] used it as a method to examine the relation-
ships and organisational social structures. In the later years,
cognitive social structures as a solution for social network
related problems was proposed by Krackhardt [41]. The field
of social computing attracted many researchers due to the
latest developments of online social media since last decade.
Even though It is not possible to refer to an extensive list
of research articles in this emerging area, however we refer
some of the latest and important works here.

In their research article, Zhan and Fang in [42] provided
an detailed overview about research on social networking
analysis, human behavioural modelling and security aspects
in the context of social networks. Social network analysis
based on measuring social relations using multiple data sets
has been explored in [43]. In the context of multi-agent
systems using social network analysis, a framework for cal-
culating reputations has been proposed by [44]. An algo-
rithm to find overlapping communities via social network
analysis was explored in [45]. Moreover, analysis of sub-
graphs in the social network based on the characteristic

features: leadership, bonding, and diversity was studied by
the authors in [46]. All these works focussed on using social
network analysis and other graph related formalisms as main
tools for analysis of social media where the primary focus is
on the structural aspects of social data. On the other hand,
our work primarily focussed on using set theory and fuzzy
logics for analysis of both structure and content of social
media data. Therefore we are not only interested in analyzing
the structural aspects of social data (as networks or sets) but
also in understanding the substantive aspects of social data
(as sentiments, topics, keywords, pronouns).

B. SOCIAL TEXT ANALYSIS
A comprehensive state-of-the-art review of computational
linguistics is provided by Pang and Lee [47]. They provided
approaches to analyse natural language texts, and identify
three different technical terms: opinions, sentiments, and
subjectivity. In this paper, we adopt Pang and Lee’s [47]
technical interpretation that opinion mining and sentiment
analysis can be treated as identical and conduct sentence level
rather than sub-sentence level sentiment analysis as discussed
in [48]. Other methods and techniques for sentiment analysis
are presented and discussed in [47]–[52]. Below is a selected
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listing of related work in sentiment analysis of social data
ranging over a variety of methods, techniques, and tools.

Prior work has shown sentiment analysis of social data can
be used to predict movie revenues [53], correlate with con-
temporaneous and subsequent stock returns [54], exploring
cultural and linguistic differences in ratings and reviews [55],
sentiment evolution in political deliberation on social media
channels [56], assess sentiment towards a new vaccine [57],
and explore semantic-level precedence relationships between
participants in a blog network [58]. To briefly expand, [58]
proposed a methodology for the detection of bursts of activity
at the semantic level using linguistic tagging, term filter-
ing and term merging, where a probabilistic approach was
used to estimate temporal relationships between the blogs.
Asur and Huberman [53] showed that sentiment analysis on
Twitter’s content urls, retweets and their hourly rates can pre-
dict box-office movies revenues to a high degree of precision.

In contrast to the existing approaches, we used Set and
Fuzzy Set Theory for the formal modelling of associations
between actors, actions, artifacts, topics and sentiments in
order to provide a systemic treatment of relationship, vague-
ness and uncertainty in the social data. The existing sentiment
analysis techniques (as cited above) use only the classifica-
tion of individual artifacts (such as either positive or neg-
ative or neutral), but not the probabilities associated with
the classification labels returned by the sentiment analysis
method and/or tool. In contract, our approach uses fuzzy
sets to represent artifact sentiment with classification along
with their probabilities (e.g. positive: 0.20, negative: 0.65,
neutral: 0.15) as explained later.

V. FORMAL MODEL OF THE CONCEPTUAL SOCIAL DATA
In this section, we will provide formal semantics for the
concepts of social data, which is based on social data model
that was initially presented in [27] and [59], but refined
according to the changes in the conceptual model of social
data presented in Sec. II-C.
Notation: For a set A we write P(A) for the power set of A

(i.e. set of all subsets of A) andPdisj(A) for the set of mutually
disjoint subsets ofA. The cardinality or number of elements in
a set A is represented as |A |. Furthermore, we write a relation
R from set A to set B as R ✓ A ⇥ B. A function f defined
from a set A to set B is written as f : A ! B, where a if f is
a partial function then it is written as f : A * B.

First, we define type of artifacts in a socio-technical system
as shown in Def. 1.
Definition 1: We define R as a set of all artifact types as

R = {status, comment, link, photo, video}.
Definition 2: We defineACT as a set of actions that can be

performed as ACT = {post, comment, share, like, tagging}.
As explained in the conceptual model (Sec. II-C), the

Social Datamodel contains Interactions (what is being done)
and Conversations (what is being said). The formally Social
Data is defined in Def. 3 as follows,
Definition 3: Formally, Social Data is defined as a tuple

D = (I, C) where

i) I is the Interactions representing the structural aspects
of social data as defined further in Def. 4

ii) C is the Conversations representing the content of social
data and is further defined in Def. 5

Definition 4: The Interactions of Social Data are defined
as a tuple I = (U, R,Ac, r

type

,B, !post , !share, !like
, !tag, !act

) where
i) U is a (finite) set of actors (or users) ranged

over by u,
ii) R is a (finite) set of artifacts (or resources) ranged over

by r ,
iii) Ac is the activities set which is also finite,
iv) r

type

: R ! R is typing function for artifacts that maps
each artifact to an artifact type defined in 1,

v) B : R * R is a partial function mapping artifacts to
their parent artifact,

vi) !post : U * Pdisj(R) is a partial function mapping
actors to mutually disjoint subsets of artifacts created by
them

vii) !share ✓ U⇥R is a relation mapping between users to
their artifacts (shared by them),

viii) !like ✓ U ⇥ R is a relation mapping users to the
artifacts liked by them,

ix) !tag✓ U ⇥ R ⇥ (P(U [ Ke)) is a tagging rela-
tion mapping artifacts to power sets of actors and
keywords indicating tagging of actors and keywords
in the artifacts, where Ke is set of keywords defined
in Def. 5,

x) !
act

✓ R ⇥ Ac is a relation from artifacts to
activities.

Formal definition of Interactions is provided in Def. 4, where
the first three items (i, ii, x of Def. 4) contain a set of actors
(U), a set of artifacts/resources (R) and a set of activi-
ties (Ac). Each artifact is mapped to an artifact type (such
as status, photo etc) by artifact type function (Def. 4-iv).
Furthermore, some of the artifacts are mapped to their parent
artifact (if exists) by parent artifact functionB (Def. 4-v). For
example, a comment is an artifact which is made on a post,
then it is mapped to its parent (which is the post), on the other
hand, if the artifact is a status message or a new post, then
there will not be any mapping for that artifact, as it has no
parent.
Furthermore, each artifact is posted (created) by a single

actor. As shown in Def. 4-vi, the !post is a partial function
mapping actors to mutually disjoint sub sets of artifacts,
each set containing artifacts created or posted by an actor.
On contrary, the !share indicates a many-to-many relation-
ship, indicating that an artifact can be shared by many actors
and similarly each actor can share many artifacts (Def. 4-vii).
Even though share and post actions seems to be similar, the
!post signifies the creator relationship of an artifact, where
as !share indicates share relationship between an artifact
and an actor which can be many-to-many.
Similar to the share relation, the like relation (!like) maps

between the artifacts and actors, indicating the artifacts liked
by the actors. The tagging relation (!tag) is a bit different,
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which is a mapping between actors, artifacts and power set
of actors and keywords (Def. 4-ix). The basic intuition behind
the tag relation is that, it allows an actor to tag other actors or
keywords in an artifact. Finally, the !

act

relation indicates a
mapping between artifacts to activities (Def. 4-x).
Definition 5: In Social DataD = (I, C), we defineConver-

sations as C= (To, Ke, Pr, Se, !
topic

, !
key

, !
pro

, !
sen

)
where
(i) To,Ke,Pr,Se are finite sets of topics, keywords, pro-

nouns and sentiments respectively,
(ii) !

topic

✓ R⇥To is a relation defining mapping between
artifacts and topics,

(iii) !
key

✓ R ⇥ Ke is a relation mapping artifacts to
keywords,

(iv) !
pro

✓ R ⇥ Pr is a relation mapping artifacts to
pronouns,

(v) !
sen

✓ R ⇥ Se is a realtion mapping artifacts to
sentiments.

The Conversations of Social Data is formally defined in
Def. 5 and it mainly contains sets of topics (To), key-
words (Ke), pronouns (Pr), and sentiments (Se) as defined in
Def. 5. The !

topic

, !
key

, !
pro

and !
sen

relations map the
artifacts to the topics (To), keywords (Ke), pronouns (Pr), and
sentiments (Se) respectively. One may note that all these rela-
tions allow many-to-many mappings, for example an artifact
can be mapped to more than one sentiment and similarly a
sentiment can contain mappings to many artifacts.

Finally, we define a time function to record the timestamp
of actions performed on social data as follows.
Definition 6: In Social Data, let T : (u, r, ac) 7! N be

time function that keeps tracks of timestamp (t 2 N) of an
action (ac 2 ACT) performed by an actor (u 2 U) on an
artifact (r 2 R).

A. OPERATIONAL SEMANTICS
Operational semantics of Social Data model are defined in
this section. More precisely, we define how actors perform
actions on artifacts. As formally defined in Def. 7, the first
action is post, which accepts a pair containing an actor and
a new artifact (u, r). First, the actor will be added to the set
of actors (i) and then the new artifact will be added to the
set of artifacts (ii). Finally the post relation (!post ) will be
updated for the new mapping (iii).
Definition 7: In Social Data D = (I, C) with Interactions

I = (U, R,Ac, r

type

,B, !post , !share, !like, !tag, !act

),
we define a post operation of posting a new artifact r (r 62 R)
by an user u as D

L
p(u, r) = (I0, C) where I

0 =
(U0, R

0,Ac, r

type

,B, !post
0, !share, !like, !tag, !act

),
i) U

0 = U [ {u}
ii) R

0 = R [ {r}
iii) !post

0 =
⇢!post (u) [ {r} if !post (u) defined

!post [ {u, {r}} otherwise
The comment action (e.g. on a post) accepts a tuple con-

taining an actor, the parent artifact (on which the com-
ment is made) and the comment content itself as shown in
the Def. 8. As it creates a new artifact, it will first apply

a post action to create the comment as a new artifact with
the actor (i) and then followed by an update to the parent
artifact function (B) by adding the respective mapping to its
parent (ii).
Definition 8: In Social Data D = (I, C) with Interactions

I = (U, R,Ac, r

type

,B, !post , !share, !like, !tag, !act

),
the comment operation on an artifact rp (rp 2 R) by an user u
for a new artifact r is formally defined as D

L
c(u, r, rp) =

(I0, C) where I

0 = (U0, R

0,Ac, r

type

,B0, !post
0, !share,

!like, !tag, !act

),

i) D

L
p(u, r) = (I00, C) where I

00 = (U0, R

0,Ac, r

type

,

B, !post
0, !share, !like, !tag, !act

),
ii) B0 = B [ {r, rp}
As mentioned before, the share operation does not create

any new artifact, but it will updates the actors set and then
makes an update to the share relation (!share) as formally
defined in Def. 9.
Definition 9: Let Social Data be D = (I, C) with

Interactions I = (U, R,Ac, r

type

,B, !post , !share, !like,

!tag, !act

), then we define the share operation on an arti-
fact r by an user u as D

L
s(u, r) = (I0, C) where I

0 =
(U [ {u}, R,Ac, r

type

,B, !post , !share [ {(u, r)}, !like,

!tag, !act

).
The following definition (Def. 10) contains formal def-

initions of like and unlike operations as an update to the
like relation (!like). A like action on an artifact will add a
mapping to like relation (!like) (in addition to adding the
actor to the actors set), where as an unlike action will simply
remove the existing mapping.
Definition 10: In Social Data D = (I, C) with

Interactions I = (U, R,Ac, r

type

,B, !post , !share, !like,

!tag, !act

), we define the like operation by an user u on
an artifact r as D

L
l(u, r) = (I0, C) where I

0 = (U [
{u}, R,Ac, r

type

,B, !post , !share, !like [ {(u, r)}, !tag,

!
act

).
Similarly, we define the unlike operation on D = (I, C)

with Interactions I = (U, R,Ac, r

type

,B, !post , !share,

!like, !tag, !act

), as D l(u, r) = (I0, C) where I

0 =
(U, R,Ac, r

type

,B, !post , !share, !like \ {(u, r)}, !tag,

!
act

).
Finally, tagging action accepts a tuple ((u, r, t)) containing

an actor, an artifact and a set of hash words (i.e. keywords
and actors) and an update to tagging relation (!tag) will be
applied as shown in the Def. 11.
Definition 11: In a Social Data D = (I, C) with

Interactions I = (U, R,Ac, r

type

,B, !post , !share, !like,

!tag, !act

), we define the tagging operation by an user
u on an artifact r with a set of hash words t 2
P(U [ Ke) as D

L
t (u, r, t) = (I0, C) where I

0 =
(U [ {u}, R,Ac, r

type

,B, !post , !share, !like, !tag [
{(u, r, t)}, !

act

).

B. ILLUSTRATIVE EXAMPLE
In this section, we exemplify the formal model by taking
an example post from the Facebook page of McDonald’s
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FIGURE 3. Facebook post example in formal model.

Food/Beverages as shown in the figure 3. In order to enhance
the readability of the example, the artifacts (e.g. texts)
have been annotated as r1, r2 etc and the annotated val-
ues will be used in encoding the example using the formal
model.
Example 1: The following are some of the texts extracted

from a sample post [60] from Facebook page of McDonald’s
Food/Beverages.
r1 = Working towards healthier forests through more

sustainable packaging. Learn more about how McDonald’s
is addressing climate change: http://McD.to/6188BrQzM
r2 = What about healthier food?
r3 = Chicago Tribute reports that MacDonald’s is

‘raising the bar’. You mean bars with nails in them to
beat live chickens with? MacDonald’s is one big lie.
Don’t believe them. Next they’ll tell you their food
is healthy.
r4 = Their food is healthy when enjoyed properly. Their

beef is amazing and that’s what they move a lot of. The fattier
menu items, if you have any modicum of a pallet, you’ll
notice are sides and not to be enjoyed in such an amount as
whole meals themselves, but hey, I know some people who
think raw sugar is a treat.
r5 = I don’t understand how you can use the

words ‘healthy’ and MacDonald’s in the same sentence.
They manufacture (and I use that word deliberately) to
have a perfect balance of salt, sugar and fat to hook
children with their ‘Happy Meals’. Sorry Keith, but

healthy does not contain GMO’s, Factory Farmed Animals,
Chicken beaks, feathers etc, wood cellulose, fat, sugar and
salt.
r6 = Wow what a load of crap. I’m lovin it. Lovin that you

are losing business and closing stores. Serving gmo.poison
and promoting health. I want to puke
r7 = wow eye opening comments
The example shown in Fig. 3 can be encoded as follows,
The social Data D = (I, C) contains two components:

I = (U, R,Ac, r

type

,B, !post , !share, !like, !tag, !act

)
is the Interactions and
C = (To, Ke, Pr, Se, !

topic

, !
key

, !
pro

, !
sen

) is the
Conversations.
Initailly, let us assume that the sets of activities, topics,
keywords, pronouns and sentiments will have the following
values.
Ac = {promotion},
To = {healthy food, sustainable packaging},
Ke = {healthy, sustainable, beef, chicken, . .}
Pr = {We, I },Se = {+, 0, �},
U = {u0, u1, ...}
R = {r1}
!

act

= {(r1, promotion)}
post action by u0
D

L
p(u0, r1) = D1 = (I1, C) where

I1 = (U1, R1,Ac, r

type

,B, !post 1, !share, !like, !tag,

!
act

) with the following values
U1 = U [ {u0}, R = R [ {r1} and
!post1=!post [ {(u0, {r1})}
like action by u2 and u1
Let’s imagine that the post was liked by user u2 first and then
liked by user u1.
D1

L
l(u2, r1)

L
l(u1, r1) = D2 = (I2, C) where

I2 = (U2, R,Ac, r

type

,B, !post 1, !share, !like 1, !tag,

!
act

) with the following values
U2 = U1 [ {u2} [ {u1}, and
!like 1 =!like [ {(u2, r1), (u1, r1)}
comment action by u5 on the post r1
Let’s imagine that the user u5 posted a comment (r3) on
the Facebook post and let D3 be the social data before the
comment action.
D3

L
c(u5, r3, r1) = D4 = (I4, C) where

I4 = (U4, R3,B1, r

type

,Ac, !post 3, !share, !like 1,

!tag, !act

) with the following values
U3 = U3 [ {u5}, R3 = R2 [ {r3}, !post 3 =!post

2 [ {(u5, {r3})} and B 1 = B [ {(r3, r1)}.
Reply to comment by u7 on the comment r3
Let’s imagine that the user u7 posted a reply (r4) on the
comment (r4).
D4

L
c(u7, r4, r3) = D5 = (I5, C) where

I5 = (U5, R4,B2, r

type

,Ac, !post 4, !share, !like 1,

!tag, !act

) with the following values
U5 = U4 [ {u7}, R4 = R3 [ {r4}, !post 4 =!post

3 [ {(u7, {r4})} and B 2 = B1 [ {(r4, r3)}.
The rest of the operations shown in Fig. 3 can expressed

similarly in the formal model.
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VI. CASE STUDY 1: FUZZY-SET BASED
SENTIMENT ANALYSIS
At the enterprise level, as Li and Leckenby [61] observed,
technological advances such as the Internet have resulted
in the vertical integration of business channel capacities
such as production, distribution, transaction (e.g., Amazon
and other e-commerce websites) and a horizontal integra-
tion of marketing functions such as advertising, promotions,
public relations (e.g., Facebook and other social media plat-
forms). At the agentic level of consumers, Internet and social
media platforms resulted in changes not only to consumers’
attitudes, perceptions and behaviours but also to the decision-
making process itself in terms of the consideration set, search
criteria, heuristics, and time [2], [62]. Taken together this led
to the emergence of organizations that strategically utilize
the online channels including social media platforms for
business purposes [4]. This results in vast amounts of social
data related to an enterprise’s products, services, policies and
processes. As such, one key application domain for sentiment
analysis in enterprises is to monitor brand image, loyalty, and
reputation.

Sentiment analysis can help in the understanding the user
motivations for social media engagement, the different phases
of consumer decision-making process and the potential busi-
ness value and organizational impact of positive, negative and
neutral sentiments. To illustrate this point, let us consider
the following instance of socially shared consumption [63]:
a positive mention about a product resulting from an auto-
mated status update of digital consumption on social media
platform such as Facebook. In terms of consumer decision-
making, this Facebook post can play a role in all three dif-
ferent orderings of the Hierarch of Effects (HoE) [64], [65]
in terms of learning about the product, evaluating one’s own
experience of it with those of others, and engaging with
the product as a brand loyalist by following that particular
product related Facebook pages and posts. Similarly, the
interactional dynamics of users sentiments on social media
platforms might help companies better understand the sales
funnel models such as AIDA (Attention, Interest, Desire and
Action) [61]. Sentiments of users’ posts might provide value
in terms of social capital and/or signaling by turning the
private individual act of consumption into a public social
event and thereby signaling the user’s characteristics such as
taste, class, conscientiousness, and/or wealth. In other words,
sociological dynamics and marketing implications similar to
the conspicuous consumption [66].

A. FORMAL MODEL OF FUZZY SOCIAL DATA
In this section, we will extend the formal semantics of social
data presented in Sec. V with the semantics of Fuzzy sets.
Regarding notations for the formal model of Fuzzy Social
Data, we will follow the same notations mentioned in Sec. V.

1) FUZZY SETS
First, we will recall necessary basic definitions of Fuzzy
sets [67].

Definition 12: If X is a set of elements denoted by x, then
a fuzzy set A over X is defined as a set of ordered pairs
A = {

�
x, µA(x)

�
| x 2 X )} where µA : X ! [0, 1] is the

membership function.
Each member or element of a fuzzy set A is mapped to real

number between 0 and 1 ([0, 1]), which represents the degree
of membership of an element in the fuzzy set. A membership
value of 1 indicates full membership, while a value of 0
indicates no membership.
Definition 13: For a (finite) fuzzy set A, the cardinality is

defined as |A | = P
x2X

µA(x), which is the summation of all

membership values of a fuzzy set. The relative cardinality
k A k is defined as k A k = |A|

|X | , where | X | is the number
of elements in set X .
Definition 14: The support of a fuzzy set A is a crisp set

of all x 2 X such that µA(x) > 0. The crisp set of elements
that belongs to fuzzy set A at least to a degree ↵ is called ↵-
level or ↵-cut is defined as A↵ = {x | x 2 X ^ µA(x) � ↵}.
Definition 15: TheUnion operation on two fuzzy sets A =

{
�
x, µA(x)

�
| x 2 X )} and B = {

�
x, µB(x)

�
| x 2 X )} with

membership functions µA and µB respectively is defined as a
fuzzy set {(x, µA[B(x)) | µA[B(x) = Max(µA(x), µB(x))}.
Definition 16: A fuzzy relation R from a set A to B with

its membership function µR : A ⇥ B ! [0, 1] is defined as
R = {

�
(a, b), µR(a, b)

�
| (a, b) 2 A⇥ B}.

Similar to a fuzzy set, the membership function of a fuzzy
relation indicates strength of its relationship. Moreover a
fuzzy relation is nothing but a fuzzy set where the elements
are ordered pairs of the relation.

2) FUZZY SOCIAL DATA
Following the definitions of Artifact Type 1, Actions 2 and
Social Data 3 from Sec. V, we redefine fuzzy Interactions by
redefining the activity relation (!

act

) as a fuzzy relation as
follows.
Definition 17: In Social Data D = (I, C), fuzzy Interac-

tions is defined as a tuple I = (U, R,Ac, r

type

,B, !post ,

!share, !like, !tag, !act

) where
i) U, R,Ac, r

type

,B, !post , !share, !like, !tag are
same as defined in 4,

ii) !
act

= {((r, a), µ!
act

(r, a)) | r 2 R, a 2 Ac}
is a fuzzy relation mapping artifacts to activities with
membership function µ!

act

: R ⇥ Ac ! [0, 1]
As shown in Def. 17-i, except!

act

relation, semantics of the
rest of the items in fuzzy Interactions remain same as defined
in the Interactions of core Social Data formal model. The
!

act

is a fuzzy relation indicates a mapping between arti-
facts to activities (Def. 17-ii) with a membership function
(µ!

act

) indicating the strength of relationship, varies between
0 to 1. A membership value of 0 indicates complete non-
existence of relationship between an artifact to an activity,
where as value of 1 indicates full existence of such relation-
ship. A value in between 0 to 1 indicates partial existence
of the relationship.
Similarly, we define fuzzy Conversations of Social data as

follows by redefining all relations as fuzzy relations.
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Definition 18: In Social Data D = (I, C) we define
fuzzy Conversations as C = (To,Ke,Pr,Se, !

topic

, !
key

,

!
pro

, !
sen

) where
(i) To,Ke,Pr,Se are the sets of topics, keywords, pronouns

and sentiments respectively as defined in 5
(ii) !

topic

= {
�
(r, to), µ!

topic

(r, to)
�

| r 2 R, to 2
To} is a Fuzzy relation mapping artifacts to topics with
membership function µ!

topic

: R ⇥ To ! [0, 1],
(iii) !

key

= {
�
(r, ke), µ!

key

(r, ke)
�

| r 2 R, ke 2 Ke}
is a Fuzzy relation mapping artifacts to keywords with
membership function µ!

key

: R ⇥ Ke ! [0, 1],
(iv) !

pro

= {
�
(r, pr), µ!

pro

(r, pr)
�

| r 2 R, pr 2 Pr}
is a Fuzzy relation mapping artifacts to pronouns with
membership function µ!

pro

: R ⇥ Pr ! [0, 1],
(v) !

sen

= {
�
(r, se), µ!

sen

(r, se)
�

| r 2 R, se 2 Se}
is a Fuzzy relation mapping artifacts to sentiments with
membership function µ!

sen

: R ⇥ Se ! [0, 1].
The semantics of sets of topics (To), keywords (Ke),

pronouns (Pr), and sentiments (Se) in fuzzy Conversations
remain the same as in the case of Conversations (Def. 5)
of Core formal model of Social data. Furthermore, one may
note that all the relations in fuzzy Conversations (!

topic

,
!

key

, !
pro

and !
sen

) are defined as fuzzy relations
with membership function varies from [0, 1], indicating the
strength of relationships, where as the relations in Conversa-
tions of core formal model of social data are crisp relations.

B. METHODOLOGY
In this section, we will outline a method for calculating the
sentiments of artifacts and actors based on formal model
presented in previous section.

1) SENTIMENT ANALYSIS
In contrast to the analytical focus on relationships in tradi-
tional social network analysis (SNA) methods, our analytical
focus is on associations of actors and artefacts as sets and
fuzzy sets based on certain criteria for actions, activities,
sentiments, topics etc. In our associational approach, we
model set and fuzzy set memberships of Actors performing
Actions in Activities on Artifacts. Artifacts carry direct sen-
timent as they can be analysed by a sentiment engine and
assigned a sentiment score and label by the sentiment engine.
Individually, an action does not carry any sentiment, but it
is the artifacts on which these actions are carried over, that
contain sentiments. Similarly, even though actors does not
carry sentiment directly, but they express their sentiments by
performing actions on the artifacts, which contain the direct
sentiment. Therefore, the sentiment attributed to an actor can
be inferred or derived from the artifacts on which the actions
are performed. Let us assume that the set of sentiments in the
Conversations contain some predefined labels: positive (+),
neutral (0) and negative (�) as indicated in Se = {+, 0, �}.

2) SENTIMENT ANALYSIS OF ARTIFACTS
In this sentiment analysis of artifacts, let us assume
that we are confined to textual types of artifacts,

i.e. r

type

(r) = (post _ comment). Using an automatic
method (for example using a natural language processing
engine) for categorising sentiment of artifacts, an artifact
can be mapped to different sentiment labels with a score
indicating probability of relevance between the artifact and
sentiment label. Normally, these scores are expressed as
either percentages or real numbers (between 0 to 1), and the
sum of such scores of an artifact for multiple sentiment labels
will be equal to 1.
Therefore, in this sentiment analysis, we consider the

sentiment score of an artifact as it’s membership value
of relationship between an artifact and a sentiment label
(!

sen

). For example, if the sentiment of an artifact r1
is categorised among three sentiment labels as 0.43 pos-
itive, 0.26 neutral and 0.31 negative, then it is encoded
in the sentiment fuzzy relation (!

sen

) as !
sen

=
{.,

�
(r1, +), 0.43

�
,
�
(r1, 0), 0.26

�
,
�
(r1, �), 0.31

�
, .}.

Furthermore, we can perform an↵�cut operation (Def. 14)
on a Fuzzy set, to convert it to a crisp set containing set
members, whose membership value is at least to the degree
of of ↵ 2 [0, 1].

R

se
↵ = {r | (µ!

sen

(r, se) � ↵)}
Finally the crisp set R

se
↵ contains all the desired artifacts

whose sentiment is more than certain minimum value (↵).
Based on the context and requirements, one could apply
different ↵�cuts to the fuzzy set to!

sen

, to get the crisp sets
containing artifacts meeting to certain minimum sentiment
score as criteria (↵).
Especially, the method of application ↵ � cuts is quite

useful when we want to explore a phenomena which is very
feebly represented in the data corpus. For example, in order to
explore a weak negative sentiment in response to an event in
the data corpus, one could go for a very low value of ↵ � cut
(e.g. ↵ = 0.2 or even less), to further analyse the data
in a magnified view to get fine grained data visualisations.
On there other hand, if some one wants to get a more abstract
view on a dominantly represented sentiment values, adopting
higher values of ↵ � cut (e.g. ↵ > 0.6 or even more) will
results in a view with a course grained data visualisations
where only strong sentiments are represented.

ACTORS ASSOCIATED WITH ARTIFACTS
Several actors are associated with an artifact. For example
actors can perform post, comment share and like actions on
an artifact. Of course, actors can also perform tag action on
an artifact, but we will ignore tagging operation for sentiment
analysis in this paper. The set of actors that are associated
with the given set of artifacts (e.g. R

se
↵ ), can be computed as

follows,

8r 2 R

se
↵ .

U

R

se
↵

= {u | r 2!post (u)}
[ {u | r 0 2 R ^ r 0 2!post (u) ^ B(r 0) = r}
[ {u | (u, r) 2!share}
[ {u | (u, r) 2!like}.
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As formally expressed above, the set of actors (U
R

se
↵
) asso-

ciated with given set of artifacts (Rse
↵ ) contains sets of users

who posted the artifacts, who commented on the artifacts,
who shared the artifacts and who liked the artifacts. One
could notice that both the set of actors (U

R

se
↵
) and set of arti-

facts (Rse
↵ ) are crisp sets and taking the cardinality of these

sets will provide us the number of members in them. One
of the ways to analyse the sentiment over a time scale could
be to compute these sets (R↵ and U

R

se
↵
) for each sentiment

label (8.se 2 {+, 0, �}) for given time span intervals to plot
them across the time horizon.

3) SENTIMENT ANALYSIS OF ACTORS
As explained in the previous section, the sentiment attributed
to an actor can be derived from the artifacts on which actions
are performed by the actor. An actor can perform different
actions: post, comment, share, like and tag on different arti-
facts. However tag action is not considered for the sentiment
analysis as mentioned previously. From the formal model, for
any given actor, we can compute the sets of artifacts over
which the actor performed actions as mentioned previously.
Building on that, for any given artifact we can also com-
pute the sentiment scores associated with different sentiment
labels from the sentiment relation (!

sen

).
Therefore, the sentiment associated with an actor (use) can

be defined as a tuple containing the following fuzzy sets,

(!se
p , !se

c , !se
s , !se

l )

1) !se
p = {

�
(r, se), µp(r, se)

�
| r 2!post (u) ^

B(r) is not defined} is a fuzzy set containing all the
artifacts that are posted by the user with µp(r, se) =
µ!

sen

(r, se) as membership function,
2) !se

c = {
�
(r, se), µc(r, se)

�
| r 2!post (u) ^ 9r 0 2

R.B (r) = r 0} is a fuzzy set containing all the comment
artifacts that are posted by the user, with µc(r, se) =
µ!

sen

(r, se) as membership function,
3) !se

s = {
�
(r, se), µs(r, se)

�
| (u, r) 2!share} is a fuzzy

set containing all the artifacts that are shared by the
user, with µs(r, se) = µ!

sen

(r, se) as membership
function,

4) !se
l = {

�
(r, se), µl(r, se)

�
| (u, r) 2!like} is a fuzzy

set containing all the artifacts that are liked by the user,
with µl(r, se) = µ!

sen

(r, se) as membership function,
where r 2 R, se 2 Se, µ!

sen

(r, se) is the membership
function of the sentiment fuzzy relation (!

sen

).
The the sentiment associated with an actor (use) can calcu-

lated by application of union operation (Def. 15) on the above
fuzzy sets (!se

p [ !se
c [ !se

s [ !se
l [ !se

t ). Therefore,
sentiment associated with an actor (use) can be computed as
follows

use = {
�
(r, se), µu(r, se)

�
| r 2 Ru}, where

1) Ru is set of artifacts for an actor (u) over which the
actions are performed
Ru =!post (u) [ !share (u) [ !like (u).

FIGURE 4. Example in formal model.

Notice that, the set !post (u) contains all artifacts that
are posted and commented by the user.

2) the membership function is defined as
µu(r, se) = Max(µp(r, se), µc(r, se), µs(r, se),

µl(r, se))
One could observe that the associated sentiment of an

actor is a fuzzy set with artifacts and sentiment labels with
membership values as the sentiment scores. Therefore, one
could apply the ↵ � cuts on the fuzzy set to extract a crisp
set (use↵ ) meeting up the criteria for each sentiment label
(8.se 2 {+, 0, �}).
Furthermore, the same method can applied to get such

sets for different time span intervals with in a time period.
One of the ways to analyse the associated actor sentiment
over a time scale could be to compute these sets (use↵ ) for
each sentiment label (8.se 2 {+, 0, �}) for given time span
intervals and plot their cardinalities (e.g. number of artifacts
in the set for+ sentiment) across the time horizon. In this way,
we could profile the associated sentiment of an actor over
a period of time by computing how the cardinalities of the
sets of the associated sentiment labels of an actor varies over
timeline.

C. ILLUSTRATIVE EXAMPLE
In this section, we will exemplify the formal model with
fuzzy sets by taking an example post from the Facebook
page of H&M cloth stores as shown in the figure 4.
In order to enhance the readability of the example, the arti-
facts (e.g. texts) have been annotated as r1, r2 etc and the
annotated values will be used in encoding the example using
the formal model.
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Moreover, as our focus is to mainly to demonstrate sen-
timent analysis, we will abstract away from the details
of the sets (e.g. Topics, Keywords etc) which are not directly
involved in the sentiment analysis. As shown in Figure 4, the
sentiments of the artifacts (e.g. (+):20, (0):65, (�):15) are
represented in the boxes below the artifacts.
Example 2: The example shown in Fig. 4 will be encoded

as follows,
D = (I, C) where I = (U, R,Ac, r

type

,B, !post , !share,

!like, !tag, !act

) is the Interactions and C= (To, Ke, Pr,
Se, !

topic

, !
key

, !
pro

, !
sen

) is the Conversations.
Initially, the sets of actors, artifacts and other relations have

the following values.
U = {u0, u1, u2, u3, u4, u5, u6, ...}
R = {r1, r2, r3, r4, r5, ...}
B = {(r2, r1), (r3, r1), (r4, r1), (r5, r1), ..}
!post = {(u0, {r1, ..}), (u2, {r2}), (u3, {r3, r5}), (u6, {r4}), ..}
!share = {(u4, r1), (u2, r1)..}
!like = {(u1, r1), (u5, r3), (u2, r4), (u4, r5), ..}
Se = {+, 0, �}
After the artifacts are analysed for the sentiments, the senti-
ment relation becomes a fuzzy set contain the pairs of artifacts
and sentiment labels with the sentiment score as membership
value as shown below,

!
sen

=
��
(r1, +), 0.20

�
,
�
(r1, 0), 0.65

�
,
�
(r1, �), 0.15

�
,

�
(r2, +), 0.65

�
,
�
(r2, 0), 0.30

�
,
�
(r2, �), 0.05

�
,

�
(r3, +), 0.82

�
,
�
(r3, 0), 0.15

�
,
�
(r3, �), 0.03

�
,

�
(r4, +), 0.12

�
,
�
(r4, 0), 0.21

�
,
�
(r4, �), 0.67

�
,

�
(r5, +), 0.29

�
,
�
(r5, 0), 0.34

�
,
�
(r5, �), 0.37

� 

Regarding temporal dimension (T), let us assume that the post
(in Figure 4) and all its conversation happened in same time
frame (t1�t2), then sentiment relation for time period (t1�t2)
is same as !

sen

.
From the sentiment fuzzy set, one can extract different

crisp sets (Rse
↵ ) for artifacts based different values of ↵�cuts.

For example for a value of ↵ = 0.4, the artifact sets for+ and
� will be
R

+
↵=0.40 = {r2, r3} and |R+

↵=0.40 | = 2
R

�
↵=0.40 = {r4} and |R�

↵=0.40 | = 1
On the other hand, if some one wants a fine grained

analysis of the data, they could use a lower value for
↵ � cut , which will include more elements into the
analysis.
R

+
↵=0.20 = {r1, r2, r3, r5} and |R+

↵=0.20 | = 4
R

�
↵=0.20 = {r4, r5} and |R�

↵=0.20 | = 2.
Similarly, we can also compute the actor sets (U

R

se
↵
) that are

associated with the artifact sets as
follows.

U

R

+
↵=0.40

= {u2} [ ; [ ; [ ; [ {u3} [ ; [ ; [ {u5}
= {u2, u3, u5}

U

R

�
↵=0.20

= {u6} [ ; [ ; [ {u2} [ {u3} [ ; [ ; [ {u4}
= {u6, u2, u3, u4}

Notice that, here we have an advantage due to fuzzy set
modelling that an can an actor can be present in more than one
set (e.g. U

R

+
↵=0.2

and U

R

�
↵=0.2

), as an actor can express more
than one sentiment by performing the actions on artifacts in
reality. When once crisp sets for artifacts (Rse

↵ ) and actors
(U

R

se
↵
) are computed on a time scale for given time spans,

one can plot their cardinalities against the time scale.

1) INFERRED SENTIMENT AND ACTOR PROFILING:
As explained in the previous section, the inferred sentiment
for actors can be calculated in the similar line as above.
In this example, we will show how one can compute inferred
sentiment for the actor u2, where we take union of fuzzy
sets containing artifacts with sentiment labels for the artifacts
posted, shared and liked by actor u2 as follows.

u+
2 = {((r2, +), 0.65)} [ {((r1, +), 0.20)} [ {((r4, +), 0.12)}

= {
�
(r2, +), 0.65

�
,
�
(r1, +), 0.20

�
,
�
(r4, +), 0.12

�
}

u�
2 = {((r2, �), 0.05)} [ {((r1, �), 0.15)} [ {((r4, �), 0.67)}

= {
�
(r2, �), 0.05

�
,
�
(r1, �), 0.15

�
,
�
(r4, �), 0.67

�
}

After computing the fuzzy sets as above, one could apply
↵�cut with the required granularity to get crisp sets similar to
the sentiment analysis of the artifacts. After that many such
sets can be computed for a given time intervals and can be
plotted on a time scale to analyse how the sentiment of an
actor varies in the time frame.

D. CASE STUDY AND FINDINGS
In this section, we present a case study where big social
data of the fast fashion company, H&M is collected from
its Facebook page. We empirically analyse the sentiment
of artifacts on social data collected by Social Data Analytics
Tool (SODATO) [38] from the Facebook page of H&M and
analysis using the methodology presented in the previous
section that is based on formal modelling of social data.

1) CONVERSATION ANALYSIS
Google Prediction API [68] was utilized in order to calculate
sentiments for the posts and comments on the wall. Google
Prediction API provides RESTful API access to the service.
Configuration for computation of sentiment began with the
setting up a model which was trained with the manually
labelled data subset from the H&M data corpus fetched by
SODATO. This training dataset consisted of 11,384 individ-
ual posts and comments randomly selected from H&M data
corpus and their corresponding sentiment labels as coded
by five different student analysts. Training data was labelled
Positive,Negative orNeutral and the file was uploaded on the
Google Cloud Storage using the console explorer interface
provided by the Google.
After successful training of the model, Sentiment mod-

ule provided by SODATO was utilized to calculate senti-
ment for posts and comments for the entire conversations
corpus of H&M. The sentiment results for each individual
post/comment returned by the Google Prediction API were

2554 VOLUME 4, 2016



R. Vatrapu et al.: Social Set Analysis: A Set Theoretical Approach to Big Data Analytics

TABLE 3. Parent artifact (posts) sentiment distribution.

TABLE 4. Total artifact (posts + comments + likes) sentiment distribution.

TABLE 5. Actors sentiment with different ↵ � cuts.

saved back to the relational database. In order to calcu-
late quarterly aggregation of the sentiment classified conver-
sations, further segmentation and grouping was performed
using SQL queries and relational database entities were used
to store data and it was made available for Analytical calcu-
lations.

2) DATA ANALYSIS
The H&M Facebook wall was fetched for a time period from
12-March-2007 to 31-December-2013 using SODATO tool.
The total data corpus for that period contains 12.58 million
data elements including posts, comments, likes on posts
and comments and shares. The sentiment scores for the
12.58 million data elements were analysed using Google
Prediction API [68].

3) FINDINGS
Compared to existing sentiment analysis methods and tools
in academia and industry, the set theory and fuzzy set theory
approach that we demonstrated in the tables (3, 4 and 5)
and figures (5, 6 and 7) above reveal the longitudinal sen-
timent profiles of actors and artefacts for the entire corpus.

FIGURE 5. Artifact sentiments. (a) ↵ � 0.1. (b) ↵ � 0.3. (c) ↵ � 0.5.
(d) ↵ � 0.7.

FIGURE 6. Actor sentiments. (a) ↵ � 0.1. (b) ↵ � 0.3. (c) ↵ � 0.5.
(d) ↵ � 0.7.

The ↵-cut approach to sentiment analysis allows analysts
(marketing professionals and/or academic researchers) to
specify their own probability level for sentiment categories
of positive, negative and neutral. Further, it allows the indi-
vidual analyst to identify the intersections of positive, nega-
tive, and neutral sentiment for any given ↵-cut. This allows
the analyst to identify strong-weak expressions of positive,
negative, and neutral sentiment.
For example, let us consider the ↵-cut of 0.9 for actors

in Table 5 and Figure 7(b). The graph shows that 7.18%
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FIGURE 7. Artifact and Actor sentiments for ↵ � 0.9. (a) Artifact
sentiments ↵ � 0.9. (b) Actor sentiments ↵ � 0.9.

of the entire Facebook user group for the company are always
expressing negative sentiments whereas 19.9% of the user
group is always expressing positive sentiments. With the
caveat that not all of those positive and negative sentiments
could be about the company itself (they could be directed
towards other brands and/or other social actors on the Face-
book page of the company), the results can help identify
the strong brand loyalists (always positive) and strong brand
critics (always negative). Similar analysis for the ↵-cut of 0.1
for actors will yield weak brand loyalists and critics.

With respect to the sentiment analysis of artifacts, at the
↵-cut of 0.9 (Table 3 and Figure 6(a)), we find that 0.33%
of all conversations on the Facebook page were entirely nega-
tive. A quick test for the social media marketing effectiveness
can be constructed by extracting the number of completely
negative conversations started by the company itself. That
is, it is marketing problem if the company’s posts are being
categorized as negative sentiment and the all ensuing interac-
tions by its Facebook users are also negative. This might have
implications for the brand reputation and image even dis-
counting attempts at humor by self-depreciation and/or irony.
Applying the crisp set and fuzzy set modelling of sentiments
of actors and artefacts over critical time periods can reveal
the temporal dynamics of how different users express their
sentiments for different products, campaigns, and events.
Having said that, our primary objective in this paper is not to
provide a detailed interpretation of the results but to propose
and demonstrate a new approach to sentiment analysis.

VII. CASE STUDY 2: SOCIAL SET ANALYSIS OF
CORPORATE SOCIAL MEDIA CRISES ON FACEBOOK
Corporate crises are by nature unpredictable but post hoc,
crises appear not unexpected. Corporate crisis can trigger
negative reactions from stakeholders and thereby affect the
overall performance of the company. Therefore, it is impor-
tant for the companies to respond to the crises in order to
limit the damage [69], [70]. This paper addresses the topic
of corporate crises on social media channels. Social media
crises pose significant challenges for organizations in terms
of their rapid propagation and deterioration of brand param-
eters that can have sustained negative business impacts. This
paper addresses the following research questions.

Research Questions
1) What were the characteristics of big social data before,

during, and after the corporate crisis?
2) What strategies and tactics does a companies employ, if

at all they do, in order to manage the social media crisis?
3) How can a company in general best manage a social

media crisis?

A. SELECTED CORPORATE SOCIAL MEDIA CRISES
In order to address the above research questions, we selected
four recent social media crises. The objective was to uncover
temporal dyanamics and interactional patterns of big social
data and to investigate the strategies and tactics adopted
by the companies that have experienced social media cri-
sis in order to manage them. We purposefully limited the
selection of social media crises to Denmark and the social
media platform to Facebook to hold invariant the techno-
logical,linguistic and socio-cultural aspects of interacting
with social media [32], [37] invariant : Copenhagen Zoo,
Telenor, Jensen’s Bøfhus (translation: Jensens Steak House),
and Imerco. Next, we briefly describe each corporate social
media crisis.
Copenhagen Zoo experienced a social media crisis, which

started on February 8th 2014, due to an impending euthaniz-
ing of a young giraffe they had chosen to call Marius and
lasted until February 13th 2014. Also, major international
media has also participated in the case ofMarius. British BBC
and The Guardian newspaper has also referred to the killing,
CNN followed the case on both network and TV, and The
New York Times has also written about Marius’ death [71].
Telenor experienced a social media crisis on Face-

book, which started on August 3rd 2014 and lasted until
August 8, 2014, due to a farewell salute from an unsatisfied
customer who wrote in the evening on August 2nd 2014
at Telenor’s Facebook page that he had ended his mobile
subscription with the telecom company. In his post, the dis-
satisfied customer described that Telenor could not manage
to collect money by Direct Debit and that the company had
repeatedly sent reminders before he had received the normal
expense. This post brought Telenor into a social media crisis
on Facebook1 and more than 30,000 ‘‘liked it’’.2

Jensen’s Bøfhus experienced a social media crisis on
Facebook, which started on September 19, 2014 and lasted
until September 27, 2014, due to a dispute between Jensen’s
Bøfhus, and a fish restaurant named Jensens Fiskerestau-
rant (ed. Jensen’s Seafood Restaurant). The case involved
a conviction in the Supreme Court that caused great debate
in Denmark, since Jensen’s Bøfhus were successful at that
the name, Jensen Fiskerestaurant, is too similar to the steak-
house chain restaurant. This meant that the owner of Jensen’s
Fiskerestaurant, Jacob Jensen, had to change the name of his
restaurant. According to Jensen’s Bøfhus they were trying to
protect their trademark in the catering industry as Jensens

1Telenor on tv2.dk.
2Telenor on politiken.dk.
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TABLE 6. Actions of admin/non-admin actors on post artifact.

Fiskerestaurant were planning to expand with new restau-
rants in other cities.3 According to the judgment, the small
restaurateur, Jacob Jensen, had to pay 200,000 Danish kro-
ner to Jensen’s Bøfhus, 150,000 Danish kroner to the costs
that Jensen’s Bøfhus have had his own lawyer and other
expenses.4

Imerco experienced a social media crisis, which started on
August 25th, 2014 and lasted until August 26th 2014, due to a
fast sold out anniversary vase from the brand Kähler. 16,000
customers wanted to buy a special anniversary vase from
the company Kähler on offer at Imerco’s website. However,
this tumbled the website, after which angry customers vented
their displeasure on Imerco’s Facebook page.5

B. METHODOLOGY
In this section, we will outline the methodology adopted to
conduct big social data analytics on the Facebook walls of the
companies based on the formal definitions of social data as
defined in Sec. V. In the analysis, we also distinguish between
admin-actor (denoted by ua), who manages the Facebook
wall of an enterprise from non-admin actors (denoted by
u 2 U\ua), who are the social media users. To simply themat-
ters, we have excluded share action from our analysis as we
did not noticed any share actions in the datasets. Moreover,
the terms user and actor are used interchangeably throughout
the paper without any difference in semantics.

1) ARTIFACT ANALYSIS (CRISIS DETECTION)
Social media crises are characterized by marked increase in
interaction levels on the social media channels. Further, based
on traditional crisis communication andmanagement theories
and frameworks discussed earlier, we conducted temporal
analysis of interactions in terms of two kinds of actions
(like and comment) with respect to two kinds of artifacts
(posts and comments) made by two different kinds of actors
(admins/companies and non-admins) over temporal dimen-
sion of daily, weekly and yearly as further explained below.

a: POST ARTIFACT ANALYSIS
As shown in Table 6, kind of actions that can be performed on
a post artifact are comment and like. As one of the possible
interactions in Table 6, comment and like actions made by
non-admin actors over the post artifact created by the admin-
actor can be defined as,

3Jensen’s Bøfhus on tv2.dk.
4Jensen’s Bøfhus on politiken.dk.
5Imerco on politiken.dk.

1) Comments by non-admin actors on admin-actor posts:
R

u|ua
c = {rc | (ua, rp) ^ (u, rc) 2!post }

2) Likes by non-admin actors on admin-actor posts:
L

u|ua = {(u, rp) | (ua, rp) 2!post ^(u, rp) 2!like}.
The set (Ru|ua

c ) contains comment artifacts (rc) made
by non-admin actors (u) on the post artifact (rp) created
by admin-actor (ua). Similarly, the set L

u|ua contains pairs
of non-admin actors (u) with their liked post artifacts (rp), that
were created by the admin-actor (ua). Finally, total number
of actions made by the non-admin actors on admin-actor
posts can be calculated by taking sum of set cardinalities
(|Ru|ua

c | + |Lu|ua |). Using this method, we have calculated
weekly distribution of actionsmade by non-admin actors over
the admin posts for the case study companies. As an example,
such a distribution for Copenhagen Zoo crisis is plotted as
shown in Figure 8(a). The other interactions from Table 6 can
be defined similarly.

b: COMMENT ARTIFACT ANALYSIS
Like is the only type of interaction that can be performed on
a comment artifact. Therefore, we have conducted temporal
analysis of like action (by admin vs non-admin actors) on
comments made (by admin vs non-admin actors) over the
posts (made by admin vs non-admin actors) on a tempo-
ral dimension of daily, weekly and yearly as are shown in
Table 7.

TABLE 7. Likes on comments by admin/non-admin actors over posts by
admin/non-admin actors.

As one of the possible interactions from Table 7, we define
likes by non-admin actors on comments made by non-admin
actors over posts by admin-actor as follows.
Let u1, u2 2 U \ ua be the non-admin actors, rp, rc 2 R

be the post and comment artifacts such that the comment is
made on post (rp B rc), then
L

u|u|ua = {(u2, rc) 2!like | (ua, rp), (u1, rc) 2!post }.
The set L

u|u|ua indicates likes by non-admin actors (u) on
the comments (rc) made by non-admin actors (u) over the
posts (rp) made by admin actor (ua).
Similarly, the likes by non-admin actors on the com-

ments made by the admin-actor over the admin posts can be
defined as,
L

u|ua|ua = {(u1, rc) 2!like | (ua, rp), (ua, rc) 2!post }.
Using the above methodology, comparison of likes on

comments made by admin actor verses non-admin actors over
the admin posts for the Jensen Bøfhus company is computed
and plotted as shown in Figure 8(c).

2) ACTOR ANALYSIS (SOCIAL SET ANALYSIS)
As part of social set analysis, sets containing unique actors
who performed interactions during (Ud ), before (Ub) and
after (Ua) the crisis period are computed. Let tsd , tsb and tsa
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FIGURE 8. Artifact Analysis of Copenhagen Zoo and Jensen Bøfhus
Crises [72]. (a) Zoo - comments, likes by non-admin actors on admin
posts. (b) Jensen Bøfhus - comments, likes by non-admin actors on admin
posts. (c) Jensen Bøfhus - comparison of likes on comments made by
admin vs non-admin actors.

be time spans for during, before and after the crisis respec-
tively containing respective sets of time stamps for those
periods. In the social set analysis conducted on the four
companies presented in this paper, we observed that the crisis
period spans around twoweeks on the social media platforms,
therefore timespan tsd contains time stamps belonging two
weeks of the crisis period, where as tsb, tsa contains times-
tamps belonging to two weeks before the start of the crisis
and two weeks after the end of the crisis respectively.

a: ACTORS ANALYSIS FOR CRISIS PERIOD
The during (Ud ) actors set contains the actors who have either
posted or commented or liked an artifact during the crisis

FIGURE 9. Artifact Analysis of Imerco and telenor Crises [72]. (a) Imerco -
comments, likes by non-admin actors on admin posts. (b) Imerco - posts,
comments, likes by non-admin actors on non-admin posts. (c) Telenor -
comments, likes made by non-admin actors on admin posts.

period (tsd ), as defined below. Let ac 2 {post, comment},
then

Ud = {u | 9r 2 R.(u, r) 2!post ^ T(u, r, ac) 2 tsd }
[ {u | 9r 2 R.(u, r) 2!like ^ T(u, r, like) 2 tsd }

where T(u, r, ac) and T(u, r, like) are timestamps of the
respective actions. As indicated above the set Ud contains
all the unique actors that have performed either a post, or
a comment or a like on an artifact during the crisis period.
Similarly, the unique actor sets Ub and Ua can computed
where the time stamp of the actions belongs to time spans:
before (tsb) and after (tsa) the crisis period respectively.
Finally intersections between actor sets (Ud , Ub, Ua) have
been computed to represent actor Venn diagrams as shown
in Fig. 10. As an example, the set of unique actors who have
performed actions only during crisis (neither before nor after)
can be computed using the principle of Venn diagram as:
Ud [ (Ud \ Ub \ Ua) \

�
(Ud \ Ub) [ (Ud \ Ua)

�
.

3) ACTOR ANALYSIS FOR LIKES ON ADMIN POSTS
The like action on a post is an indication of definitive support
over the opinion expressed by the post. The sets of unique
actors who performed like actions on the posts made by
admin actor (ua) during the crisis period (Ul

d ) is computed
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FIGURE 10. Social Set Analysis of actors during crisis. (a) Copenhagen
Zoo. (b) Telenor. (c) Jensen’s Bøfhus. (d) Imerco.

as follows.

U

l
d = {u | 9r 2 R.(ua, r) 2!post ^ (u, r) 2!like

and T(u, r, like),T(ua, r, post) 2 tsd }

As defined above the set U

l
d contains the unique actors who

have performed like action on the posts made by the admin
actor on the Facebook wall of the enterprise. In the similar
lines, the set of unique actors who liked the admin posts
before (Ul

b) and after (Ul
a) the crisis period can be computed

by considering the timestamps belonging to tsb and tsa time
periods respectively. The Venn diagrams representing the sets
of unique actors who liked admin posts are computed for four
companies and shown in Fig. 11.

4) ACTOR ANALYSIS FOR COMMENTS ON ADMIN POSTS
Unlike the like, the comment action is not a definitive action
in support of the opinion expressed by a post. Therefore, we
have computed the sets of unique actors who commented
on the posts made by admin actor (ua) during the crisis
period (Uc

d ) as follows.

U

c
d = {u | 9rp, rc 2 R.rp B rc ^ (ua, rp), (u, rc) 2!post

^ T(ua, rp, post),T(u, rc, comment) 2 tsd }

As shown above, the setUc
d contains all the unique actors who

have commented on the posts made by the admin actor (ua)
during the crisis period. The other two sets:Uc

b,U
c
a containing

the unique actors who have commented on the posts made by
admin actor (ua) before and after the crisis can be computed
in the similar lines. The Venn diagrams containing the inter-
sections of the actors who have commented on admin posts
before, during and after the crisis period can be computed as
shown in Fig. 12.

FIGURE 11. Set Analysis of actors who liked admin posts during crisis.
(a) Copenhagen Zoo. (b) Telenor. (c) Jensen’s Bøfhus. (d) Imerco.

FIGURE 12. Analysis of actors who commented on admin posts during
crisis. (a) Copenhagen Zoo. (b) Telenor. (c) Jensen’s Bøfhus. (d) Imerco.

C. FINDINGS
In this section, we first present the interactional patterns
revealed by the Social Set Analysis and deeper substantive
analysis of the social data using netnograpic analysis, manual
sentiment analysis and topic discovery.

1) CRISIS DETECTION
Figures 8 and 9 present the results from the temporal analysis
of interactions. Figure 8(a) reveals the interactional spikes by
non-admin actors on the Copenhagen Zoo’s posts as well as
an preliminary indication of the nature of the crises. To be
specific, the spike of likes on the admin’s posts and comments
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is an indicator of positive endorsement of the Copenhagen
Zoo’s activities during the crises. As can be in seen from
figure 8(c), in case of Jensen’s Bøfhus, the admin comments
received far less number of likes when compared to likes
on comments made by non-admin users during the interac-
tional peak, which is an indicator of negative endorsement
of Jensen’s Bøfhus activities.

Thus, we can not only detect the interactional peaks (in this
case, known social media crises) but also obtain preliminary
indicators of the nature of net user sentiments towards the
companies duing the crises.We supplement this with a deeper
analysis of users’ actions before, during and after the crises,
a netnographic analysis of the Facebook walls, and sentiment
and topic analysis of the posts and comments during the crises
as presented and discussed next.

2) SOCIAL SET ANALYSIS
The analytical objective for conducting Social Set Analy-
sis (SSA) was to identify the structural properties of social
media crises with reference to the domain-specific theories
of crisis communication and management discusses in the
theoretical framework section. Specifically, we were inter-
ested in the three time-periods of before, during and after
crisis. We conducted SSA across the three time-periods for
(a) overall distribution of user actions (Figure 10), (b) dis-
tribution of likes by facebook users on the artefacts (posts
and comments) created by the company (Figure 11), and
(c) distribution of comments by facebook users on posts
created by the company (Figure 12).

As can be seen in Figure 10, a disproportionately high
proportion of facebook users only interacted with the face-
book walls of Copenhagen Zoo (86%) and Imerco (84%)
during the crises period. Even for Telenor (36%) and Jensen’s
Bøfhus (34%), the proportion of users interacting during the
crises ismuch higher compared to the total time period. To put
it differently, SSA of actors across the time-periods of before,
during and after crises confirms not only the operational
definition of a social media crises but also reveals the volu-
minous and transient nature of user attention (that is, there
many more actors interacting during the crises but they stop
interacting after the crises has passed). How this change in
user behaviour occurs could be a function of not only the type
of social media crises it is but also the type of social media
crisis communication and management strategies employed
by the companies.

Figure 11 shows the temporal distribution of facebook
users’ likes to the artefacts (posts and comments) created
by the company (facebook wall administrator). Based on
associational sociology and social influence theories in social
psychology, we conceptualize the action of a ‘‘facebook
like’’ as a positive association with the artefact (facebook
post or comment) and/or actor (facebook user). This type
of SSA reveals the positive endorsement of the company’s
communication actions before, during and after the crises.
As can be seen from Figure 11, surprisingly high propor-
tion of total likes were received during the crises for the

Copenhagen Zoo (84%) and Imerco (75%). This can be a
structural indicator that the social media crisis might actu-
ally be a net positive for the companies concerned in terms
of customer loyalty and brand parameters.
Figure 12 shows the temporal distribution of facebook

users’ comments to the posts created by the company.
We find that the proportion of comments before and dur-
ing the crises are comparable in for Jensen’s Bøfhus
(45% and 46%) and Telenor (29% and 66%) whereas
Copenhagen Zoo (3% and 94%) and Imerco (3% and 94%)
have highly skewed distribution of comments during the
before and during periods of the social media crises. Since
facebook doesn’t have a ‘‘dislike’’ button, comments are
the only artefact for users to express negative associations,
sentiments and expressions (also positive sentiments and
expressions). Given the distribution of likes for Copenhagen
Zoo and Imerco’s posts and comments, the SSA of comments
reveals an interesting pattern of higher likes for the company’s
artefacts as well as higher number of comments.
Taken together, SSA results suggest that the crisis type

as well as crisis communication and management strate-
gies employed might be different across the four cases. In
order to uncover the substantive nature of the interactional
patterns revealed by SSA, we conducted qualitative content
analysis of the big social data corpus using two methods:
(a) nethnographic analysis of the facebook walls before, dur-
ing and after the crises and (b) manual sentiment analysis
and topic analysis of posts and comments during the crises.
These analysis help shed further analytical light on the nature
of the crises and the crises communication and management
strategies, if any, employed by the companies.

VIII. CASE STUDY 3: SOCIAL SET VISUALIZER: A SET
THEORETICAL APPROACH TO BIG SOCIAL DATA
ANALYTICS OF REAL-WORLD EVENTS
Event studies is a finance methodology to assess an impact
on corporate wealth (e.g. stock prices) caused by events such
as restructuring of companies, leadership change, mergers &
acquisitions [73]–[75]. It has been a powerful tool since the
late 1960s to assess financial impact of changes in corporate
policies and used exclusively in the area of investments and
accounting to examine stock price performance and the dis-
semination of new information [76].
While there is no unique structure for event study method-

ology, at a higher level of abstraction, it contains identifying
three important time periods or windows. First, defining an
event of interest and identifying the period over which it
is active (event window), the second involves identifying
the estimation period for the event (pre-event or estimation
window) and the final one being identifying the post-event
window [75]. In social set analysis of a real-world event, we
have applied event study methodology to identify the three
important time periods of user interactions on social media
platforms: before (pre-event window), during (event window)
and after (post-event window).
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A. METHODOLOGY
Building on the formal definitions of social data from Sec. V,
we further define the notion of a Facebook wall as follows,
Definition 19: With Social Data D, letW be a set of Face-

book walls such that each wall w 2 W.w 2 R ^ r

type

(w) =
wall.
Definition 20: With Social Data D, we define match ✓

U ⇥ W as a relation associating actors to walls as follows,

match(u, w)

=

8
>>>>>>>>>>>>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>:

> if (u, w) 2!post (1)

> if (�, w) 2!post ^
(u, w) 2 (!like _ !share) (2)

> if 9r .(u, r) 2!post ^ r B w (3)

> if 9r .(�, r) 2!post ^ r B w ^
(u, r) 2 (!like _ !share) (4)

> if 9r, r 0.(�, r), (u, r 0) 2!post ^
(r B w) ^ (r B r 0) (5)

> if 9r, r 0.(�, r), (�, r 0) 2!post ^
(r B w) ^ (r B r 0)^
(u, r 0) 2!like (6)

? otherwise (7)
In the def. 20, we define a boolean functionmatch that keeps
trackwhether an actor (u) interactedwith a Facebookwall (w)
or not. It returns true (>), if the actor is the creator of the
wall (1), or if he likes the wall (2), or if he posts messages
on the wall (3). Similarly making comments on posts (5) or
liking or sharing (4) of posts pertaining to wall or even liking
a comment will also makes the actor to belongs to a wall as
formally explained in Def. 20.

In the analysis, the terms user and actor are used inter-
changeably throughout the paper without any difference in
semantics.

1) MOBILITY OF ACTORS ACROSS TIME
As part of social set analysis, we have considered three
different time frames for an event: before, during and after,
which corresponds to pre-event, event and post-event time-
lines of the event methodology. For an event, sets contain-
ing unique actors who performed interactions during (Ud ),
before (Ub) and after (Ua) are computed. Let tsd , tsb and tsa
be the sets of time spans for during, before and after periods
respectively.

The during (Ud ) actors set contains the actors who have
either posted or commented or liked an artifact in the pre-
event time period (tsd ), can be computed as below. Let ac 2
{post, comment}, then
Ud = {u | 9r 2 R.(u, r) 2!post ^ T(u, r, ac) 2 tsd }

[ {u | 9r 2 R.(u, r) 2!like ^ T(u, r, like) 2 tsd }
[ {u | 9r 2 R.(u, r) 2!share ^ T(u, r, share) 2 tsd }

where T(u, r, ac) and T(u, r, like) are timestamps of the
respective actions. As indicated above the set Ud contains
all the unique actors that have performed at least either a
post, or a comment or a like or a share on an artifact during
the event period. Similarly, the unique actor sets Ub and Ua
can computed easily by replacing the tsd with tsb and tsa
in the above equation, where the time stamp of the actions
belongs to time spans: before (tsb) and after (tsa) the event
period respectively. Finally intersections between actor sets
(Ud , Ub, Ua) are computed using standard set operations.
As an example, the set of unique actors who have performed
actions only during the event period (neither before nor after)
can be computed using the principle of Venn diagram as:
Ud \

�
(Ud \ Ub) [ (Ud \ Ua)

�
.

2) MOBILITY OF ACTORS ACROSS SPACE
In social set analysis, mobility across space corresponds to
a notion of actors interacting with different Facebook walls.
Given a set of Facebook walls (W), actors mobility across
space can be computed as follows.

U

W = {u | 8w 2 W.match(u,w) = >}
where U

W is the set of actors who have interacted with all the
walls in a given set of Facebook walls (w 2 W). Mobility
across space is useful for analytical purposes in domains
ranging from brand loyalty (actors who have visited only one
wall) to social activism (actors who might be visiting many
walls to express their protest over the companies).

3) MOBILITY OF ACTORS ACROSS TIME AND SPACE
By combining mobility across time and space, we can com-
pute the set of actors that have interacted within a specific
time period (e.g. during event), who also have interacted with
given set of walls (W) by taking intersection of two sets:
U

W

d = Ud \ U

W.

B. TOOL AND CASE STUDY
The garment industry in Bangladesh is the second-largest
exporter of clothing after China, and employs more than
3 million - mainly female - workers. This is emphasized by
[77] in reference to a large factory fire in Bangladesh at the
25th of November 2012 which killed 112 workers.
The garment industry in Bangladesh has rapidly grown

during the past 20 years while approving of lax safety regu-
lations and frequent accidents [78]. ‘‘Bangladesh’s garment
sector [..] employs forty percent of industrial workers and
earns eighty percent of export revenue. Yet the majority
of workers are women. They earn among the lowest wages
in the world and work in appalling conditions. Trade unions
and associations face brutal conditions as labour regulations
are openly flouted’’ [79].
At April 24th, 2013, factory disasters in the Bangladeshi

garment sector culminated in the largest textile industry
tragedy to date with the collapse of Rana Plaza, a fac-
tory building in an industrial suburb of Bangladesh’s capi-
tal Dhaka [80], in which more than 1100 garment workers
died from the factory’s collapse and subsequent fires [81].
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TABLE 8. Overview of Facebook dataset of Retail clothing companies.

This event has been reported by media outlets all over the
world and deeply shocked many end consumers of clothing
products originating from Bangladesh.

In various research publications, safety and struggles
of workers in the Bangladesh garment industry have been
widely discussed [79], also with special regard to ongoing
protests [82], globalization-related problems [83] and ethical
aspects of the factory disasters [84].

Nevertheless, the lack of publicly shown empathy by many
major textile industry companies created a public outcry
against perceived unethical behavior in textile industry sup-
ply chains. In many cases, this public outcry was expressed
by consumers and directly addressed to the respective cloth-
ing brands, which were in the consumers’ immediate reach
through means of social media channels such as Facebook.

The factory disasters in Bangladesh prompted major
consumer-facing textile industry brands like H&M and Wal-
mart to join campaigns supporting textile workers’ rights
in Bangladesh. A more sustainable, but lagging impact is
felt by the introduction of better methods of supply chain
management such as social contracts in supply chains [85].

1) METHODOLOGY
Our research methodology consisted of seven steps. First,
we assembled a list of real-world events with respect to the
Bangladesh factory accidents. Second, we created a list of the
traditional news media (print newspapers, TV and radio)
reports of the real-world factory accidents in Bangladesh.
Third, we reviewed themedia reports and extracted a list of 11
multi-national companies (as shown in Table. 8) that have
been frequently mentioned in the traditional media reports in
relation to the Bangladesh garment factory accidents. Fourth,
since strategic Corporate Social Responsibility communica-
tion is conducted by companies on their Facebook pages,
we extracted the full archive of the social data from the
Facebook walls of the 11 companies using SODATO [8].
Fifth, we designed, developed and evaluated the Social Set

FIGURE 13. Big Data Acquisition Pipeline of the Social Data from
Facebook used later on in the Visual Analytics Tool.

Visualizer dashboard of this Facebook corpus of approx-
imately 180 million data points. Sixth, we addressed and
answered a set of research questions using the dash-
board. Seventh and last, we deployed the dashboard inter-
nally to support ongoing research by CSR researchers and
practitioners.

2) DATA COLLECTION & PROCESSING
The event timeline of Bangladesh factory accidents and
media reports was collected through desk research including
systematic searches in web and media databases. Facebook
data was collected through the Social Data Analytics Tool
(SODATO) [37], [38], [86]. SODATO-provided Facebook
activity datasets are generated as independent files for each
company’s Facebook wall, and were combined into one for
using them as a whole data set that can be filtered or expanded
on demand. Figure 13 shows SoSeVi’s system schematic for
the data acquisition, processing and visualization. The gen-
eral concept follows the stages of the ‘‘BigData Value Chain’’
introduced by Miller and Mork [87], with steps of prepara-
tion, organization and integration of the data prior to visu-
alization and analysis. Data preparation tasks are performed
in a pre-processing step which converts all CSV files to
from their character encoding UTF-16 to the more commonly
used UTF-8 and handles edge cases in which the generated
SODATO output lacks proper data type encapsulation. Sub-
sequently, a data normalization phase performs sanity checks
on the input data and identifies malformed data or unneeded
information. Lastly, all distinct data sets are aggregated while
conserving information regarding their original source in an
additional variable. The aggregated data is then imported into
a database management system (DBMS), from which it can
be accessed for visual analytics purposes.

3) DESIGN
In this section, the design process of the visual analytics
dashboard of SoSeVi is outlined.
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4) DESIGN GOALS & OBJECTIVES
The visual analytics dashboard has the following design
goals.

a: MULTIDIMENSIONALITY
A visual analytics dashboard consists of a mash-up of multi-
ple visualizations which can be utilized by the user in com-
bination to maximize efficiency. The type and size of each
visualization need to be carefully evaluated.

b: ACCESSIBILITY
The dashboard should be accessible as easily as possible for
users. It should therefore have as few hard dependencies in
terms of installed software, operating system or device type
as possible.

c: RESPONSIVENESS
The dashboard needs to be responsive to different device
types and screen sizes. It should be able to display both on
a 4K display used in a conference room and a normal tablet.

d: PERFORMANCE
Akey objective for the visual analytics dashboard displays the
performance in terms of both server and client side software
components. As the dashboard needs to deal with large-scale
data sets it should be able to process the data efficiently. In
order to achieve higher performance sharing of data process-
ing between server and client software components needs to
be established. Thereby, workload may be shifted as needed
and user interface waiting times are reduced.

e: EASE OF USE
For end users, ease of use depicts an important non-functional
requirement. The visual analytics dashboard should be
designed in a way that enables users to work with the dash-
board without any prior briefing or training on how to use it.

f: EXTENSIBILITY
Lastly, during realization of the visual analytics dashboard, an
extensible framework should be used so that future changes
can be implemented with only moderate effort and without
unnecessary technical hindrances.

5) DESIGN PRINCIPLES
The design of a visual analytics dashboard such as SoSeVi
needs to follow a set of core principles, through which the
above stated goals can be achieved. The following design
principles are adopted:

a: DETAIL ON DEMAND
The detail on demand principle strives to first present an eas-
ily graspable overview to the user, as that it can be processed
visually and intellectually in short time. Only subsequently,
when the user decides to, the level of detail shown in the
visual analytics tool can be increased.

FIGURE 14. Software Architecture.

b: READY-MADE VISUALIZATIONS
The SoSeVi Visual Analytics dashboard is based on social
media data from Facebook. The dashboard may consist of a
combination of multiple visualizations and each visualiza-
tion needs to highlight unique features of the underlying
social interactions between actors and artifacts. This allows
the dashboard as a whole to be kept clean and organized,
preventing it from becoming too complex.

c: USER-CENTRIC DESIGN (UCD)
Reference [88] emphasizes that in user-centric design, ‘‘the
role of the designer is to facilitate the task for the user and to
make sure that the user is able to make use of the product as
intended and with a minimum effort to learn how to use it’’.
When designing the interface, a focus is put on optimization
of the user experience.

6) SoSeVi: VISUALIZATION FRAMEWORK
The technology choice for realizing the dashboard visualiza-
tions is the D3.js Javascript-based visualization framework
which uses dynamic SVG images for data visualization. D3.js
constitutes a lightweight and very extendable Javascript visu-
alization framework which can display visualizations for a
multitude of browser-based clients. The flexibility provided
by D3.js enables the creation of new kinds of interactive
visualizations which are able to run on any device with decent
processing resources including Windows, MacOS and Linux
based systems with screen sizes up to 4K devices.
Figure 14 presents the software architecture of SoSeVi.

DashboardView is the main view of the web application
which contains the SoSeVi and is initially shown to the user.
RawdataView presents a detailed search interface for the
Facebook activity data. Many visualizations in Dashboard-
View refer to RawdataView in order to provide the user with
further information. ActorsView presents a dedicated inter-
face for analysis tasks related to Actor Mobility across time
and space of companies’ facebook walls. The visualizations
of actor mobility in DashboardView refer to ActorsView in
order to provide the user with further details when requested.
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FIGURE 15. Social Set Visualizer: For the selected time period (see date range fields in top-left) and selected facebook walls (see colour coded selection
bubble chart next to visualizations) [1] Facebook Activity Chart; [2] Timeline of Bangladesh Factory Accidents & Facebook Actions; [3] Word Cloud of Text
from Posts and Comments; [4] Actor Mobility across Space (Facebook walls); [5] Actor Mobility across Time (before, during, after time-period of selection
and combinations of them); and [6] Language Distribution.

Furthermore, ActorsView presents a handy set of tools for
analysis of actor mobility and cross-postings between differ-
ent time frames and Facebook walls.

7) DEVELOPMENT OF SoSeVi: DASHBOARD INTERFACE
Figure 15 presents the SoSeVi dashboard and its constituent
visualizations for the full dataset.

The Facebook activity visualization displays the social
media activity on Facebook over the whole time period.
It consists of a large main chart and a smaller mini chart
underneath. Both charts use a line plot to display activity.
The mini-chart can be used as a brush to change the time
period of the data shown in themain chart. TheActorMobility
across Space visualization at the top right of the dashboard
displays the number of different Facebook walls on which
Actors have posted. For this visualization, a bar chart is used.
The chart depicts the number of Actors based on the number
of Facebook walls they have posted to. The Actor Mobility
across Time visualization at the center right of the dashboard
displays the number of Actors within each time period and
their respective overlaps. For this visualization, an exploded
Venn diagram is used which is aligned hexagonally. The
Language Distribution visualization at the bottom right of the
dashboard displays the number of social media Artifacts
based on their language. For this visualization, a bar chart
is used. It presents each language and the respective number
of social media activities during the selected timeframe. The
Word Cloud visualization located right beneath the Facebook
Activity chart displays the results of the word frequency

analysis based on conversation artifacts in the available social
data. The font size of each word is determined by its overall
frequency within all conversations that happened during the
selected time period.
A Legend for the event timeline is placed at the very top

of the dashboard between the user-driven filtering interface
and the Facebook Activity visualization. It conveys informa-
tion about different types of events which are part of the event
timeline. In the case at hand, the event timeline is based on
the Bangladesh factory disaster events, which means that the
event types classified are encoded in the legend.
The user-driven filtering interface contains two compo-

nents. On the left hand side, the user may input start and
end dates of the timeframe to be visualized in the dashboard.
Mouse or touch interactions with the input fields will reveal
a hidden date picker component. This date picker enables
the user to either input dates using a keyboard or specify-
ing the day, month and year using their mouse or even a
touch screen. Secondly, on the right hand side, the user may
select the companies whose Facebook walls are shown in the
dashboard. User interaction with the available input field can
be performed in various ways. The user can directly type
Facebook walls into the field, which are then displayed in the
visualization. An alternative method is that the user selects
an item from a drop down menu that ap-pears when the input
field is focused.
To summarize, the SoSeVi big data visual analysis

dashboard empowers users to use it in different ways.
The dashboard adheres to the user’s preferred interaction
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FIGURE 16. Performance Benchmark of four API Endpoints.

method without making any assumptions. This means tablet
users may also type in their selection of the Facebook
walls, or desktop users may use the Datepicker to man-
ually select a date. The dashboard may be accessed at
http://5.9.74.245:3000/, access credentials will be provided
to the research community upon request.

8) EVALUATION
Benchmarking: Figure 16 displays benchmarking results

of the dashboard’s underlying API. The results underline
the varying complexity in calculating data needed for the
visualizations of different event windows. According to the
presented benchmark, visualizations of conversation con-
tent (ChartLanguageDistribution and ChartWordCloud) are
much faster calculated and presented to the dashboard user
than visualizations of actor mobility (ChartVennDiagram,
ChartActorsOverlap). This can be explained by the fact that
visualizations of ActorMobility need to take each single actor
into account, whereas visualizations of conversation content
have access to much better speed improvements through
precalculated datasets which derive from the main dataset.
Due to the bad benchmark results of ChartVennDiagram, and
a general discrepancy in performance, further optimizations
are performed to the database as described further.
Query Optimization: When using a RDBMS such as

PostgreSQL in big data analytics, many opportunities for
increased performance can be realized through query opti-
mization. The systematic optimization of slow database
queries is demonstrated on the visualization of Language
Distribution. All optimizations are benchmarked against the
initial query in order to assess their effectiveness. The bench-
marking process follows a strict methodology, in which each
query will be executed n = 10 times and query execution
time is logged. Then, the average execution time is used
to decide on the feasibility of the optimization at hand.
If the average execution time is reduced, the optimization
step will be applied to the query. The optimization process
may be repeated until sufficient reduction of the average
query execution time is reached. Out of all queries, the lan-
guage distribution query was identified as a very slow query
and therefore we have performed optimizations on it. The
initial query is displayed in Listing 1. It returns 24 rows
after an execution time of approximately 10 seconds, which
is way slower than the users’ anticipated loading time of
a visual analytics dashboard. Based on the precalculation

of as much data as possible and separating this data into its
own database table, we optimized the performance of the
query as shown in Listing 2.

Listing 1. Initial Query for Language Distribution .

Listing 2. First Optimization of Language Distribution Query .

This performance improvement of the database query
shown in listing 2 is based on the fact that the new query
does not need to access the much larger fbdata table, but
only uses a small subset which is available in the derived
table. In the second round, further optimization are performed
on the query in listing 2 by creating indexes on suitable
columns such as datetime and others. After creation of the
indexes on the derived table, the performance of the query
is increased marginally as shown in Fig. 17. A performance
improvement of 300 times was realized in the first opti-
mization, whereas the second optimization step yielded only
a 1.77 times improvement.

9) SELECTED EMPIRICAL FINDINGS FROM SoSeVi
Due to space restrictions, we present only a subset of the
empirical findings resulting from the use of the Social Set
Visualizer (SoSeVi) tool by researchers and practitioners in
the field of Corporate Social Responsibility (CSR). These
empirical findings demonstrate the analytical utility of our
proposed set theoretical approach to big social data and our
social set analysis approach to visual analytics dashboards.
The following points outline some of the key issues that were
investigated using the SoSeVi:
1) The global supply chain concerns with regard to

Bangladesh garment factories have been expressed by
Facebook users from as far back as 2009

2) With regard to Conversation analysis of big social data,
the distribution of the keyword ‘‘bangladesh’’ across
time and space of 11 different Facebook walls is propor-
tional to the severity of fatalities in Bangladesh garment
factories and peaks for the Rana Plaza disaster that killed
more than 1100 factory workers.

3) With regard to Interaction analysis of big social data,
in terms of actors, SoSeVi helped identify the most
influential negative critics as well as positive advocates
for each of the 11 companies before, during, and after
the maximum accident density time period
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Figure 17. Three-Step Performance Optimization of the Language
Distribution Visualization.

4) There are many instances of authentic displays of sup-
port and expressions of empathy from Facebook users
as well as robotic incidents of slacktivism

5) Surpisingly, majority usage the keyword pleasewaswith
respect to opening of new stores in the case of H&M

6) Protestors and activists employed different social media
strategies on the different Facebook walls of compa-
nies but with little evidence for social influence (in
terms of the number of likes and comments on their
posts)

7) Companies followed not only different CSR strategies
but also different social media strategies before, during
and after the Bangladesh garment factory accidents.
Further, companies adopted different crises commu-
nication and management strategies yielding different
outcomes

8) For almost all of the accidents, a majority of the users
are posting during the news cycle, e.g. the coverage
of the event through traditional media outlets, and
they do not return to the Facebook walls again. This
emphasizes that social media engagement during fac-
tory accidents is episodic and burst-y with little over-
lap to the business-as-usual period before or after the
accident.

10) REFLECTIONS ON THE IT-ARTIFACT
Computational social science research has reached a point
where social media activity is ubiquitous yet hard to collect
and analyze in domain-specific ways (with the notable excep-
tion of epidemiology). In conjunction with complex event
timelines as depicted by the Bangladesh garment factory
disasters, the data at hand presents numerous opportunities
for attaining deep insights. In this context, visual analytics
present the means of reaching those insights to many users
with different backgrounds, both experts and novices alike.
The novel implementation of the present Social Set Visualizer
(SoSeVi) dashboard showcases that the creation of visual
analytics software, which meets the high technical, analytical
and user experience requirements of present-day computing,
is viable (and can be achieved by an academic research
group with limited resources). Furthermore, the developed IT
artifact leverages open-source visual analytics frameworks to
maximum extent in order to achieve a pure implementation
of important concepts in visual analytics.

IX. DISCUSSION
In this paper we have presented an new approach for analysis
of big social data using a conceptual model of social data, a
set-theoretical formalisation of the conceptual model and an
analytical framework called ‘‘Social Set Analysis’’. The set-
theoretical formalization of the conceptual model provides
the necessary abstraction to comprehend the complex and
complicated interactional scenarios and conversational con-
texts of big social data. Further, the formal model informed
the schematic model of the software application and helped
realise the abstract ideas from the conceptual model into the
analytical framework for Social Set Analysis. We now briefly
discuss the methods of and findings from the three illustrative
case studies.

A. CASE STUDY 1: FUZZY-SET BASED
SENTIMENT ANALYSIS
In the first case study (Sec. VI), we have presented an inte-
grated modelling approach for analysis of big social data with
the sentiment analysis based on the Fuzzy set theory.We have
presented a method for profiling of artifacts and actors and
applied this technique to the analysis of big social data
collected from Facebook page of the fast fashion company,
H&M. Regarding formal modelling of temporal dimensions
of social media interactions, we are currently developing a
hybrid approach by constructing crisp sets as well as fuzzy
sets. For example, given an event of of analytical interest
such as a marketing campaign, we construct crisp sets of
sentiment categories (positive, negative, & neutral) for actors
and artefacts and fuzzy sets of the interactional time-periods
(before_event, during_event, and after_event). This allows
us to model and analyze the different user characteristics,
behaviours, and dynamics within the intersections and unions
of the temporal categories of before-the-event, during-the-
event, and after-the-event at analyst determined fuzzy set
membership criteria for sentiment categories.
We acknowledge that many works exist in fuzzy senti-

ment analysis and social networks and we have cited rel-
evant papers in the related work section. But as stated
before, our approach primarily differs from the current
approaches of social network analysis based on relational
sociology. Our approach is based on associational sociology,
where we focussed on finding ‘‘association-ship’’ among
actors and artifacts, based on set theoretical approach, rather
than only focussing on the relationship between the actors.
Our approach of ‘‘associational sociology’’ is drawn from
Latour’s ( [25]) term ‘‘sociology of associations’’. We pos-
tulate that Set Theory in general and Fuzzy Set Theory is
well-suited from sociological and mathematical standpoints
to model human associations [27]. Beyond the immediate
social network and particularly on large scale social media
platforms such as Facebook, twitter and Tencent QQ, we
believe that this fundamental change in the foundational
mathematical logic of the formal model of social data from
graphs to sets will generate new insights. This paper is a first
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attempt to articulate such an alternate integrated approach
across the theoretical, conceptual, formal and computational
realms.

B. CASE STUDY 2: SOCIAL SET ANALYSIS OF CORPORATE
SOCIAL MEDIA CRISES ON FACEBOOK
In the second case study (Sec. VII), we first proposed a
set-theoretical formal method for social set analysis drawn
from the event-study framework to investiage corporate social
media cries on Facebook. The proposed method was then
applied to big social data for four different social media
crises. Event studies is a finance methodology to assess an
impact on corporate wealth (e.g. stock prices) due to events
such as restructuring of companies, leadership change, merg-
ers & acquisitions [73]–[75]. It has been a powerful tool since
late 1960s to assess financial impact of changes and continues
to be used extensively to examine stock price performance
and the dissemination of new information [76]. While there is
no unique structure for event study methodology, at an higher
level of abstraction, it contains identifying three important
time periods or windows. First, defining an event of interest
and identify the period over which it is active (event window),
the second involves identifying the estimation period for the
event (pre-event or estimation window) and the final one
being identifying the post-event window [75]. In social set
analysis of social media crises, we have adopted the event
study methodology to identify the three important time peri-
ods of user interactions on social media platforms: before
(pre-event window), during (event window) and after (post-
event window). SSA results showed the voluminous but also
transient nature of interactions during the social media crises
and a diversity of aggregate user behavioural patterns. SSA
combined with netnography and content analysis in terms
of sentiment analysis and topic discovery revealed the differ-
ent strategies employed by the organizations to manage the
crises and their outcomes.

C. CASE STUDY 3: SOCIAL SET VISUALIZER: A SET
THEORETICAL APPROACH TO BIG SOCIAL DATA
ANALYTICS OF REAL-WORLD EVENTS
In the third case study (Sec. VIII), we designed, developed
and evaluated a visual analytics tool, SoSeVi(Social Set Visu-
aliser). SoSeVi incorporated new set theoertical visualiza-
tions of big social data in terms of actor mobility across
space (wall crossings) and actor mobility across time (before,
during and after). SoSeVi leverages open-source visual ana-
lytics frameworks to maximum extent in order to achieve a
pure implementation of important concepts in visual analytics
such as the detail on demand principle. A thorough evalu-
ation showcased the effectiveness of the tool’s approach on
visual analytics. Both the client- and a server-side compo-
nents of the Visual Analytics Dashboard present performance
at par with commercial tools, and can seamlessly be used
under many circumstances. Additionally, the results of the
user study performed indicate that the presented Visual Ana-
lytics dashboard combines a high ease of use with the ability

of performing many different interactive analyses on a large
dataset. Moreover, the Visual Analytics tool put forward
may be utilized through any modern browser on a multitude
of different devices and screen sizes, with backend response
times as low as in the hundreds of milliseconds. Complement-
ing benchmarks of the database optimizations applied to the
Visual Analytics dashboard in real-world deployments show-
case a good performance and satisfactory handling of large
amounts of social data.

D. REFLECTIONS ON THE SET-THEORETICAL APPROACH
We now briefly discuss the current adoption of and future
prospects for the set-theortical approach with regard to
Social Science, Computer Science, and Computational Social
Science.

1) SET THEORY AND SOCIAL SCIENCE
Recent advancements in set theory and readily available
software have enabled social science researchers to bridge
the variable-centered quantitative and case-based qualita-
tive methodological paradigms in order to analyze multi-
dimensional associations beyond the linearity assumptions,
aggregate effects, unicausal reduction, and case specificity.
In the social sciences, application of set theory has seen a
dramatic increase over the last decade which can be attributed
to the method called Qualitative Comparative Analysis [89]
developed by the political scientist Charles Ragin [90], [91].
Qualitative Comparative Analysis (QCA) models causal rela-
tions as subset or superset relations corresponding to neces-
sity and sufficiency conditions. QCA aims to derive casually
complex patterns in terms of equifinality, conjunctural cau-
sation and asymmetry [90], [92], [93]. Although developed
initially by Ragin [91] for qualitative case study researchers
(medium sample size of n < 90), the proponents and sup-
porters of QCA have argued about its unique advantages over
regression-based approaches [93], [94] and its application for
analysis of large-N datasets. In the adoption of set theoret-
ical methods in social sciences [89] three variants of QCA
methodology have surfaced: crisp-set QCA(CsQCA), fuzzy-
set QCA (fsQCA) [90] and multi-set QCA (MvQCA) [93]
with a number of software tools supporting set-theoretical
social science research (e.g. R packages like QCA and
QCAPro, fs/QCA, Tosmana).

2) SET THEORY AND COMPUTER SCIENCE
In order to further systematic research on set-theoretical algo-
rithms, data structures and programs in Computer Science,
we envision Computational Set Analysis as a research pro-
gram. In this regard, the SetVR workshop series6 augurs
well for the formalisation and computational implementa-
tion of set-theoretical reasoning and visualisations. In terms
of visual analytics, recent advancements with regard to set
intersections include the Upset project [95] on the visual-
izations of set intersections based on innovative approaches

6SetVR workshop: https://sites.google.com/site/setvr2kn/current-
workshop.
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to combination matrices and the Euler Diagrams project
on creating area-proportional Euler diagrams using ellipses
instead of the traditionally used circles [96].

3) SET THEORY AND COMPUTATIONAL SOCIAL SCIENCE
As discussed in the Conceptual Framework section, set-
theoretical approaches big social data analytics hold sev-
eral advantages in terms of modelling the implicit vague-
ness of many social science concepts and combining the
strengths and addressing the weakness of variable vs. case
based empirical approaches in social science research. For
example, automated sentiment annotation of social data arti-
facts based on computational linguistics methods such as
supervised machine learning produce both classifications
of tokens into types (such as positive, negative and neutral)
as well as probabilistic estimates. As we have demonstrated
in Case Study 1, these classifications and probabilities can be
modelled using Crisp and Fuzzy Set theories respectively and
analyzed to reveal historical developmental patterns as well
as overlapping categories. Practical implications from the
analysis could help inform an organization to assess the size
of the different actor sets (sub-communities) such as entirely
positive, partially positive, entirely negative etc. Investigating
the absolute and relative size of entirely negative conversa-
tions might enable the organization to identify the underlying
customer service issues and/or content problems. Similarly,
knowing the absolute and relative number of social media
users that exclusively express positive sentiments towards the
organization helps identify and nurture the advocacy group.

E. LIMITATIONS
One of this paper’s limitations is that we do not present
domain-specific social science findings in terms of visual
analytics, crisis communication, crisis management, labor
rights, industrial safety and/or corporate social responsibility.
That said, first attempts at domain-specific empirical findings
of the set-theoretical approach can be found in [72] and [97].
A second limitation is the lack of exposition of the full range
of set theory beyond the classical crisp sets and fuzzy sets dis-
cussed in the paper (for example: Rough sets, Random sets,
Bayesian sets). A third and final limitation is the limited space
given to the computational aspects of the visuala analytics
tool, SoSeVi.

F. FUTURE RESEARCH
Current and planned future work in our computational social
sciences laboratory is addressing some of the theoretical
limitations identified above. In particular, we are exploring
novel set-theoretical visualisations of large number of set
interestions and to indicate set migrations of actors across
space and time with a focus on dynamic set composition
and decomposition. In terms of formal models and analytical
methods, we are extending Social Set Analysus to include
Rough and Random sets. Furthermore, we plan to release a
software library for ‘‘Social Set Analysis’’ that will allow
researchers and practitioners to easily integrate set-theoretical
analytics into their Big Data Analytics workbenches.

X. CONCLUSION
In conclusion, one of the contributions of this paper is to
demonstrate the suitability and effectiveness of Social Set
Analysis for conceptualizing, formalizing and analyzing big
social data from content-driven social media platforms like
Facebook for event studies such as unexpected crises and/or
coordinated marketing campaigns. Computational social sci-
ence research has reached a point where social media activity
is ubiquitous, yet hard to collect and analyze in domain-
specific ways (with the notable exception of epidemiology).
In conjunction with complex event timelines as depicted
by the Bangladesh garment factory disasters, user actions
on various organisation’s Facebook walls, Big Social Data
presents numerous opportunities for attaining deep insights.
As illustrated by the three case studies above, SSA covers
the range of prescriptive, visual, and descriptive analytics.
Taken together, the three demonstrative case studies illustrate
the viability of Social Set Analysis as a holistic approach
to Computational Social Science in general and Big Data
Analytics in particular.
As part of future work, we would like to extend the Fuzzy

Set Theoretical formal model to encompass modelling of net-
works of groups and friends of users in an online social media
platform.We also have plans to extend the Fuzzy Set methods
and techniques to other kinds of socio-technical interactions
and further develop our abstract formal model. Modelling
social concepts in general involves fuzziness and we would
like to use Fuzzy set theory to model fuzzy behaviour in the
social data.
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