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Abstract

With the advent of social media, one of the biggest concerns have been its suspected impact
on democracy by influencing users’ opinions during elections. Impact of the social networks
(and/or media) has been the center of that discussion due to well-known cases of using social
networks to sway people’s opinion in events crucial to the democracy such as the election.
The accusations vary from the propagation of fake news to concerns about Facebook having
unfettered power over its users’ content.

As a step towards understanding the true nature of social media’s influence, we started
collecting data prior to Local Election in Sri Lanka, 2018 and continued the collection until
the election was over; we collected the data through Facebook API and all of the data is
completely anonymized. The dataset covers 44K users from Sri Lanka and their interactions
with 44 Facebook groups. The dataset also includes all of the associated events related to
each group. As a preliminary step, we have analyzed how the user affinity surrounding these
groups have changed surrounding the period of the local election. Our analysis also gives a
concrete and quantitative evidence of how users are communicating on Facebook and how
active they are surrounding a sensitive event.

Further, there is a significant change of affinity of a set of individuals over the time
corresponding to the external event. Additionally, we find that there are users migrating
among the Facebook groups during the election period. Further, we show that when the
migration network, viewed as a weighted network, displays features which are significantly
different from a comparable random network. In particular, we show that user migrations
within Sri Lankan political groups during the election period show a non-random behavior
potentially motivated by the real world events.

We believe our analysis is the first of its kind in providing scientific analysis of the
influence of social media in Sri Lanka.
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Chapter 1

Introduction

Social networks, one of the most controversial medium for information dissemination and
communication is believed to influence people’s lifestyles and perceptions both directly and
indirectly [1]. The users are exposed to a variety of content such as personal write-ups,
images, videos, GIFs and many more shared within their own personal network of users. The
continuous interaction with these content is believed to have influenced the perception of
users even though there is few substantial evidence backing this belief [2]. There were many
uproars around the world (Sri Lanka is a good example of the actions taken to ban several
social networks and communication platforms due to racial riots [3]), on the mere belief that
users’ perceptions are changed with the content of online social networks.

It is important to identify and quantify the actual impact posed on the users by interacting
with the content in social networks. As a fundamental step in reaching the aforementioned
goal, we look into identifying the changes in user affinity of the users corresponding to
content interaction within a social network. This initiation opens doors to a large diversity of
research in the field of influence on users in social media. Furthermore, it enables to educate
the society on the impact of interacting with the content of social networks towards them.

1.1 Background of the Problem

The recent advancements in technology brought about various social networks facilitating the
society for communication [4], resource sharing, networking and more. Facebook, Twitter,
Instagram, Pinterest are few examples of such social networks. Out of all socially available
networking sites, Facebook is ranked as the most popular social networking site as of January
2018 with a user base of 2,167 million [5]. A user on Facebook is able to set up a new profile
and add their personal information with required privacy settings. Thereafter, a bi-directional
connection [6] can be established within two users called a friendship. A single user can have
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a variable number of friendships with the other users forming a network of friends around the
user. A Facebook page allows entities, figures, businesses and organizations to be authentic
and public whereas a group brings together individuals with common interests to share their
opinions [7].

An individual user has the capability to share their opinions and ideas as a post on their
personal profiles, pages or groups. The post owner and the other users get to react or comment
to the content of the post with regard to the privacy settings of the user profiles or the settings
of a group or page. A user can react to the post in five ways; like, love, haha, wow and sad.
One user gets to react with only one reaction for a single post but can comment and reply to
comments as many times as required. A post can be shared. Thereby a user can interact with
the content in a social network through liking, commenting or sharing the content.

It is evident that Facebook has provided its community with a large array of features
to express their ideas and opinions freely. Many entities and individuals in the society use
this platform for communication, networking, marketing and campaigning [8]. However,
with the power of features provided by Facebook, individuals or groups of individuals have
found ways and means to negatively affect its community. The Presidential Election of the
United States in 2016 is believed to have deeply influenced by the fake news propagation
within Facebook and other social networking platforms [9, 10]. Another example is the
Brexit election [11]. These topics came into attention within the society because people
believed that the content on Facebook or other social networking sites did influence its users’
affinity. Another example would be the Presidential Election 2015 of Sri Lanka. Many
people believed that Facebook was able to sway the mindset of Sri Lankan users and entirely
affect the results of the election. This election was called the ’first-ever cyber election of Sri
Lanka’ [12]. In all these events, there is a general belief that the results of the election were
most likely due to the influence posed on the user affinity.

What is affinity? It is the tight bond a consumer holds towards a particular brand [13]. A
brand represents a business, organization, product, service or even political parties. In the
context of this research study, we refer to the affinity or the tight bond of the user of social
networks holds towards political parties within the network. A user either has a high or low
affinity towards a political party. There can be changes to their level of affinity due to internal
or external factors. These affinity changes in political views of the users due to the interactions
in social networks is one of the most talked and controversial problems speculated by society.
There is no ground truth or evidence to prove this speculation. However, the society hangs
tightly onto it. People believe social networks can be used to change the affinities of its
users, especially in the political domain through Facebook or other social networking sites.
Various election candidates of different countries carried out large-scale political campaigns
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on the mere belief that affinities can be varied through user interactions with the content [14].
Sri Lanka is capable of providing another example for this scenario, the ban on several
social networking sites like Facebook and communication platforms implemented by the
Sri Lankan Government for nearly three days due to racial riots in March 2018 [3]. This
ban was imposed because the Government officials believed that the online user interaction
could influence user affinity hence limited their interactions through the ban. There was no
evidence that backed up the claim made by these officials. It is clear this issue has outgrown
to lengths such that it has started to affect the democracy of countries as well. Yet, no
concise explanation or justification provides substantial information proving that online user
interactions do influence changes in the user affinity.

Facebook as a whole is a complex and sophisticated platform. It consists of personal
profiles, groups and pages. We narrow it down to Facebook groups. It is notable that groups
are places where people with common interests come together to share their viewpoints [7].
In a group, we can find three kinds of users according to their interactions or consumption
of the content. There are active contributors, passive users and consumers of content [15].
These users consume a considerable amount of content on a daily basis. People believe that
this exposure to data can change the affinity of a user. Thereby, it is important to identify the
actual impact of the user interactions towards their own affinity.

The existing literature does not provide justice to the presented area of research. Many
research conducted in the social networks field concentrate on areas such as fake news
propagation [9, 10], influence maximization, content personalization [16], online user behav-
ior [17], sentiment analysis [18] and more. Very few research is available where it explains
the effect on a user affinity due to the impact of interacting with the online content. People
need to know the real impact as we see many decisions and actions are being solely taken
on the belief that online interactions change the user affinity. The decision-making process
should be informative and use accurate facts and figures. We believe this research enables to
create the pathway in recognizing the effect of user interactions.

A crucial measure for this study is a measure to quantify user affinity. Affinity is an
intangible abstract quality, therefore, it cannot be directly measured from the network.
Previous research [19] have considered secondary measurements obtained from a graph of
the network such as the shortest path length of the users and the number of edge-disjoint paths
between users as a measure of closeness. However, it is doubtful whether these measures
are good enough to quantify affinity. To this end, we look at the migrations of users within
the Facebook groups. The rationale here is that most user migrations are a result of a prior
change in affinity. A migration happens when a user supporting one entity and interacting
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with the online content of the given entity’s group starts interacting with an entity’s content
which is contrasting to the ideas and opinions of the initial entity.

It is interesting that approximately 82% of Sri Lankan internet users are using Facebook. It
is the most used social media platform in Sri Lanka according to the Statcounter statistics [20].
We collected data on user interactions from 44 Facebook groups where the topic is dominantly
politics with regard to the Local Government Election 2018 held on the 10th of February
2018. The dataset contains data from both the pre-election and post-election period. All the
personally identifiable information is removed from the dataset. We study this data in three
phases; micro-level analysis, macro-level analysis and user content coding. The micro-level
analysis is where every single user is considered as the unit of study. Facebook groups
are used as the unit of study in macro-level analysis. User content coding is conducted to
evaluate the results. At each of the analysis stages, we look into changes of user affinity
through user migrations via a model introduced in this research.

1.2 Problem Statement

The society looks at the social networks with the mere belief that it influences the users
with its content and accomplish to change their user affinity regarding political matters.
Past research has not addressed this particular area of study adequately. There exist many
pieces of research which have look into influencing a person to interact with the content,
personalizing content on social networks, fake news detection and many more aspects of
social media [9, 10, 16–18]. However, the influence on the user’s affinity after interacting
with content is scarcely studied. It is observed that decisions and actions were made blindly
based on the mere belief, in the absence of clear or incontrovertible evidence. We observe a
clear gap of knowledge that needs to be analyzed and understood precisely. This study is
of high significance as understanding the influence on the user affinity by interacting with
the content alone provides ways and means to look at all the opportunities and threats that
it poses on the society. The outcome of the research will assist in various decision-making
processes of authorities and entities.

1.3 Research Questions

Our research is directed to analyze the impact on user affinity exerted by the interactions
of the users within a community in social media. With this intention, we have planned to
answer the question, how does the community interactions on social media influence the
user affinity? . This finding will be vital as it will verify many ideologies held by the public.
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We look into identifying the relationship between the community interactions and the user
affinity.

In the process of filling the gap of knowledge and getting a sound understanding of
the influence of community interactions on the user affinity, it is important to precisely
understand about the user affinity. Identifying the affinity changes is one of the most critical
tasks that is achieved during the study. This quantification assists to get a broader view on the
impact of community interactions on the user affinity. The user affinity quantification also
becomes useful since it allows to derive a precise depiction on its fluctuations with regards to
interactions of a user with various content available in the communities of social networks.
Therefore, the sub research question, how to measure the user affinity changes in relation
to community interactions on Facebook? is answered through this research.

After the identification of a method to measure user affinity changes, it is possible to
look at its evolution with time in the context of a given social phenomenon. We do not
believe it is possible to generalize the findings for all the phenomena but able to provide
evidence of what happens to the affinity with relation to the interaction of content on social
networks. It is possible to generalize the method used in capturing the evolving user affinity.
Thus the sub research question, how does the online user affinity evolve corresponding
to social phenomena depicted in Facebook in association to community interactions?,
is answered. Understanding the fluctuations of the user affinity with time helps to weigh the
effect of community interactions and identify the ways it affects various individuals.

1.4 Goals and Objectives

1.4.1 Goal

Identify the influence of community interactions on user affinity in social networks

1.4.2 Objectives

• Analyze the evolving user affinity due to interactions in Facebook groups

• Identify a metric for user affinity in relation to the community interactions on Facebook

• Create a model to identify the changes in user affinity



1.5 Significance of the Research 6

1.5 Significance of the Research

During the racial riots that happened in 2018 [3] in Sri Lanka, the government restricted
access to social media without substantial evidence under the assumption that social media
fueled these riots. While we are not suggesting that such actions are ineffective, having
insights on the impact of social interactions on user affinity will assist to make informed
decisions as the macro-level can be understood with the information.

People tend to use social media as a platform for manipulative marketing where they try
to influence people by boosted posts or else fake likes. Having insights into human behavior
within the social media platform, we have a single source of truth to identify this kind of
manipulative marketing or campaigning at early ages. This identification can be used as an
indirect way of determining the authenticity of the information.

This research lays the foundation for various other research as we contribute knowledge
on user affinity and community interactions which is scarce in the research community.

1.6 Research Approach

The research will follow a nonexperimental descriptive research design approach using
quantitative methods which will bring out effective and reliable results for the study. We
plan to follow nonexperimental results as the data collection will be carried out on Facebook
from public groups and pages which no manipulation of any sort can be done [21, 22]. In
this research we intend to study the relationship between the social interactions of online
social network users and their user affinity, it is evident that the purpose of the research is
descriptive [23–25]. However, the data that we collect is qualitative in nature, but we will
use quantitative methods to analyze it using graph theory and statistical methods to reap the
best results.

We will use the Local Government Election 2018 of Sri Lanka held on 10thof February
2018 as the case study to get data for analysis[26]. The data on the Facebook user communi-
ties and the interactions within the time period, 1st of December 2017 to the 20th of February
2018 will be collected. The data collection spans over few weeks prior to the election and
a few weeks after the election is over with the intention of getting a complete dataset with
pre-election and post-election activities.

The dataset will consist of community interactions within public groups and pages
available on Facebook where the election was the main topic of the discussions. Primary
data of the research was collected through Facebook API[27] extraction where it generates
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basic data relevant to community interactions such as user ID, post ID, comments, number of
likes and number of shares of a particular post etc.

1.7 Limitations, Delimitations and Assumptions

1.7.1 Limitations

The dataset does not include all the Facebook user interactions that happened during the time
period the data was collected. Some Facebook posts were deleted by users or page/group
admins or reported and taken down by Facebook[28] which resulted in creating gaps in the
dataset during the data collection. Presence of this deleted data might be able to provide
more useful and better insights for the analysis. We consider this as a major limitation of our
research.

It is certainly possible that the factors that drive the changes in user affinities were caused
by user interactions that happened outside of the time period that the data was collected.
Further, it is possible that some users do not tend to interact with Facebook groups even
though they were influenced by the content. This research limits itself to analyze the online
user interactions that happened within a selected number of Facebook groups from 1st of
December 2017 to the 20th of February 2018.

1.7.2 Delimitations

We do not analyze the content of the Facebook posts or comments even though they were
extracted from the selected groups/pages. There is related research that was carried out by
means of content analysis[29], however, it is deemed rather difficult in this research due to
the nature of the content in posts and comments. Majority of the post and comment content
is in Sinhala or mixture of Sinhala and English.

Sinhala, being a morphologically rich language, makes it harder to apply the Natural
Language Processing techniques with sentimental analysis that are available to content
written in English. There is a lack of tools and techniques tailored to Sinhala content analysis
in the research community. To this end, we chose not to include automated content analysis
as another path on this research.

1.7.3 Assumptions

The time a particular interaction occurred is required for temporal analysis of user interactions.
While it is possible to get the time a certain comment is made on a post, Facebook API does



1.8 Contributions 8

not provide timestamps for reactions. Due to this limitation in the Facebook API, we assume
that the reaction timestamp is equivalent to the timestamp of the published post the reaction
was made to.

1.8 Contributions

We fill an existing knowledge gap by contributing the following,

• To the best of our knowledge, we are the first to analyze how user affinity evolves
surrounding a key event such as an election in Sri Lanka.

• To the best of our knowledge, we are the first to analyze user interactions among Sri
Lankan Facebook user groups and pages surrounding political topics.

We have contributed to the research community with two publications as of the writing of
this thesis.

• "A Weighted Network Analysis of User Migrations in a Social Network" Presented at
2018 International Conference on Advances in ICT for Emerging Regions (ICTer)

• "The Influence of Community Interactions on User Affinity in Social Networks: A
Facebook Case Study" Presented at 2018 National Information Technology Conference
(NITC)

Further, we deliver the following to the research community for future research in this area,

• An anonymized dataset of Sri Lankan Facebook public groups and pages during Local
Government Election 2018

• Scripts to collect data from Facebook groups and pages

• An open-source toolset to analyze and visualize evolving user interactions in Facebook



Chapter 2

Background

2.1 Social Influence

Social influence as defined by Rashotte is "the change in an individual’s thoughts, feelings,
attitudes, or behaviors that result from interaction with another individual or a group" [30,
p. 4426]. Contextualizing social influence is a tedious task since it is necessary to take into
account that there are many sources and targets of influence and time [31]. It is important to
understand that social influence is multi-directional and dynamic. In the book [32], Fogas
and Williams have written, they have described influence to be rather indirect than direct
since at times, individuals are not even aware of been influenced by someone or something.

It is observed that social influence plays a major role in social networks today. Many
researchers have studied the social influence and incorporated its properties to derive various
applications. One of the major applications is the influence maximization. In a network of a
given number of nodes, influence maximization identifies the set of nodes that set the maxi-
mum influence within the network provided that both the Linear Threshold and Independent
Cascade Models are satisfied by the nodes [33]. This concept has been widely used in the
fine-tuning viral marketing [34, 35] and heuristic algorithms [36]. In the study conducted
by Bond et al. the impact online social influence on offline behavior was investigated [37].
Many concept models have been produced with regard to the social influence and its impact
on social networks online [38, 39] and offline [40].

We can see that there are various types of models and algorithms are present to identify
the influential nodes. This study emphasizes understanding the factors that cause these nodes
to be influential. It is important to look at the microscopic level of the network to identify the
factors. Techniques such as actor-oriented models, statistical analysis such as cumulative
distribution function and pattern recognition can be used to investigate these factors.
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2.2 Social Affinity

Social affinity can be explained in various ways as discussed by Vela-McConnell in his
book [41]. Affinity can be explained as either resemblance or fondness or imply kinship
with individuals. A research was carried out by Panigrahy et al. where they introduced a
method to quantify the social affinity between users in a social network which intermediary
to both the shortest path and number of paths. In order to understand the mechanism of
the viral marketing, affinity was used by Irribarren and Moro [42]. They explained that the
affinity between the message content of the campaign and personal preferences drove the
mechanism. However, in our research, we plan to measure the user affinity of a user with the
political entity of their preference. It is not possible to use measurements such as shortest
distance or number of paths to the entity in our dataset since the edges are multidimensional
as it consists of many properties within itself. Thereby, we had to include edges and node
properties together with temporal data and network communities in order to quantify the
affinity of the users.

2.3 Social Network Analysis (SNA)

A social network can be online and digital networks or face-to-face conversations, political
associations and connections within or outside nations, and economic transactions within
businesses or organizations [43]. Social Network Analysis is the process of investigating
social structures through the use of networks and graph theory according to Otte et al [44].
It is interdisciplinary as it brings together social theory and its applications, statistical
and mathematical disciplines and computing methodology. The process of social network
analysis is not merely looking at pictures and diagrams of networks to identify patterns but
also including a network’s structural properties and its implications. SNA uses relational
data; it requires data of the relationships between the analysis units to proceed with the
analysis. In the process of analyzing networks, as John explained it is important to consider
the following pointers [45];

• The study requires relational or structural data

• The actors and their actions are interdependent

• Network models targeting individuals are seen as opportunities or constraints for an
individual’s action in the structure

• Network models conceptualize its structure using the relationships between its actors
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SNA has been used in many areas of work to understand, describe and explain networks;

• Migrant behavior [46]

• Textual analysis applications [47]

• Internet applications [48, 49]

• Computer-supported collaborative learning [50]

• World political and economic system [51]

• Social Influence [52]

• Spread of Obesity [53, 54]

• Social Capital [55, 56]

Network analysis can be represented mainly using three forms [45];

• Graph Theory: Graph theory is used in this analysis [57].

• Sociometric: It is used in studying equivalence and block models. The actors are
represented in a two-way matrix called a sociomatrix. Most of the software use this
method in analyzing network data [58].

• Algebraic: This method is used in role and positional structure and relations within
a network by using various algebraic techniques. It is useful in looking at multiple
relations [59].

Graph theory has been widely used in studying network models. One of the appealing
reason is the vocabulary that provides a precise explanation to social structural properties [45,
60]. It uses mathematical and statistical approaches so that an objective view of the network
can be obtained. In addition, graph theory presents ways to prove and justify theorems.
It simply provides an easy way to represent a network and quantify its properties without
complications.

2.3.1 Networks and Basic Representations

In the literature, networks have been treated as a static structure where all the calculations
were derived from artificial graph structures. The advent of the World Wide Web has
resulted in rapid growth of social networks and the application of graphs to the real work
scenarios [61]. It is important to take into consideration the following measures when
experimenting with real work models at present:
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• The inclusion of both the theoretical and empirical data to structure the graphs

• Non-bias data collection methods

In light of the current development of social networks, it is important to understand the
evolving and dynamic nature of networks. In social networks, nodes and edges keep getting
added or removed with time, thus it is mandatory to capture the temporal changes taking
place in the network when studying it. Furthermore, the properties affecting the network
structure should be thoroughly studied.

A network is a collection of vertices connected to each other, which is also called a graph
in the mathematical literature [62]. The vertices (V) are called nodes and the connections
within the nodes are called edges (E). Thereby, a graph G) can be represented as G = (V, E).

Few of the metrics that are used in social network analysis can be listed as follows.

• Degree is the number of edges connected to a vertex.

• Degree sequence is the summary of the sum of edges per vertex in the graph.

• Degree distribution is the probability distribution of the degrees over the network.

• Clustering coefficient is a measure of the degree to which nodes in a graph tend to
cluster together.

• Network diameter is the shortest distance between the two most distant nodes in the
network.

• Average path length is the average number of steps along the shortest paths for all
possible pairs of network nodes.

• Modularity is a measure of the strength in division of a network into modules.

2.3.2 Models for Complex Networks

Models are used to mimic the connections within a network which assisted to understand a
network’s structure. We discuss a few general models which are used widely.

Random Graphs

Erdos and Renyi posit that given a set of all possible graphs that can be created using n
vertices and N edges; a random graph is an element selected randomly from the set where
each of the graphs has an equal probability of being selected [63]. It is represented as G
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= (n,N). On the other hand, Gilbert points out a deducing a random graph by randomly
choosing the edges with an independent probability (p) for a given set of vertices [64]. In
Gilbert’s model, a random graph is represented as G = (n,p).

The concept of random graphs is widely used in various fields to study complex networks
such as brain structures [65], wireless networks [66], virus propagation and epidemic disease
propagation.

However, as large size random graphs consist of Poisson degree distribution, random
graphs are a poor depiction of the real-world networks as these networks consist of highly
skewed degree distribution [67, 62]. Due to this complication, quite a number of research
has been conducted to develop models to forego the shortcoming of the degree distribution.
One such research [68] is where a realistic model is developed to include the properties;
logarithmic average distance, high clustering and power-law degree distribution, to construct
the graph based on a constructive model representing the real-world scenario and bring out
a simple definition for the model such that intuitions and proofs of its properties can be
produced easily.

Newman et al. developed a model such that the real-world properties of complex networks
which are highly skewed degree distributions and difference from Poisson degree are co-
existing while it depicts the real-world networks. This is enabled when the degree distribution
in the model is specified, which in turn provides a solvable for the other properties [69].

Small-World Model

In the article written by Watts and Strogatz [70], they explained that there are real-world
instances (biological, technological and social networks) where the graph had high clustering
as regular lattices and small characteristic path lengths as random graphs which depicted
the ’small-world’ phenomenon. If a large network has got a small diameter, the network is
considered to be a small-world network model.

Ever since, small-world model has been used in many studies related to social net-
works such as enhancing the cache replacement mechanism of Freenet [71], Jovanović’s
successful attempt to model peer-to-peer network topologies using small-world and scale-free
model [72] and many more [73, 74]

Scale-free networks

In large networks which keep growing it was observed that [75],

• The expansion occurs due to the addition of vertices and

• The new vertices get connected preferentially with vertices that are well connected
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These two properties in networks were described to be scale-free networks which forego
the properties of individual systems and many. Furthermore, this depicts that the scaling
of scale-free networks follows a power-law distribution. Barabási [76] further studied on
its properties and introduced a model that depicts the World Wide Web as a self-organizing
scale-free in spite of its characteristics of being a random graph. It has also been used to
study computer virus propagation [77], generate models to further understand the growth of
a scale-free network itself [78, 79] and various other research.

2.4 Evolving Social Networks

It is important to understand different means that researchers have followed to understand
evolving social networks with time. Dynamics of such evolution can be studies considering
the network at Micro-level and Macro-level. Micro-level studies involve looking at the
network with a high granularity. Often these studies look at how individual nodes behave
with respect to time. In contrast, in Macro level, we study how larger components of the
network like communities within the network evolves over time. However, there are occasions
where both levels are considered in a single research. There studies which look at both the
levels which are discussed in the mixed evolution methods

2.4.1 Macro-level Evolution Methods

Kumar et al. studied metadata with a timestamp of every event from two real-world networks
of Flicker and Yahoo 360 exceeding 5 million and 10 million friendship links respectively [49].
They separated the users as singleton, ones who are not participating in the network, giant
component, the active users in the network participating in the activities and are connected
to one another, or through someone else, isolated communities, these communities are
in the middle region, they do communicate but as small groups and do not engage in
participating the larger network. These user components are studied using migration patterns,
structural evolution, measurements such as average degree, degree distribution and time
graph properties. It was found out that the isolated communities consist of star formation
and slowly grow and merge with the giant component. The middle region also consists of the
star formation. This star formation was explained using the invitations within the network.
Furthermore, the average distance between users within the giant component reduces over
time. The social networks grow over time in different stages. A simple model was developed
based on biased preferential attachment to understand the component growth accurately. We
can use this is to understand different communities within a real-world network, it provides
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us the understanding of where we can approximately predict the evolution of a network by
looking at the initial structure of it.

Berger-Wolf and Jared introduce a framework to investigate the dynamic interactions of
social networks over time [80]. They introduce the concept of Meta-Groups (MG). Their
process involves two main steps to turn a dataset with temporal data to a set of partitioned
groups.

• Given a set of partitions of a dataset, calculate the similarity of the partitions to one
another. They have used Jaccard Coefficient to find the similarity of partitions. Meta-
Group is a subset of partitions which has similarity measure greater than a certain
threshold value

• An individual node in the network is a member of a meta group, if the number of
partitions the node belong to, is greater than a certain threshold.

This framework makes it possible in finding the most persistent and the largest social
structures in a network, as well as social structures that encompass a set of specified groups
of individuals.

2.4.2 Micro-level Evolution Methods

A similar network partitioning technique to Kumar et al. [49] has been followed by Vicario
et al. on studying the structural patterns of the Occupy movement in Facebook [81]. They
studied the Facebook user activities of 179 US Facebook public pages during the Occupy
movement, i.e. an international protest movement against social and economic inequality
organized online at a city level. Similar to Kumar et al. [49], they separated the users into
2 categories, habitual and occasional depending on the number of likes a user has made.
However, these two pieces of research differ in the granularity of how they look at the
network.

According to Vicario et al. [81], a user is considered habitual if 95% of his/her likes
are made to a single particular page. Rest of the users are categorized as occasional. Then
the structures of the networks formed by these two categories of users were analyzed and
compared with respect to their geographical patterns in the information diffusion process.
They discover that there is a correlation between the geographical location of the activities
and the distributions of likes, comments and posts, which implies that the activities of Occupy
movement are geographically coordinated.

Leskovec et al. have carried out a detailed study on the network evolution taking
into consideration four large online social networks namely Flickr, Delicious, Yahoo and
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LinkedIn [82]. Full temporal information about individual node arrival and edge creation
processes have been analyzed which collectively lead to macroscopic properties of the
network. A methodology based on the maximum-likelihood principle was followed to
investigate several network formation strategies in order to support their conclusion that edge
locality plays a critical role in the evolution of networks. With the received conclusions
via the investigations. They have developed a complete model of network evolution, which
nodes arrive at a pre-specified rate and given chance to select their own lifetimes. It is
figured out that the combination of the gap distribution and node lifetime leads to a power
law out-degree distribution for all the four taken networks. Although there are several edge
creation processes carried out by several researchers, they all lead to heavy-tailed degree
distributions and hardly can apply to real-world. Therefore, this research has tried to capture
the reality of networks in the best way. The microscopic node behavior is studied in this
research. They have used a series of snapshots to consider patterns.

In this research, the edge arrival sequence that is directly responsible for global network
patterns. Twenty-five models were selected based upon the three core processes namely
node arrival process, edge initiation process and edge destination selection process. With
the dataset, they have shown that inherently non-local nature of preferential attachment is
fundamentally unable to capture important characteristics in those networks. The selected
network was evolved edge by edge and for every edge that arrives into the network, likelihood
that particular edge endpoints were chosen under some model. The product of likelihoods
over all edges gives the likelihood of the model. A higher likelihood was considered as
a better model in the sense that it offers a more likely explanation of the observed data.
Studying edge initiation is started by observing how long a node remains active in the social
network and then studying the specific times at which node initiates new edges during the
active life. The research concludes by proving that most new edges span very short distances,
typically closing triangles. Node arrivals being more network-specific, the edge initiation
process can be captured by exponential node lifetimes and a “gap” model based on a power
law with exponential cutoff.

The model which has been developed produce true evolution of network properties such
as clustering coefficient and diameter giving rise to accurate global properties. The model can
be used in future to generate arbitrary-sized synthetic networks which closely describes the
macroscopic characteristics of real social networks. It can be understood that user interaction
generation in a social network can be identified by the lifetime of users in a specific network
and macroscopic characteristics of these users in the social networks can be described with
the use of the model that developed by the researchers.
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Ahn et al. took an attempt at comparing the structures of the three online social network-
ing sites; Cyworld, MySpace and Orkut each containing more than 10 million users [83].
Researchers try to show that they deviate from close-knit online social networks which
show a similar degree correlation pattern to real-life social networks. The researchers try to
answer the questions “What are the main characteristics of online social networks?”, “How
representative is a sample network?” and “How does a social network evolve?” through
putting interest into huge and those of magnitude have not yet been analyzed.

Four sets of online social network topology data from the above mentioned three popular
SNS has been collected and the analysis was started by looking at the metrics; degree
distributions and clustering coefficient. From a snowball sample network, researchers have
measured the number of nodes at each round of breadth-first search. The average path
length between nodes is estimated from sample networks. To confirm that the distribution of
average path length eventually converges to complete network, researchers have looked at
the incremental change that they can see when the number of sample networks increased.

Sample ration is considered as 0.33 percentage which resulted in 40,000 nodes in each
sample network. It is proven that sample networks have varying smaller degree exponents
than the complete network, but the multi-region scaling behavior is same. This has brought
the knowledge on network evolution with the careful investigation on social network mea-
surements like average degree distribution, clustering coefficient. In fact, there is a gap exist
between this knowledge and the reasoning for these node properties from the perspective of
user behavior in online social networks.

2.4.3 Mixed evolution methods

In a longitudinal study conducted for over 32 years to identify the spread of obesity over
social networks, it was found out that obesity was more of a public health problem [53].
Christakis and Fowler used the data of a densely interconnected social network of 12,067
people collected at 3-year intervals from 1971 to 2003 which included three different genera-
tions. They identified ego, people whose behavior was analyzed and alter, individuals who
influenced an ego’s behavior within the network. Data such as weight gain, gender influence,
friends, family, environment changes and geographic distance between the domiciles of
persons in the social network were collected which is available from the Framing-ham Heart
Study. Since the network was interconnected by friendships, three types were identified;
ego-perceived friendship where ego identifies and alters as a friend, alter-perceived friendship
where alter identifies ego as a friend and mutual friendship where the friendship is identified
by both the ego and the alter. Ego-perceived friendship was considered the most socially
influencing in the network. The network data was structured using the Kamada-Kawai



2.4 Evolving Social Networks 18

algorithm in Pajek software and videos of the network were generated using Social Network
Image Animator (SoNIA) at time intervals. The derived models were then compared with
theoretical models such as small-world, scale-free, and hierarchical types. The clustering of
the network was explained using homophily, confounding properties and induction in the
environment. The longitudinal logistic-regression model was used to statistically analyze the
data of the network. With this quantitative analysis of the social network, the study suggests
that obesity spreads with the network with the nature of the social ties. This finding can
be applied to online networks as well. The proposed categorization of social ties would be
helpful in studying the influence users can pose within a network, thus used in areas such as
influence maximization or identification of influential nodes.

There are various models available explaining the influence and structural changes within
social networks separately. However, actor-oriented model [84] looks at the longevity of
the network and model it using both the co-evolution of social networks and individual
behaviors. Burk et al. use Simulation Investigation for Empirical Network Analyses (SIENA)
software to implement the model and test it with the data from a longitudinal sample of
Swedish adolescents whose co-evolution of friendship networks and delinquent behaviors
was collected. Selection of ties and influence process within the network was also assessed
simultaneously. Process of modeling, the analysts used continuous-time Markov chains to
ensure that changes of ties at a given instance occur due to the current network configuration
and has nothing to do with previous configurations. The actor-oriented model looks at the
network and individual behavior evolution separately in different transitions, but however
models all possible variants that can occur simultaneously in a probable space. Three
assumptions guide this model; continuous-time Markov process is used to depict changes,
actors may change only one network tie or one level of behavior at any moment in time and
actors do not react based on the prior agreement but on the behavior of each other. Thereby
the model looks at every property and frequency of the network and behavioral micro steps
of the individuals to obtain the model. Irrespective of the complexity of the resulting model,
it assists in understanding both individual’s decision regarding changes in social ties and the
behavior of networks since these two processes relate with each other. Furthermore, internal
changes within a network can also be simulated using the derived model from SIENA. This
analysis provides a path for future researchers to evaluate the influence posed by individuals
in the network in relation to their decisions on social ties. It would be important in identifying
manipulative influencing within a network.

Users interact with the content in online social networks in various ways(wall posting,
messaging, applications, photo uploads, and chat), thus an activity is performed in the
network. Vishwanath et al. [85] studied the evolution of the activity network at both the
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Fig. 2.1 Social network evolution of individuals from Framingham Heart Study with Infor-
mation about Body-Mass Index According to Year as illustrated in [53]

micro and macro-levels. They used data from a subset of 60,000 Facebook users in New
Orleans over 2 years. There were 800,000 wall postings which are considered as interactions
in the study. Pairwise user interaction was analyzed at micro-level where the distribution of
wall posting per social ties was examined and active pairs were identified using cumulative
distribution function and pattern recognition. It shows that only a few user pairs interact
highly while a majority of users interact rarely for occasions such as birthdays which accounts
for a skewed distribution. At macro-level, the evolution of the whole network was observed
by taking snapshots at 9 intervals during the period of 2 years and the quantitative overlap
of consecutive snapshots was analyzed. Furthermore, metrics such as average node degree,
clustering coefficient and average path length of the snapshots were calculated. This part of
the research explains that irrespective of high activity levels between user pairs, the properties
of the whole network remains stable over time.

2.5 Layout algorithms

Several force-directed layout algorithms for network visualization in popular use include
Fruchterman-Reingold, ForceAtlas2, LGL and SFDP. In their paper, Jacomy et al. [86]
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present the functioning and settings of ForceAtlas2, continuous graph layout algorithm which
is designed within Gephi, social network analysis tool for the precise understanding of its’
behavior to the users.

Most visualization techniques used with Online Social Networks employ a variant of
force-directed graph layout according to Linton [87]. The positions of nodes in the drawing
are determined by applying attracting forces between edges and repelling forces between
nodes. Social networks graphs are commonly drawn using a class of algorithms called
force-directed layout (also known as spring embedders) according to Linton.

The Fruchterman-Reingold Algorithm [88] is one of the best known force-based algo-
rithms to represent complex networks. In this algorithm, they have provided a modification
to the spring-embedder model of Eades for drawing undirected graphs with straight edges.
The force exerted on a node is the vector sum of repulsion forces due to all other nodes and
the sum of attractive due to the vertices connected to the vertex itself.

Though there are different layout algorithms, most of these are unable to use in large
networks as it requires large memory. As a result, there is a need for powerful layout
algorithms that can be used in any size network. The pursuit of less cluttered and more
revealing visualizations has prompted further research on measures of graph layout quality
according to Dunne et al. [89] There attempt was to create awareness about the effective
graph drawing strategies. They have defined a new node and edge readability metrics to
provide more localized identification.

2.6 Social Network Analysis Tools

There have been different discussions and viewpoints regarding the social network analysis
tools that have been used to analyze the social networks answering different kinds of research
questions. Martinez-Lopez in his research paper on Social Network Analysis tries to review
the concepts and theoretical aspects related to the social network analysis and graph theory.
The paper [90] discusses about open source SNA tools and SNA tools that can be used for
academic purposes like Agna, Bianche, Cytoscape, FATCAT, Igraph, Iknow, KliqFinder,
JUNG, Multinet, NetDraw, NEGOPY, Netvis, ORA, Pajek, PermNet, PGRAPH, Network
Insight, StoCNET, STRUCTURE, VISIONE.

International Network for Social Network Analysis [91], the professional association
for SNA researchers provides a platform to get access to different kinds of SNA tools and
methods that are used in data collection. Also, it acts as a portal which provides publicly
available datasets to the researchers interested in Social Network Analysis. Different research
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Software Main Functionality
Agna Platform-independent application designed for SNA, sociom-

etry and sequential analysis
Cytoscape Network data integration, analysis and visualization
igraph Network analysis package with emphasis on efficiency and

portability
NetDraw A free windows program for visualizing social network data
Negopy Finds cliques, liaisons and isolates in networks
Netviz A tool for visualizing real-time network or graph data
Ora Dynamic network analysis tool which supports visualization
Pajek Large network analysis tool for Windows platform
pgraph A Python GUI for display of network topologies

Table 2.1 List of SNA tools

papers on SNA in several contexts have been added to the portal in order to support the
researchers.

The Netvizz application [92] was initially developed by the author in 2009 as a practical
attempt to study Facebook’s API as a new media object in its own right and to gauge the
potential of using natively digital methods to study Social Network Sites. The Netvizz
application works as a tool that generates dumps of data from social media and these data
works as an input to the social network visualization.

Graph visualization tools play a vital role in analyzing social networks. However, there
are key issues that need to be considered when selecting visualization tools; the size of
the network and usability [93]. When considering Gephi as a visualization tool for social
network analysis, it has become a very time consuming and costly tool as the large networks
take a lot of memory and space to visualize themselves via the tool.

Table 2.3 presents a list of network visualization tools in the arena of social network
analysis.

2.7 Behavioral Models

Wellman [94] emphasizes the paradigm that “behavior is interpreted in terms of structural
constraints on activity rather than in terms of inner forces within actors”. In the book, “Six
Degrees: The Science of The Connected Age” [95], Watts emphasizes that networks are
the signature of social identity and the pattern of relations between individuals reflects the
preferences and characteristics of individuals.
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A mechanism is a theory or an explanation and what it explains is how an event causes
another according to Kosowski. Strong tie hypothesis implies that one’s close friends tend
to move in the same circles that she/he does, while Weak tie hypothesis argues that weak
ties are responsible for the majority of the embeddedness and structure of social networks in
society as well as the transmission of information through these networks [96].

Tan et al [97] study how users’ behaviors (actions) in a social network are influenced by
various factors such as personal interests, social influence, and global trends. Here, they have
proposed a Noise-Tolerant Time-varying Factor Graph Model (NTT-FGM) for modeling and
predicting social actions. With the use of this model, researchers have tried to formalize the
social action tracking problem exist in social networks.

Kossinets et al. [98] have proposed a temporal notion of distance in social graphs, by
quantifying how long it takes for information to propagate along a given edge. They have
taken an email communication system in a university as the case study and have observed
the temporal dynamics of the communication. Their findings reveal that temporal measure
provides structural insights that are not apparent from analyses of the pure network.

Cosley et al. [99] subsequently proposed a model of how influence propagates through
a social network. In their research, they have considered two definitions for the influence
based on a small set of “snapshot” observations of a social network and detailed temporal
analysis. How influence spread is described using the above two methods. In our research,
we followed the two definitions mentioned above but then tried to fit the results to an existing
behavioral model.

Freeman [100], in his research paper, defines a person having high betweenness centrality
is considered to be able to “influence the group by withholding or distorting information in
transmission” because he or she is located as a passage point between different sections of a
network. These users work as hubs of the network and further research should be carried out
to quantify the actual influence on the other nodes from these hub nodes.

There has been a long-standing interest in identifying central individuals in a social
network according to Bavelas [101]who make an influence on the others in a social network.
Watts et al. say that it is important to underscore that highly central individuals are not by
definition influential There are still questions left unanswered for users’ behavior in social
networks; whether they are influenced or not and the influential factors that affect them if
there exists an influence for a user [95].



Chapter 3

Methodology and Design

3.1 Introduction

This chapter elaborates on the nonexperimental descriptive research design approach using
quantitative methods employed in understanding the impact of social network interactions
on user affinity relating to key events such as an election which happens outside the social
media platforms. The study uses the Sri Lankan Local Government Election 2018 [26]
as a case study to draw conclusions and answer the research questions driving the entire
research. This approach will help to understand and describe the changes in user affinity
relating to the interactions and gain a deeper understanding to the underlying mechanics to
this phenomenon. This chapter breaks down the applicability of nonexperimental research
design, data collection and analysis methods, evaluation of the results and the validity and
reliability of the research in a comprehensive manner.

3.2 Research Questions

1. How does the community interactions on social media influence the user affinity?

2. How to measure the user affinity changes with relation to community interactions on
Facebook?

3. How does the online user affinity evolve corresponding to social phenomena depicted
in Facebook in association to community interactions?
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3.3 Research Design

This research examines the interactions of users in social networks and the user affinity as
the main variables. We adopted a nonexperimental research utilizing quantitative approach
with an explanatory design.

The data must be able to reflect the natural and random behavior of Facebook users. The
research questions look into analyzing the causal relationship between user affinity and the
social interactions of the users. We are not able to manipulate the variables for the study,
thus a nonexperimental research approach is followed. In nonexperimental research, the
variables cannot be manipulated but studied as it stands [21]. The main considerations in
applying a nonexperimental approach are the importance to capture the natural and random
behavior of the users with external interference. Adding to it, it is unethical to manipulate the
interactions in public discussions in a social network for the purpose of the as it will cascade
incorrect information to the society [21, 22].

3.3.1 Research Purpose

The purpose of the research is an important dimension that must be considered in the re-
search design. Fundamentally there are three types of purposes of carrying out a research;
exploratory, descriptive and explanatory [23, 24]. In this research, we examine the rela-
tionship between social interactions and user affinity. The entire processes embody with
describing and understanding the properties within the network and the relationships with
various structural properties. It will, in turn, assist to understand the relation between the
social network interactions and user affinity. Furthermore, we look into understanding the
changes in user affinity with time. Thereby, it is evident that the purpose of the research is
descriptive.

3.3.2 Research Approach

’Community interactions in social networks influence the user affinity’ has become one of the
growing ideologies in the society. In the process of understanding the above phenomena, it is
important to review the literature to identify the existing knowledge in the domain. It was
clear that the literature was not abundantly available for this domain of knowledge. A clear
knowledge gap was identified. Therefore, we planned to analyze comprehensively collected
large amount of data and get a generalized point of view of the phenomena.

David Thomas explained in his study the motivations for an inductive approach [102];

• to get a summarized format of the available data
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• to get an unambiguous relationship and transparency between the findings and objec-
tives of the research

• to model or theorize the processes or experiences that is evident in the collected data

In our research, as we look into a large collection of data and attempt in finding it rela-
tionships between its properties and produce a generalized view of the data through analysis.
We adapted the inductive approach in this study. Furthermore, the data is analyzed using
social network analysis using the graph theory representations [45]. The graph theory uses
various mathematical concepts in the process of analysis. The study follows a quantitative
analysis path with both the use of graph theory and statistical analysis techniques.

3.4 Data Collection

In this study, we look in the social interactions and the user affinity. The social interactions
refer to the reactions, comments, and shares of posts made on Facebook groups or pages.
We considered Facebook groups and pages which are public to Internet users. As we use,
the Local Government Election 2018 of Sri Lanka to answer the research questions, initially
we had to find Facebook groups and pages which were used as a platform to communicate
about the aforementioned election. Snowball sampling was used to identify groups and pages
where political discussions took place. Snowball sampling is also referred to as chain referral
sampling where a sample is created using a series of referrals using entities or individuals who
know one another [103]. An initial set of Facebook groups and pages relevant to the political
discussions regarding the Local Government Election 2018 of Sri Lanka were identified
using keywords. The dataset was expanded using snowball sampling to further identify other
Facebook groups and pages. We excluded the Facebook groups and pages where there was
no activity in the past 4 weeks. Despite this sampling method being non-probability and
creating a biased sample [103], we followed this method to reach groups and pages that are
actually in touch with the users and most likely to hold political discussions. Furthermore, it
assisted to identify sample units which would remain unidentifiable if not for snowballing
sampling. In order to reduce the bias, we included Facebook groups and pages which are
politically independent and politically dependent in the initial sample.

We extracted the user interactions from the identified sample of Facebook groups and
pages using Netvizz. Netvizz [104], a Facebook application which is built on top of Facebook
graph API was used to extract anonymized author ids, post ids, comment ids, the content of
posts and comments, timestamps, reaction counts, comment counts, group/ page id, number
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of shares of a particular post data in Facebook groups. Netvizz provides data as a set of
tab-delimited and comma-separated files.

The final dataset contains pre-election and post-election data of user interactions from
46 different Facebook user groups and 76 public pages of Facebook collected during the
period from 1st of December 2017 to 30th February 2018. We started the data collection few
weeks prior to the election and continued the collection few weeks after the election was over
with the intention of getting a complete dataset with pre-election and post-election activities.
It was important to collect the data continuously during the period as certain users/admins
tend to delete the content periodically or once the election results are announced. In the data
extracted from groups alone, there are 44130 unique users with 192,958 interactions, out of
which 4297 have interacted with more than one group.

3.5 Data Analysis

Analysis refers to identifying patterns and the reason for its existence within the data and
quantitative analysis refers to use statistical methods to identify patterns in data [105]. The
dataset collected is qualitative. We conducted quantitative analysis on this dataset using
graph theory and statistical analysis techniques.

Graph Theory Techniques

The collected data is preprocessed to obtain a dataset without duplication, inconsistencies
and missing data. Then dataset is fed into the Gephi [106], a network visualization and
exploration tool which enables grasp unseen patterns and properties of a network.

We applied graph techniques considering two levels of granularity;

• Nodes of the graphs represent individual users and the edges represent the interactions
between users which sum up the micro-level analysis. We modeled the graph using the
force-directed layout in Gephi. This analysis looks into the temporal changes of the
graph structure.

• Nodes are Facebook groups and the edges are aggregated number of migrated of users
between two groups, which is the macro-level analysis. We use SNAP (Stanford
Network Analysis Platform) to create the structure of the graph. SNAP is a general
purpose network analysis and graph mining library used to analyze a large dataset [107].
Thereafter, the graph structure is visualized using Gephi. Furthermore, we compare
the graphs of the user migrations with random graphs of similar properties to identify
if the dataset depicts either random or non-random properties.
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Statistical Analysis

We analyzed the reactions made by the Facebook users on the posts on the groups. It is a
simple calculation of the aggregation of the types of reactions on the posts. Here the reaction
types referred to are Haha, Wow, Angry, Like, Sad and Love. This aggregation is made for
02 user categories; users who interact in only one group, users who interact with multiple
groups.

We used correlation analysis techniques to identify the relationship between the actual
event which is Sri Lanka Local Government Election 2018 and analysis results derived from
the graph techniques on the dataset collected from Facebook. However, correlation analysis
doesn’t determine the cause and effect relationships with the two entities.

3.6 Evaluation

It is important to ensure the correctness of the results by evaluating it. A comprehensive
evaluation process needs to be defined in the early stages with the aim of exhaustively testing
the results. We adapted manual content-coding for evaluation. We introduced a model to
identify the changes in user affinity through the use of migrating users within Facebook
groups. The evaluation looked into the effectiveness of this model by coding the comments
of a sample of migrating users who have interacted with the Facebook groups within the
timespan of the dataset. This sample of users is identified through the model. Manual content
analysis, as opposed to automated text analysis was used due to the nature of the content.
Post and comment texts largely consist of content written in Sinhala and sometimes as a
mixture of Sinhala and English. Sinhala itself being a morphologically rich language, Sinhala
and English together complicate the automated process of content coding. This makes it a
difficult task to use Natural Language Programming techniques for content coding.

Content coding was conducted in order to show that,

• Users we considered as migrated users from one Facebook group to another Facebook
group show actual changes in their political affinity

• Users we considered as non-migrated users who were supporting the same Facebook
group throughout the data collection period does not show changes in affinity

Manual content coding was done with the help of 45 participants. We tried our level best
to involve the participants from various backgrounds so that we can minimize the biases
of opinions. 36 out of 45 content coders were male. They were tasked with labeling the
interactions of the identified migrated users using a predefined criteria.
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A random sample of migrating users and non-migrating users as predicted from our
model was selected. This sample consisted of 21 migrating users and 24 non-migrating users.
Each content coder was assigned with 3 users. And each Facebook user in the dataset was
assigned to 3 different content coders. Content coders were given an anonymized dataset of
interactions of the users assigned to him/her (See Appendix B).

We asked each participant to evaluate each interaction with two specific criteria as follows,

• If the interaction of the user is supportive to the general idea of the post, the participant
has to put 1 and if not 0.

• If the comment the user for a particular post contains hate speech, the participant has
to put 1 and if not 0.

Since 3 different content coders were involved to code the content of a single user, it was
possible to choose the label the most content coders agreed upon. Indirectly, this helped to
reduce the individual bias that could have been introduced by a single content coder. Table
3.1 contains a sample of aggregated labels of one such user.

With the results from content coding, it was possible to see if there is an affinity migration
reflected in the interactions of each user. Then we matched the affinity migration status, as
well as the migration directions of the users with the predictions from our model to evaluate
the performance.
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3.7 Summary

The table 3.2 summarizes the entire research design used in our study.

Research Design Aspect Type
Type Nonexperimental
Purpose Descriptive
Approach Inductive
Data Collection tools Netvizz, Python scripts
Data Analysis Social network analysis using graph theory and statis-

tical techniques, OpenSNA
Data Visualization Software Gephi, NetworkX, SNAP,Matplotlib
Evaluation Technique Manual Content Coding

Table 3.2 Summarized Research Design



Chapter 4

Results

We aimed at identifying the impact on user affinity through online user interactions. In
order to discover the actual impact, we studied the changes in user affinity around a social
event where we believe most of the social network users are active. We collected data from
Facebook groups around the Local Government Election 2018 held in Sri Lanka.

We broke down the analysis into micro-analysis and macro-analysis where both the
methods show that there are changes in user affinity with time through user migrations. The
analysis methods consist of various graph techniques and statistics. We present a novel
approach to identify user migrations within Facebook groups by bringing together social
network analysis and sociology which is a significant milestone in this study. The model was
evaluated using manual content coding which resulted in an accuracy of 82%.

This chapter unravels the results of the entire work process of the study. It provides a
very detailed description of various analysis methods and results that are both reasonable and
unreasonable for this study. We order the content as micro-analysis, macro-analysis, reaction
analysis and user content coding.

4.1 Micro-level Analysis

This is the initial level of analysis where we looked into the lowest level of details in the
dataset. We collected all the data using Netvizz and use graph modeling techniques in this
stage and got the graph model using Gephi software. The nodes of the graph are the users and
the edges between the nodes are the user interactions within themselves. An edge between
two users is made when one user comments or reacts to a post of another user. Even though it
is one of the simplest representations of the dataset, we got to study the most intricate details
of the structure of the entire network we consider for the study. The addition of the temporal
component for the graph modeling makes the micro-level analysis much more interesting
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and informative. It showcases the growth of a user together with the whole network around
them throughout the entire time period. Furthermore, we drilled down into the dataset to
understand the behavior of each user separately.

4.1.1 Data Preprocessing and Labelling

We combined the collected comment and reaction data of each group. Then the user hashes
(Netvizz uses user hashes to represent a unique user) are replaced with incremental user ids
for the ease of use. Multiple files are mapped with each other to create a dataset of dynamic
user interactions in the following format: [user1, user2, timestamp]. The timestamp
represents the time an interaction between the user1 and user2 takes place. Interactions
could be either comments or reactions of user 1 to a post of user 2 or the other way around.
However, due to the limitations of Facebook’s graph API which does not provide the time a
reaction was made, we chose to use the time the post was created for reactions. Duplicated
records are identified and filtered out. The few incomplete records are removed.

In addition to the above-mentioned network, an aggregated inter-group interaction graph
is used to represent the user movements within groups.

4.1.2 Graph of Individual User Interactions

The first representation can be found in Fig. 4.1. It is possible to study the temporal
evolution of interactions. We observed that the clusters of nodes are consistent with real-
world Facebook groups. With time, new clusters enter into the network. Existing clusters
grow in size. Furthermore, distances between certain clusters either reduce or increase. This
is a visible indication of changing modularities of the network. Since modularity of the
clusters is a representation of affinity, this is a visual indication that affinities do change.

Interestingly, during the course of the election period, we observed that the structure of
the graph is vastly changing. Facebook communities with opposing political views sometimes
came closer in the graph. Certain self-identified independent groups coalesced with political
groups. While this could be an indication of a dramatic shift of the user’s political opinions,
it is not possible to establish it through this analysis alone.

Fig. 4.2 shows the frequency of interactions of a single user across the groups he has
interacted. The graph summarizes a user’s activities in all the groups the user has been
interacting during the time period. Each colored line represents a unique group. We saw that
there are spikes of interactions in groups the user has not previously interacted substantially.
This kind of behavior was observed among multiple users. These spikes in activities could
have been a result of a real-world event. This is another interesting observation given that this
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(a) 10-12-2017
(b) 21-12-2017

(c) 20-02-2018

Fig. 4.1 Micro-level interactions of users during the pre-election and post-election period
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Fig. 4.2 User activity frequency of a single user across groups

re-confirms that the connection between the real-world event and social media interactions
are a two-way street meaning that both have significant impacts towards each other. And the
main spike is around the actual election day which is not surprising.

4.1.3 Results of Individual User Interactions

The 44 collected Facebook groups contain 44130 unique users who have interacted with
them within the collection time period. Different groups have a varying degree of interactions
with users. The most interactive group accounts for 37% of interactions and least interactive
group accounts for 0.01% interactions. The likely scenario is that the majority of users are
concentrated on very highly popular groups rather than equally spreading their attention
across many groups. Thus, we envision further research is required to understand why a
certain set of groups are popular while the rest getting substantially less attention. We found
that 4297 users have interacted with more than one group. This accounts for 9.7% of users
in the entire dataset. This re-affirms our previous observation that a significant majority of
users interact with only a chosen single group.

Analyzing the 1st representation(Fig. 4.1), we report that the average degree of a node
is ten. And the network diameter, the longest shortest distance between any two nodes of
the graph is thirteen. We further report that the degree distribution follows a power law (Fig.
4.3), implying that the network is scale-free. This means the number of nodes with very low
interactions is higher than the number of nodes with very high interactions. This observation
could be due to the fact that most discussions are driven by the handful number of highly
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Fig. 4.3 Degree-Rank in log-log scale

motivated and/or outspoken individuals. In the context of the big picture of analyzing the
impact of the social media on events like elections, this is a significant observation. If those
highly outspoken individuals are malicious then few people can negatively influence the
opinion of the many connections to relevant groups. However, if they have good intention, this
might well be a positive push towards being transparent and getting people more informed.
However, as it was with the previous observation, further research is required to verify our
hypotheses.

The visualization in Fig 4.1 represents one of the most significant observations of our
analysis. These snapshots show that the user interaction gets intense and the number of
people communicating with each other significantly increased towards the election day
and remain like that after the election. This observation does not explain the increased
interactions, it confirms the long-standing belief that people are using social media activity
during events like an election. Given the observed groups are politically motivated groups,
the only plausible explanation for the increased interaction is the election.

4.2 Macro-level Analysis

This analysis acts as the next step in understanding the influence of social media on the users.
The goal here is to identify any anomalies in the migration patterns which infers that several
users or groups of users intentionally or naturally migrate within groups which hamper the
expected use of Facebook. We analyzed the user migrations patterns within Facebook groups
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by representing the dataset using directed weighted(DW) graphs. The weighted edges (
migration of a user) between the nodes (Facebook groups) of the graph is useful to understand
the intensity and the strength of the migration. Furthermore, it assists in understanding the
topological architecture of the network. We compared the derived DW graph with random
graphs generated using weighted Erdos-Renyi graph model [108] with scale-free behavior
and power-law distribution.

4.2.1 Data Preprocessing and Labelling

The public Facebook groups consisting of user interactions in our dataset can be classified
as belonging to either a political party (promoting its propaganda) or as an independent
community. The 11 Facebook groups with the highest user interactions within the period of
data collection are anonymized with labels. Among those groups, the groups B, D, H, I, J
can be identified as belonging to various political parties while groups A, C, E, F, G can be
identified as independent communities.

Initially, we combined the comment and reaction data of each selected Facebook group
obtained via Netvizz. Next, the user hash (Netvizz uses user hashes to represent a unique
Facebook user) of every user is replaced with incremental user ids for the ease of use.

We removed duplicate records as well as few incomplete records in the collected dataset.
We mapped multiple files with each other to create a data set of dynamic user interactions
across multiple groups.

Then we partitioned the Facebook users into two groups.

• Active users - Users who have interacted in more than one group

• Non-active users - Users who have interacted only in one group

4.2.2 Inter-Group Interaction Model Generation

In order to study how Facebook user interactions between multiple groups evolve over time,
we represented the inter-group interactions in a directed graph. Such a graph representation
permits one to observe and measure user migrations at a macro-level between different
Facebook groups.

We used Gephi as a visualization tool to represent the interaction. A directed edge
between two nodes implies a migration of a user from the source group to the target group.
The force-directed layout is used to represent these interactions in Gephi so that nodes with
many interactions are much closer than the others.
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Fig. 4.4 User migrations among 44 Facebook groups

Size of the node is proportional to the number of interactions happened in the group.
Self-edges are not represented on the graph, however, they still affect the size of the node. To
understand how we represent a migration in the graph, consider the following inter-group
interactions of a single user. A as the source group and B as the target group which the user
migrated at the end. After looking at the interactions, if the following conditions are satisfied,
then we identify that a user has migrated.

• Interactions of the user in group B has a later timestamp than that of group A.

• At least 20 percent of the user’s interactions are in group B.

• Users total number of interactions in group A and B are greater than mean interactions
of active users.

With the above-outlined representation, edge weight represents the number of migrated
users from one group to another. Fig 4.4 depicts the above-explained graph with anonymized
edge labels. Edge direction in the figure should be read in the clockwise direction. It can be
observed from the graph that the edge weights are non-uniform.

4.2.3 Results of Inter-Group Interaction Model

We identify that there are 1051 users who satisfy the previously stated migration criteria out
of 44098 total users. Fig 4.4 is a visualization of the migrations of 1051 users across the 44
groups. The thickness of an edge corresponds to the number of users migrated while the size
of the node represents the number of interactions within the group. From the visualization
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Fig. 4.5 User migrations among the top six most active groups

alone it is apparent that migrations are prominent within a few groups than the rest. Fig 4.5
shows the migrations among the top six groups where most interactions have happened.

4.2.4 OpenSNA

Due to the lack of existing tools to analyze social network data in the way we have in the above
steps, we developed a toolkit, OpenSNA which is capable of doing higher-order operations
on social media datasets. It is built upon networkX, a low-level library for graphs. OpenSNA
supports various higher order operations like link prediction, network diameter calculations,
modularity calculations and functionality can be extended via extensions. It is written in
Python and available as an open-source software at https://github.com/scorelab/OpenSNA

4.2.5 Random Graph Modelling

We modeled a Random Graph keeping the number of edges and nodes constant, in order
to compare the randomness of the interactions in the network that we were analyzing. We
initiated the model with an Erdos-Renyi graph, which is a widely used model for generating
random graphs. Then the edge weights were updated drawing out random samples from
a power-law distribution where the exponent is 2.16. This exponent corresponds to the
Pareto principle as derived from Staša Milojević [109] from Newmann’s analysis of power
laws [110]. Random scale-free networks generated in this manner have been previously used

https://github.com/scorelab/OpenSNA


4.2 Macro-level Analysis 39

by Riccaboni and Schiavo in their studies. They show that this way of modeling successfully
captures the properties of real-world networks [111].

This method has since been used in simulating the weighted scale-free networks to study
evolution and properties of world trade webs [112] [113].

To study the interactions with a higher granularity, we partitioned the data set into ten-day
intervals and investigated their properties separately.

We partition the network to ten-day partitions. For each partition of the network, we
generate a random graph model. Properties of these two graphs are then compared. Fig. 4.6
shows edge weight distribution comparisons taken at different time intervals. Even though
the edge weight distributions of the real dataset and modeled graph follow the same general
power-law curve, it is clear that there is a significant variation among them. In all of the
partitions of the real dataset and their modeled graph, it is observed that modeled random
weights are skewed towards smaller numbers compared to the random model. Interestingly,
this means that there is an abnormally high number of migrations in a few groups. While it is
not clear why these migrations happened, they show a deviation from random behavior.

Fig. 4.7 shows a comparison of diameter, average path length and clustering coefficient
of the real graph and the random graph. The diameter and average path length of the real
graph are consistently higher across all partitions. This implies that the real graph is more
spread out than the random graph model. However, the clustering coefficient is consistently
higher than that of the random model. This is due to the fact that the real groups have more
closed loops of edges between nodes than that of random. This is again evidence that the real
network has behaved significantly different from random behavior in the period the dataset
was collected.

4.2.6 Analysis of User Activity Intensity

In order to see whether the non-randomness of user behavior is visible in another perspective,
we looked at the cumulative user frequency graph and cumulative comment frequency graph
of the dataset. Separate Python scripts were written to extract and transform the data into
suitable formats. Matplotlib, a popular Python library was used for the visualizations.

Cumulative user frequency plot (Fig 4.8) represents the number of new users that have
started interacting with for each day in the dataset. The frequency of new users interacting in
the observed groups tends to grow linearly with time, however, a slight increment in the rate
of increase is observed just before the election, which is expected.

Cumulative comment frequency (Fig. 4.9) represents the growth of comments across
time. Growth appears to be similar to what is seen in Fig. 4.8. Since not much new
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(a) 09/01/2018

(b) 08/02/2018

(c) 28/02/2018

Fig. 4.6 Edge weight distribution comparison in log-log scale
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Fig. 4.7 User migrations among the top six most active groups

Fig. 4.8 Cumulative User Frequency Plot
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Fig. 4.9 Cumulative Comment Frequency Plot

information could be obtained from these graphs, we looked at the autocorrelation of user
activity intensities.

Autocorrelation analysis can be used to find the non-randomness in time series data.
Autocorrelation is a measure of correlation between the two values of the same variable at
the times xi and xi+k. This can be calculated by the equation

R(x) =
E[(Xt −µ)(Xt+r)−µ]

σ2 (4.1)

The intensity of user activities per day can be calculated from the dataset. This infor-
mation is then used to obtain the autocorrelation plot of user activities given in Fig. 4.10.
The maximum lag of the plot is 81, this due to the fact that the dataset contains data for 81
days. When lag=1. the correlation value is 0.75, that means next day activities is strongly
correlated with previous day activities when lag increases correlation decreases which is
expected. However when lag >= 50 correlation starts increasing, and remain positive after
lag>=70.

This positive increase in correlation maps with the day of the election. Thus, the change
in correlation could be due to an external event, in this case, the election. This reconfirms our
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Fig. 4.10 Autocorrelation plot of daily user interactions

previous analysis that the user activities of Facebook during the Local Government Election
2018 shows a non-random process.

4.2.7 Correlation of migrations with election results

With the migration data from the microlevel analysis, we recorded the number of migrations
inward and outward of each Facebook group in the dataset. We then aggregated the results
according to the preferred political party of each group to get a summary of migrations of
each political party as shown in Table 4.1.

With the above results, it is possible to find the net inward migrations of each party. We
then ranked each political party with the based on the net inward migrations (Table 4.2). It
can be observed that this rank correlates perfectly with the election results. We do not claim
that the data of a single election is sufficient to justify the social media migrations depict the
real-world political opinion migrations. However, existence of this correlation, supports in
favor of the accuracy of our migration model.
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Source Party Target Party Count Total Count

UNP

SLPP 244

2345
SLFP 135
Independent 1960
JVP 6

JVP
UNP 398

762Independent 351
SLPP 13

SLPP

UNP 183

1610
Independent 1373
JVP 3
SLFP 51

Independent

UNP 4074

9326
SLPP 4375
SLFP 777
JVP 98
Social Democratic 2

SLFP
UNP 17

62Independent 22
SLPP 23

Table 4.1 Migration Counts of Political Parties

UNP SLPP SLFP JVP
Inward 4672 4655 1072 107
Outward 2345 1610 919 762
Net Inward 2327 3045 153 -655
Total Interactions in Groups of Each Party 19523 21375 1531 670
Normalized Net Inward 0.1191927 0.14245614 0.0999954 -0.97761194
Migration Rankings 2 1 3 4
Election Rankings 2 1 3 4

Table 4.2 Normalized Net Inward Migrations of Political Parties
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Reaction Type
Reaction percentage

Interacted in a single group Interacted in more than one group
LOVE 2.08% 2.64%
LIKE 89.08% 87.68%
WOW 0.39% 0.37%
HAHA 5.87% 6.64%
SAD 1.06% 1.11%

ANGRY 1.47% 1.55%
Table 4.3 Aggregated reaction frequencies

4.3 Reaction Analysis

Tian et al. [114] have shown that Facebook reactions are a projection of the user’s sentiment.
By studying temporal variation of sentiment, we can observe how users affinities change
over time. Since Facebook API does not provide timestamps of likes and reactions, pro-
ceeding along this path is not possible. However, we can still study the aggregated reaction
frequencies.

To this end, we compared the reactions of 39810 users who interact with a single group
(Group A) and those 4288 users who interact in multiple groups (Group B). We found out
that there is no substantial difference between the frequencies of reactions of these two types
of users (Table 4.3). Any indication of a significant difference between the 2 groups would
have denoted that user affinity changes or migrations which were previously observed could
have been due to certain users intentionally trying to negatively influence the opinion of
others. It is because of these reasons that it is important, we do a further thorough analysis to
understand the motives behind migrations.

4.4 User Content Coding

To verify the migration model, we used manual content analysis. We extracted the comments
and reactions of 21 migrating users and 24 non-migrating users which were identified using
the introduce migration model. The content interactions (comments/likes) of these users
were content coded to identify changes in affinity.

45 participants were involved in the task of content coding where each participant content
coded the interactions of three users previously identified Facebook users. Each Facebook
user’s content was coded by three content coders. We tried to minimize the systematic bias
that could be introduced due to content coder’s background by taking into account both
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male and female participants. Content coding participant pool largely consisted of university
students.

After coding the interactions, we analyzed the results from coding to identify migrations.
If migrations are identified, the direction of the migration was recorded. Then we compared
the directions from coding and directions from the migration model to evaluate the predictions
from the novel migration model. Table 4.4 shows a sample comparison that was made during
this process.

Table 4.5 gives the confusion matrix of the results. It is important to note that the
accuracies would be higher if we only consider whether the user is migrating or not (without
considering the direction of migration).

Table 4.6 shows some of the metrics which shows the performance of the model.
Total accuracy of classifying migrating and non-migrating users is 82%. F-Score which is

the harmonic mean of recall and precision gives a value of 78%. These performance measures
validates the fact that migration model we developed is a good measure to identify user
migrations in Facebook groups. Since there exist no other models for predicting online user
migration behavior in the context of social media during elections, to best of our knowledge
this is the best performing model to predict user migrations in social networks during the
Local Government Election Sri Lanka 2018.
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Actual: Migrating Actual: Non-migrating
Predicted: Migrat-
ing

14 7 21

Predicted: Non-
migrating

1 23 24

15 30 45
Table 4.5 Confusion matrix

Performance
Metric

Value

Accuracy 0.82
Recall (TPR) 0.93
Precision 0.67
FPR 0.23
Specificity(TNR) 0.77
F-Score 0.78

Table 4.6 Performance Metrics of Content Coding for Migrated Users



Chapter 5

Discussion

5.1 Introduction

The current growth in social networks has affected the society both in a positive and negative
manner. People have started to speculate the influence of community interactions on social
network or social media to influence the user affinity in areas such as politics. We thrived to
understand this phenomenon through the analysis of a key social event on Facebook. The
research was able to corroborate with the idea that user affinity towards Facebook groups
does evolve over time. Furthermore, we introduced a novel model to identify user migrations
within Facebook groups which assisted in understanding the changing or evolving user
affinity. The study showed that the behavior of some users was non-random behavior within
the time period of analysis.

5.2 Discussion

In the study of the understanding impact on user affinity by the community interactions, there
were several major contributions. The main contribution of this research is understanding
the inner dynamics of Facebook groups with political affiliations in order to understand the
impact of the social network towards a key event such as an election. t assisted to understand
the relationship between the community interactions and user affinity. To this end, we have
conducted a micro-level analysis and a macro-level analysis. The results were evaluated with
a manual content coding process. Our results show the following observations.

• Sri Lankan Facebook users are significantly more active on Facebook political groups
during the election period
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• An only handful number of Facebook users lead the interactions among all of the
studied users

• There are users migrating among the 44 Facebook groups in the dataset that we
collected

• These migrations show a significant variation from the migrations that could randomly
occur in a social network

• Facebook comments and reaction behavior of the migrated users show changes in their
political affinity

We represent the gathered dataset in two graph structures to carry out a micro-level and
a macro-level analysis. We find that the graph structure in the first representation evolves
with the time. In addition to the natural growth of clusters over time due to the increasing
number of user involvement in groups as the election gets closer (if we normalize for the
natural growth, the observed growth stands out significant and the election could explain the
sudden growth), there are significant changes in overall positions of the clusters relative to
other clusters. Two clusters get closer together if the forces between them increase. This
happens when,

1. Existing users in one cluster start to interact with the users on the other cluster more
often than before. These user interactions could be mostly based on the major event
i.e., the election. We need more work to understand whether such interactions are to
re-affirm their shared political beliefs or to counter argue with another. Eventually, it
is imperative to understand how such interaction affects each other’s own beliefs and
subsequent interactions with the social network. Such an analysis conclusively says the
nature of the impact of the social networks towards crucial events such as an election.

2. A completely new set of users who have not previously interacted with either of the
groups start interacting with both. This is an interesting observation and we can
hypothesize two scenarios; a) users are less likely to engage in political conversations
are now drawn into the groups due to the intense political climate surrounding the
election and, b) the other more concerning reason could be, these are bots (or trolls,
based on fake accounts) trying to disseminate fake news and negatively influence the
opinion of the general public. Hence it is important we do a further thorough analysis
to understand the motives behind such new users.

A sudden spike of activities was observed on many users in the same day, one of which
is shown in Fig. 4.2 Even though the reason for these spikes is not clear at this point, some
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external event could have triggered these activities. It is worth investigating the factors which
have caused this scenario in follow up research. Especially, to see how people are reacting;
we can only see the increased participation but we need to understand their motives as well.

Our micro-level analysis results show two more significant observations;

1. Sri Lankan Facebook users are significantly more active on political groups during
elections

2. Only handful number of users lead the interactions among all of the users

Through the macro-level analysis, we observe that groups which correspond to clusters
D and B (Fig 4.5) which self-identify themselves as having 2 different political opinions are
much closer in the final graph, taken after the election. Among many hypotheses to explain
this observation few plausible ones are, a) users of the group who actually won the election
are now mingling the other group to intimidate, and/or b) users are reconciling their beliefs
and now coming into terms.

Cluster E which is an independent community appears to be influenced by cluster D
which is a group belonging to a certain political party. This observation could be more
concerning since a politically motivated group is influencing a seemingly an independent
group which is more likely to have a negative impact on the big picture of the impact of the
social networks for an election.

It is observed in Fig. 4.5 that edge weight from D to B is higher than that of B to D.
This implies that comparatively higher number of users have interacted in group B after
interacting with group D. This is consistent with the observations in Fig. 4.1. Similarly, edge
weight from G to D is again consistent with the Fig. 4.1. In addition, it can be noted that
there is a considerable disparity in the edge weights from G to B and C to B than that of B
to G and B to C. This is an indication that a lot of users who have previously interacted in
groups C and G have later interacted with the group B. Therefore it can be suspected that the
self-identifying independent groups C and G have had some sort of an influence from group
B which is a group representing a major political party.

In trying to understand the rationale behind their migration, we found that the political
affiliations of these groups and the respective user migrations align well with the outcome
of the election that we have observed. The parties that did well in the elections saw their
affiliated groups getting a lot of users migrated into compared to the other groups with
different affiliations. This affirms that Facebook can be predictable of the outcome of the
election. However, the key question is to understand what made these users migrate to a
different group. Is it something happened in the real world or some other influence they had
on the social network itself?
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Further, after evaluating the migrations via content coding we observe that a considerable
proportion of the migrated users show a change in affinity towards political parties. This
confirms that observing the migration patterns is a viable and effective way to measure
changes in user affinity.

Content coding that we did for the migrated users shows an accuracy of 82 percent and
non-migrated users show an accuracy of 95.83 percent. So accuracy of the human-coded
content model is high which means that the results we obtained via graphical methods are
very much true.

Firstly we looked at the data set with a metric perspective via graph visualizations which
can be subjective. During the content coding, we looked at the data set with a human
perspective allowing human subjects to do the content-coding. Metric perspective showed
that there is a migration within the Facebook groups and 82 percent accuracy in the human
perspective confirms that metric perspective and human perspective tallies in this case
allowing a true performance of the content coding model that we used.

We have shown that Facebook is a good representative measurement of key real-world
events such as an election. However, the key question is whether Facebook is reactive to
real-world events or proactive in swaying users opinions and in turn affecting the election.
Evidence supporting the latter of the above is visible in the content coded user interactions.
User migrations between opposing political parties were observed prior to the election and
they imply changes in affinity. Therefore, it is evident that Facebook user behavior is a good
measure to predict the outcome of an election. This claim needs to be validated further by
observing the social network user dynamics of future elections. However, to understand
whether there was an active manipulation of user opinion, content should be analyzed with
much scrutiny in the future.

We also want to mention that during the course of the data collection, we only used
publicly available APIs provided by Facebook to only access publicly available posts and
other Facebook interactions. All of the collected data was properly anonymized to prevent
identifying individuals behind each interaction.
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5.3 Conclusion

We conducted this research with the primary purpose of understanding and describing the
impact of user interactions in social networks and its influence on the user affinity. We
attempted to understand the relationship between these two properties. Furthermore, we
examined how the user affinity evolves over time around a key social event.

In process of tackling the research question, ’How does the community interactions
on social media influence the user affinity?’ we were able to get a sound understanding
of the community interactions and the user affinity in the network. We used data from
Facebook groups during the pre-election and post-election period of the Local Government
Election 2018 in Sri Lanka. We identified ways to measure or capture user affinity using
the community interactions. However, we were not able to answer the above-mentioned
question to its entirety but we were able to lay the foundation and preliminary analysis to
answer this question. It will be very beneficial in identifying the causal relationship between
the community interactions as it will open doors to a huge arena of studies in the field of
social networks. It will help the social network participants to carry out the daily activities in
a more precautionary manner as well.

However, we were able to understand the evolving nature of user affinity. As means to
achieving this goal, we first identified a way to quantify the user affinity. One of the most
significant contributions of our study, the migration model was a novel approach in identifying
the changes in user affinity. This model was evaluated with the use of content coding by 45
different users. During the study, we understood that user affinity can be measured using the
community interactions itself which establishes a more solid understanding of the relationship
between the community interactions and the user affinity. Furthermore, we identified the
non-random nature of these migrations. We believe this finding will motivate the research
community to identify the actual factors for changes in user affinity. It will create a deeper
understanding on the actual nature of how user affinity is swayed within a key social event.
It will assist to identify the true nature of social networks such as Facebook as to being either
reactive or proactive to social events.
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5.4 Future Work

As future work, a natural extension of this work entails the investigating the possibility of
predicting user migrations with the use of data collected before the election. Graph analysis
techniques like link prediction already exist which may assist in this task. Further, it is
possible to uncover the network contagions that respond to external events in a similar
manner.

The micro-level results pointed out that there are groups where interactions are very high
while there are groups which get substantially very less attention from the users. It is an
important observation which requires further research to identifying the underlying reasons
for it.

With the basis we have established with the findings of this research, it is possible to
conduct predictive and prescriptive analysis in future. Understanding the factors determining
the fluctuations in user affinity aids in predicting the future state of a network of users given
the initial network structure. The ability to predict such evolution of a community makes
it possible to predict the general future opinion of the community with a certain degree of
accuracy.

The migration model which is a core part of the research, has only been evaluated with
the Local Government Election of Sri Lanka 2018. It is rather infeasible to verify the model
against previous elections because social media content posted during the past elections may
have been altered or deleted by now. However, it is possible to apply the model to upcoming
elections and observe its performance.
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Appendix A

Streaming Massive Graphs to Gephi

Due to Gephi’s memory limitations, it is difficult to visualize dynamic graphs with the
inbuilt operators. In order to circumvent the limitations a python script was written which
dynamically adds and removes the relevant nodes and edges based on timestamp. It is built
on top of an existing plugin named pygephi.

1 # ! / u s r / b i n / py thon
2 # c od in g : u t f −8
3

4 ’ ’ ’
5 Use t h i s s c r i p t w i th Gephi and Graph S t r e a m i n g p l u g i n .
6 1 . Open Gephi , c r e a t e a new p r o j e c t
7 2 . Go t o t h e t a b S t reaming , r i g h t −c l i c k on " Mas te r S e r v e r " , c l i c k on "

S t a r t "
8 3 . Go t o t h e t a b Layout , s e l e c t " Force A t l a s " and c l i c k " Run "
9 4 . Run t h i s s c r i p t

10 ’ ’ ’
11

12 i m p o r t t ime
13 i m p o r t pygeph i
14 i m p o r t random
15 i m p o r t u n i c o d e c s v as csv
16

17 # Connect t o Gephi
18 g = pygeph i . G e p h i C l i e n t ( ’ h t t p : / / l o c a l h o s t : 8 0 8 1 / workspace1 ’ , a u t o f l u s h =

True )
19 g . c l e a n ( )
20 n o d e _ a t t r i b u t e s = { " s i z e " : 1 0 , ’ r ’ : 1 . 0 , ’ g ’ : 0 . 0 , ’ b ’ : 0 . 0 , ’ x ’ : 1 }
21

22 # c r e a t e g raph
23 f = open ( ’dump / e d g e l i s t . c sv ’ , ’ r ’ )
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24 d a t a = l i s t ( c sv . r e a d e r ( f , e n c o d i n g = ’ u t f −8 ’ ) )
25 d a t a = s o r t e d ( da t a , key= lambda x : x [ 2 ] )
26 t o t a l _ i n t e r a c t i o n _ c o u n t = l e n ( d a t a )
27

28 d = {}
29 known_groups = {}
30 edges = {}
31 c o u n t e r = 1
32

33 s t a r t T i m e = i n t ( d a t a [ 0 ] [ 2 ] )
34

35 d e f p r o c e s s _ u s e r ( use r , g , groupName ) :
36 # i f t h e u s e r i s new , r e c o r d t h e group c u r r e n t i n t e r a c t i o n happens
37 # i n c r e m e n t t h e s i z e o f t h e group node
38 i f u s e r n o t i n d :
39 d [ u s e r ] = groupName
40 known_groups [ groupName ] += 1
41 new_s ize = known_groups [ groupName ]
42 g . change_node ( groupName , **{ " w e i gh t " : new_s ize } )
43

44 e l s e :
45 o l d _ g r o u p = d [ u s e r ]
46 i f o l d _ g r o u p == groupName :
47 # s e l f edge . I n c r e a s e edge s i z e
48 p a s s
49 e l s e :
50 # i n c r e a s e node s i z e o f groupName . AKA new group
51 # c r e a t e edge t o groupName from o l d _ g r o u p
52

53 known_groups [ groupName ] += 1
54 new_s ize = known_groups [ groupName ]
55 g . change_node ( groupName , **{ " w e i gh t " : new_s ize } )
56

57 e d g e _ i d = o l d _ g r o u p + " _ " + groupName
58 p r i n t u se r , e d g e _ i d
59 # i f t h e edge i s new , i n i t i a l i z e t h e we igh t
60 # i f i t ’ s an e x i s t i n g edge , i n c r e m e n t t h e we ig h t
61 i f e d g e _ i d n o t i n edges :
62 edges [ e d g e _ i d ] = 1
63 g . add_edge ( edge_ id , o ld_group , groupName , **{ " w e i gh t " :

edges [ e d g e _ i d ] } )
64 e l s e :
65 edges [ e d g e _ i d ] += 1
66 g . d e l e t e _ e d g e ( e d g e _ i d )
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67 g . add_edge ( edge_ id , o ld_group , groupName , **{ " w e i gh t " :
edges [ e d g e _ i d ] } )

68 edge_we igh t = edges [ e d g e _ i d ]
69

70 f o r dp i n d a t a :
71 c o u n t e r += 1
72 u s e r 1 = dp [ 0 ]
73 u s e r 2 = dp [ 1 ]
74 nodeTime = dp [ 2 ]
75 groupName = dp [ 3 ]
76 n o d e _ a t t r i b u t e s [ ’ groupName ’ ] = groupName
77 w h i l e s t a r t T i m e < i n t ( nodeTime ) :
78 s t a r t T i m e += 100000000
79 p r i n t t ime . s t r f t i m e ( ’%m/%d/%Y %H:%M:%S ’ , t ime . gmtime ( s t a r t T i m e

/ 1 0 0 0 ) )
80

81 # i f t h e group i s n o t i n g raph c r e a t e a new node and s t o r e i t s s i z e
82 # s i z e r e p r e s e n t s t h e number o f i n t e r a c t i o n s t h a t happen i n t h a t

group
83 i f groupName n o t i n known_groups :
84 known_groups [ groupName ] = 0
85 g . add_node ( groupName , **{ " w e i gh t " : 0 } )
86

87

88 p r o c e s s _ u s e r ( use r1 , g , groupName )
89 p r o c e s s _ u s e r ( use r2 , g , groupName )
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