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Abstract

In this work, we show that the structural features of the Twitter online
social network can divulge valuable information about the political affinity of
the participating nodes. More precisely, we show that Twitter followers can
be used to predict the political affinity of prominent Nodes of Interest (NOIs)
they opt to follow. We utilize a series of purely structure-based algorithmic
approaches, such as modularity clustering, the minimum linear arrangement
(MinLA) problem and the DeGroot opinion update model in order to reveal
diverse aspects of the NOIs’ political profile. Our methods are applied to a
dataset containing the Twitter accounts of the members of the Greek Parliament
as well as an enriched dataset that additionally contains popular news sources.
The results confirm the viability of our approach and provide evidence that the
political affinity of NOIs can be determined with high accuracy via the Twitter
follower network. Moreover, the outcome of an independently performed expert
study about the offline political scene confirms the effectiveness of our methods.
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1. Introduction

Twitter, an online news and social networking service, has been subject of
scientific research for at least a decade. Users in Twitter can follow other users
in order to receive short messages posted by them, which are called tweets. The
follower relationships of Twitter naturally convey an inherent directed graph
structure, where vertices are the user accounts and edges represent the follower-
to-followee relationship. The interpretation of these links varies across contexts:
they may represent intimate relationships, common interests, an intent in news
briefing and many others.

The significance of Twitter in research is partially because it supplies means
to comprehend social relationships and influence dynamics in human societies.
Various studies examine the structural and topological characteristics of the
Twitter network, for example via concepts related to user influence and cen-
trality [I] while others focus on extracting information from the content of
tweets [2]. Furthermore, the Twitter network has been previously used for a
multitude of practical applications, for example stock market predictions [3],
event detection [4] and geo-locating users [5].

A distinct characteristic of Twitter is the presence of politically related ac-
tors, for example politicians or other party representatives, public officials, can-
didates as well as news media. These actors engage on the social platform as
part of their political campaigns or utilize it as a means of political deliberation
and advocacy [6]. The topic of political deliberation in social networks is rele-
vant and has received substantial attention, especially through its applications
to the identification of political bias in news sources.

In this work, we study the topic of deriving the political affinity of particular
nodes of interest (NOIs) by using the structural features of the Twitter network.
More specifically, we consider the NOIs to be the members of the Greek Par-
liament (MPs) and the most popular news sources, although the set of NOIs

can be enriched with other politically engaged actors as well. Our approach fo-
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cuses on two primary objectives. The first objective is to confirm that Twitter
links between the NOIs and their followers can be used to identify the politi-
cal affinity of the MPs and establish suitable methods to accomplish this. Our
findings indicate that the Twitter follower network can portray with very high
precision the affinity of political actors. Our second objective is to extend the
application of this methodology to determine the political affinity of the most
popular news sources, a natural extension given the strong relationships among
political actors and news media. We argue that the results are promising and
in agreement with the actual political scene, although not as consistent as the
findings of the first objective.

Since, however, there is no single interpretation of political affinity, we deter-
mine three different perspectives and establish analytical methods that comply
with each one. The group affiliation refers to the identification of groups or clus-
ters of NOIs with the same or similar affinity. The bipolar arrangement projects
the NOIs in a one dimensional arrangement in respect to a relevant measure, for
example the left-to-right political axis. Finally, the influence factors constitutes
a way to quantify the affinity of each NOI relative to another entity, for example
the political parties.

The methods we propose in this work rely only on the social ties formed
among relevant parties in the network and don’t require any prior knowledge
regarding the political standing of the involved entities. Our approach utilizes
the nodes of the implicit graph structure simply as their Twitter IDs, and no
additional knowledge about these user accounts is required. Furthermore, our
methods are easily reproducible and can be implemented without complex fil-
tering or preprocessing. They attain very high accuracy, even on a complex
political scene with a large number of political parties. An important feature of
our methodology is that it leverages the knowledge of the network to determine
the political standing of a NOI. This is in direct contrast with utilizing the NOI’s
own explicit profile, for example tweets or friends, which portrays what the NOI
is trying to convey to the network, rather than the opinion of the network about

them. An additional effect is that users of importance cannot easily handpick
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their followers, who adapt to the online and offline political scene.

Studying the topic of deriving the political affinity of news sources is ap-
pealing because it constitutes a primitive technique of inducing higher level
knowledge from public information. In particular, results about the political
affinity of news sources can potentially characterize the news media scene of
a country as a whole, for example if it is biased or it favors only part of the
political spectrum. Moreover, another application might be the identification of
political bias in particular news articles or even the classification of fake news.

Overall, our approach relies on the assumption that people’s political pref-
erences will, on average, reflect those of the politicians or the news sources they
follow, a phenomenon described as selective exposure. Prior literature on this
topic suggests this assumption is reasonable since people seek after information
from those with similar political views [7]. In the context of our study, the inter-
pretation of selective exposure dictates that the following decisions of Twitter
users provide information about their own perceptions of both their ideological
position and that of the political accounts they follow [8]. Previous research
demonstrates that the assumptions that our approach is relied upon are well
founded in a news media framework as well. For example, in [9] it is stated that
readers have an economically significant preference for like-minded news, which
is consistent with our assertions.

Finally, in this paper, we make use of the overlap coefficient, a measure of
similarity between two sets, in particular the follower sets of the NOIs. This
measure appears for example in [I0] for the purpose of studying affiliation net-
works and in [II] for text mining applications. To the best of our knowledge,
the overlap coefficient has not seen extensive use until now in the context of
social network analysis.

The highlights of our contribution are summarized as follows:

— Further proof of the selective exposure phenomenon, targeted for the Twit-
ter network, as well as additional evidence that followers can portray the

political leaning of their followees.
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— The analytical formulation of three distinct perspectives of political affin-
ity (the group affiliation, the bipolar arrangement and the influence fac-

tors) and the suggestion of techniques suitable for each perspective.

— A structural dataset acquired via the Twitter API comprising the nodes

of important political influence in Greece along with their follower sets.

— The application of novel techniques, specifically the Minimum Linear Ar-
rangement problem, which is not mentioned in the Social Network Analysis

literature.

— The promotion of the overlap coefficient as a measure of pairwise similarity.

The article is organized as follows. In Section [2] we explore the recent litera-
ture in respect to political concepts in social networks. The dataset used in this
work as well as the methodology are described in Section In Section {4] we
demonstrate the existence of rich political information within the Twitter fol-
lower dataset by evaluating the effectiveness of our methods and, moreover, lay
out the experimentation settings. In Section [5] our methodology is applied on
the combined MP and news sources dataset to assess the political affiliation and
orientation of the news sources. The results are evaluated against the replies
of an expert survey that was conducted for this purpose. Finally, Section [f]

concludes this paper and presents suggestions for future work.

2. Related Work

Previous research demonstrates that the concept of social network analysis in
Twitter and other online social networks is a very active field. In [I2] the authors
build interest profiles of social network users based on the homophily principle;
users tend to interact with users with common interests or preferences. The
review in [I] summarizes methods of quantifying the influence and popularity
of users, targeted at the Twitter network, while in [I3] the similarity among

users in social communities is detected based on the similarities of their spatial
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history profiles. In this study we focus exclusively on the political aspect of
social interactions while our objective is to identify the political interests of
influential users based on their followers.

A number of previous studies have promoted concepts related to the detec-
tion and analysis of political affinity. In [14], the authors show that Twitter is
used extensively for political deliberation and evaluate whether tweets reflect
the current offline political sentiment. In [I5], the values of user attributes such
as political orientation or ethnicity are inferred, while in [I6] an example ap-
plication to determine political leanings from tweets is demonstrated. These
methods operate by examining the content of tweets while the approach pre-
sented in this paper utilizes algorithms that only rely on the topological and
structural characteristics of the Twitter network.

Furthermore, in [I7], the authors construct the politician-journalist graph
and attain multiple conclusions regarding the network structure. Moreover, the
study of [18] is the identification of the characteristics of political parties and the
political leaning of users in social media. The data scheme used in these reports
is similar to the one used here but our focus and methodology are distinct.

Three studies that share common characteristics with our political affinity
perspectives are [19], [20] and [2I]. These works investigate political information
within social networks but each from a different perspective. In particular, the
authors of [I9] employ clustering methods in respect to the left and right lean-
ing tweets, a concept that is related to our clustering approach. The authors
of [20] propose a methodology for positioning news media on a one-dimensional
Euclidean political space via the Jaccard similarity of their follower sets. This
format is in accordance with the scheme produced by the application of the min-
imum linear arrangement problem in this work. Similarly, in [21], the political
slant of articles are evaluated through the projection of the journalists’ political
preferences. The methodology presented is able to quantify the slant of a news
article in a scale of —1 to 1, which can be parallelized with the quantifiable
measures from the DeGroot model application of this study.

The Greek political scene was previously studied in [22], in which the authors
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employ a learning model to predict the voting intentions during the 2015 Greek
bailout referendum. Relevant tweets dating before and after the referendum
are leveraged in order to examine the intentions of this spontaneous in nature
event. In the context of referendums, the Twitter network is utilized in [23] as
well to study the effects of news media in the 2016 constitutional referendum in
Italy. The potential of Twitter as a platform of information dissemination and
dialogue in Greece is also examined in [24] by applying content and thematic
analysis on the tweets of the two biggest Greek political parties.

While our case study is the Greek political scene, previous literature on the
behavior of political actors in the USA is very common. In [25], the authors
examine the Twitter linkages between five major American political leaders,
among them US President Donald Trump, with eight America hate groups (e.g.
Anti-Immigrant and White-Nationalist). This appears to be in parallel with
our investigation of linkages among politicians and news media. The follower-
followee connections of the Twitter network are also utilized in [26] to identify a
latent ideological dimension concerning political actors in USAs political scene.

An interesting recent study in [27] attempts to infer the political leaning of
news outlets in the US by characterizing the followers and then relaying the
followers’ preference to the news outlets that they opt to follow. The authors
claim that, overall, users tend to follow politicians with similar views and that
those who follow Congresspeople on Twitter may have more polarized political
tendencies that the overall US population. The results are achieved using the
American for Democratic Actions (ADA) scores. The objectives of our work are
similar to those in [27] but in this paper we establish methods that work in a
multi-party context, and, moreover, don’t require a quantitative starting point,
like the ADA scores or any other prior knowledge about the involved parties.

In [8], the author uses the structural characteristics of the Twitter network
to extract the political positions of politicians, users and news sources in five
countries. He proposes a Bayesian spatial following model of ideology based on
the popularity of the politicians, the political interest of users and their esti-

mated ideal points on the political spectrum in order to predict the probability
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of a user following a politician. Although the author’s hypothesis coincides with
our hypothesis (i.e., the mere structure of the Twitter network suffices for the
extraction of the political inclination of specific users), his proposed model ap-
plies extensive filtering on the users’ dataset (e.g., geolocation, tweet activity,
number of followers) while in our approach we use raw data for our algorithms
without filtering and without any other knowledge of the users’ characteristics.

Finally, in [28], the authors leverage the demographics of the audience of
the news sources, obtained through the advertiser interfaces of social media
sites like Facebook and Twitter, to infer biases of news sources. In a different
work [29], it is shown that opposing views of Twitter users can be reflected
on the personalization of the corresponding Google News aggregator. In [30], a
method for extracting information about the slant of a news article using related
retweets and followers of Landmark users from Twitter, is presented. Selected
Landmarks and connections and tweets from Twitter are used in [3I] with a
global positioning algorithm to map news media on the political spectrum. The
close association between MPs and news sources is also studied in [32], where
the political belief of a Twitter user is being inferred based on their links with
news sources. All these related works are evidence that supports the view that
there is significant political information in the Twitter network and that this
information can be used to infer bias about news sources and, consequently,
news articles. In this work, we show that political information can be extracted
from T'witter even by using only the follower relations and that this information

can be used to infer the bias and the affinity of news media.

3. Dataset and Methodology

In this section, we provide a description of the dataset and an overview of
the methodology utilized to study the political affinity of the NOIs. Initially, a
dataset is assembled from Twitter (Section , an online social network with
distinctive political nature. We then explain how this dataset can be inter-

preted as a bipartite graph and suggest the appropriate transformation stage
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(projection) in order to reduce the dataset into manageable size for the direct
application of our algorithms (Section [3.2)). Finally, we provide an overview of
the proposed methodology in order to study the political affinity in the dataset

(Section [3.3)).

3.1. Dataset Description

The dataset that we assemble and use is based on the Twitter accounts of
actors that are relevant to the Greek political scene. More specifically, we focus
on (a) the members of the Greek Parliament (MPs), and (b) a list of the most
acquainted news sources with nation-wide audience. We refer to these actors as
NOIs (i.e., nodes of interest) since they occupy a significant share of information
about the political scene in Greece.

The set of MPs was acquired from the official website of the Greek Parlia-
mentﬂ without any discrimination. Summarily, the set of NOIs consists of 300
MPs, of which 166 have a public Twitter account that was either advertised in
their personal websites or was a result of a query in the Twitter search engine.
As a result, 134 MPs with either a protected account (5) or no account at all
(129) could not be included in the dataset. Among the disregarded MPs is the
party KKE, one of the eight political parties, representing the left wing of the
Greek Parliament, of which none of the MPs have a Twitter account. Further-
more, 4 of the MPs were independent (not members of any party listing). We
only considered the 162 MPs with an explicit party militancy as part of the NOI
set (and not the 4 independent MPs). This decision was due to our methodol-
ogy, which is based on a strict profile of political parties for both the evaluation
of our experiments and the analysis of the news media affinity.

We also include a set of 24 well known news media in our dataset. In par-
ticular, the media contained in the dataset are: 16 printed newspapers that
are nationally distributed, 6 TV channels with national broadcast range, and

2 online blogs. The selection of the news media is based on their nationwide

Thttps://www.hellenicparliament.gr/en/Vouleftes/Ana-Koinovouleftiki-Omada/
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Table 1: Breakdown of NOIs into groups. The MPs are shown in the left column and the
news sources in the right. For the MPs the table shows the number of parliamentary seats for
each party as well as the number of MPs present in the dataset. The underlined parties form

the government coalition.

Parliamentary Group Dataset Seats | News Group Dataset
SYRIZA 62 145 Newspapers 16
ND 61 76 TV Channels 6
DHSY 17 20 Blogs 2
XA 10 16

KKE 0 15

ANEL 4 9

POTAMI 6 6

EK 2 6

Independent MPs 0 7

Totals 162 300 Totals 24

coverage, their interest in political news, their presence in Twitter and on our
commitment to cover, to the greatest possible extent, the political spectrum of
Greece. We consulted a group of political scientists for advice on the coverage
of the greek political scene by our dataset. We note that some well established
news media of the Greek scene are not included in our dataset since they do
not maintain, to the best of our knowledge, an official Twitter account. The
political scientists confirmed that under these preconditions our dataset is rep-
resentative of the political spectrum at that particular period. In total, we
collected 186 Twitter accounts from the above categories. A breakdown of the
NOIs is presented in Table [T}

We complete our collection by crawling the followers of each of the NOIs
using the Twitter API to construct a dataset of 186 NOIs, 1,279,005 unique

followers and 5,610,099 connections between NOIs and followers. For each of

10
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the users (NOIs and followers) only the Twitter user IDs are stored, while the
connection is simply a pair of a NOI ID and a follower ID. It is worth mentioning
that during this process we ignore the connections where both endpoints are
NOIs. The rationale behind this decision is associated with our proposition to
determine the political affinity of the NOIs without using information provided
by their own actions directly. However, the amount of the NOI-to-NOI relations
were less than 1% of the total following relations. Moreover, the 4 independent
MPs as well as the additional news sources that are not included in the NOIs
set are presented in the dataset as followers.

Finally, as a result of our data acquisition process, ties among the followers
and non-NOI users are not included in the dataset. The process of obtaining
this information is very demanding given the massive amount of followers and
limitations imposed by the Twitter API but it is not considered necessary either
since our methods do not leverage these connections.

The dataset was constructed on April 2018 and, thus, reflects the connec-
tions between the selected NOIs and their followers in the Twitter network, and
consequently the political background, at that time. The dataset along with

other supplementary material about this work are available onlineﬂ

8.2. The Projected Graph

The acquired dataset can be naturally represented as a bipartite graph
G(N, F, E) where the two disjoint sets of vertices are the NOIs (N) and the
followers (F) respectively, and an edge E;; between a NOI ¢ and a follower j
exists iff j is following ¢ and j is not a NOI. Many real world networks are natu-
rally modeled as bipartite graphs, especially in social systems, like the Twitter
follower network we use in this work. The average degree of the NOIs is 30,162
while the majority of the NOIs (91.4%) have less than 10° followers.

The dataset, however, is massive and possibly incompatible with general

graph processing algorithms due to its bipartite nature. Thus, we transform the

%https://figshare.com/s/7214b0b8£52544c85df9
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graph to its one-mode projection onto the NOIs, an extensively used method
for compressing information about bipartite networks [33]. The one-mode pro-
jection of a bipartite network G = (X,Y, F) onto X (X projection for short)
is a weighted, complete, unipartite network G’ = (X, E’) containing only the
X nodes, where the weight of the edge between i and j is determined by a
weighting function B¢ (X;, X;). The weighting method may not necessarily be
symmetrical but in this work we engage in a simpler approach with commutative
weight functions so that Sq(X;, X;) = Ba(X;, X;), resulting in an undirected
projection. Typically, the weight function expresses a form of similarity among
the vertices in order to preserve the semantics of the original graph.

While the projection allows simplification of the network and compatibility
with unipartite algorithms, it constitutes a lossy graph compression operation
and consequently incurs information deficit over the original bipartite graph.
There exists, however, no global weighting method of minimizing information
loss and the optimal weighting is heavily dependant on the nature of the network
and the objectives of the study. Therefore, we proceed with a selection of
set theoretic functions that expose the similarity among the NOIs, namely the
Overlap coefficient, the Jaccard index, the Ochiai coefficient, the Sorensen-Dice
coefficient and the phi coefficient. The definition and a brief description of each
weighting method is provided in

All weighting methods express similarity and are, hence, generally positively
correlated. However, each projection method interprets the concept of similar-
ity from a different perspective and, in that sense, they are all unique. Other
similarity techniques mentioned in the literature are computationally demand-
ing, for example the original SimRank [34] algorithm has a space requirement
of O(n?). In this work, we utilize methods that can be computed trivially even
for large scale input data, such as the Twitter network. Our observations sug-
gest little room for further improvement over the effectiveness of these simple
similarity measures.

The projection methods were applied on the bipartite graph G so that the

weight of the projected edge between two NOIs = and y is evaluated by a function

12
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weight(Ey,) = Be(w,y). We did not take self loops into consideration because
the weights would be trivially set to the maximum value. Since the projected
graph is complete, there are |[N|(|N| —1)/2 = 17,205 undirected edges in each

of the projections, including possible edges with zero weight.

3.8. Methodology

Our proposed methodology utilizes the projections of the Twitter follower
network in order to estimate the political affinity of the NOIs. Specifically,
our methodology includes a combination of methods, namely the modularity
clustering, the minimum linear arrangement problem (MinLA ) and the DeGroot
model approach with stubborn agents. The selection of these methods highlights
the conceptual diversity in the interpretation of political affinity. Each of these
approaches provides a different perspective of the political affinity encoded in

the projection graphs.

3.3.1. Modularity Clustering

Clustering or community detection in a graph refers to the process of iden-
tifying the modules and, possibly, their hierarchical organization, by using only
the information encoded in the graph topology. Community detection has been
widely applied in real-world social systems and various methods with different
characteristics have been suggested [35].

More specifically, we use the algorithm in [36], a heuristic method that is
based on modularity optimization and is commonly known as Louvain optimiza-
tion. The algorithm is well established and has seen extensive use in the field
of social networks [37]. Its complexity is linear on typical and sparse data. The
Louvain optimization algorithm unveils hierarchies of communities and allows
to zoom in the network and to observe its structure with the desired resolu-
tion via the parameter r. Therefore, the resolution parameter determines the
desired number of communities in the partition. The parameter can be tuned
accordingly in order to accommodate the requirements of specific experiment

settings.

13
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The application of modularity clustering to the dataset enables us to study
the political affinity of the NOIs from a perspective that conveys the group
affiliation, i.e. the affiliation of a NOI with a specific political party. Thus, our
expectation is the partition of the NOIs into sets of communities that represent

the political parties.

8.8.2. Minimum Linear Arrangement

The Minimum Linear Arrangement (MinLA) problem consists in finding an
ordering of the nodes of a weighted graph, such that sum of the weights of its
edges is minimized . More formally, given a finite graph G = (V, E) of order n
with weighted adjacency matrix w, the MinLLA problem is the problem of finding
a vertex labeling f — {1,2,...,n} such that the sum }_, )cp Wuol f(u) — f(v)]
is minimized over all possible labelings [38].

Regarding its computational complexity, on general graphs MinLLA is an
NP-complete problem, thus one has to resort to heuristics or approximation
algorithms to obtain a solution. However, there are no “good” approxima-
tion guarantees for the MinLLA problem, either. The best known result, is the
O(+v/Tog nloglogn)-approximation algorithm presented in [39]. On the other
hand, in [40] it is shown that no Polynomial Time Approximation Scheme
(PTAS) exists for MinL A and in [41] that it is SSE-hard to approximate MinLA
to any fixed constant factor.

The MinLA problem has been applied to various scientific fields, for example
in VLSI design [42] in order to minimize the electrical resistance of a circuit,
or in a theoretical level [43] but, to the best of our knowledge, its physical in-
terpretation has not been studied on a specific social network theme in prior
literature. We argue that the MinLLA problem is suitable for application on this
context and constitutes an innovative approach for the analysis and understand-
ing of social networks. Our hypothesis is that the application of a solution of the
MinLA problem to the graph projections will unveil the positioning of the NOIs
in a bipolar spectrum and, eventually, in a political spectrum. The intuition

behind this is that NOIs with similar political views and, hence, stronger bonds
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in the projection, should occupy successive labels in the MinL A ordering, while
NOIs that share weaker links should be distantly positioned.

For the purposes of this work , we designed and implemented a simplistic
randomized local search algorithm, repeated over a set of uniformly random
initial rankings, which approximately leads to the minimum LA. Given an initial
guess of the arrangement we perform a sequential series of steps to determine
a local minimum of the cost function, the fast converge phase and the local
converge phase. During the fast phase, the algorithm performs random swaps
on the elements of the arrangement for a number of repetitions, and maintains
the best arrangement in terms of cost. The purpose of this phase is to allow
the algorithm to quickly descend close to a local minimum while the number
of repetitions involved determine the convergence rate. We selected to perform
this step n? times as we empirically observed a sufficiently quick convergence for
this setting. During the local phase we validate that the current LA is the local
minimal cost LA by performing all possible swaps in it; if there is a swap that
improves the cost we restart the process until we identify the local minimum.
The above process of computing a local minimum is repeated several times

with random initial arrangements and the best solution is kept. The scheme is

presented in

8.8.8. The DeGroot Model Approach

Moris H. DeGroot presented in [44] a simple yet efficient model about opinion
diffusion in a social graph. The core idea of his model is that individuals tend
to adopt the opinions of their friends. According to the model’s opinion update
rule, given a social graph G = (V, E,O), where V represents the vertices (i.e.,
individuals), E the edges amongst them (i.e., friendships) and O the opinions of
nodes i € V about a specific topic as real valued o;, each individual ¢ updates o;
to o} by averaging the opinions of its friends. When trust factors are introduced
to the friendships (i.e., weights), each member updates its opinion according to
the weighted average of its friends’ opinions. The process is repeated and, under

certain condition, the opinions of the nodes converge signifying a consensus in
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the graph. DeGroot underlined the mathematical coherence of the process to
Markov chains. He proved that the final opinion, when convergence occurs,
depends solely on the structure of the graph and the initial opinions of its
members.

In [45], Ghaderi and Srikant enriched DeGroot’s model with stubborn agents
(i.e. nodes that are fully or partially biased towards an opinion) and studied its
convergence. They remarked the common underpinnings of their extension with
Markov chains and proved that “the model converges to a unique equilibrium
where the opinion of each agent is a convex combination of the initial opinions of
the stubborn agents”. Moreover, the contribution of stubborn agent s in node’s
1 final opinion is the probability of a random walk hitting s given it started from
1, namely the hitting probability.

Based on the findings of Ghaderi and Srikant, we present a technique to
estimate the political affinity of the NOIs. We consider each NOI projection
as a social graph where the weights of the links produced by the projection
methods correspond to the trust factors of the nodes to their neighbors. In
the case of the phi projection, the graph contains edges with negative weights,
a phenomenon that does not abide by the restrictions of the DeGroot model.

Therefore, transformations of the original formula are utilized (namely the (b“Gdd

referred as Phi-A and ¢ as Phi-E) as described in[Appendix A] The undirected
edges of the graph are duplicated into two opposite directed arcs and, in order
to abide by the DeGroot model restrictions, the weights of each node’s outgoing
arcs are normalized. Seven additional nodes are introduced to the graph that
represent the political parties and each MP’s node is linked to the corresponding
party.

Figure [1| presents an abstract example of a NOI projection with three MP
nodes (MP;, MPs, MP3) and one news media node (MM, ), enriched with two
party nodes (Party;, Partys). According to the needs of individual experiments,
we perform slight modifications to this structure to ensure compliance with the
respective evaluation goals. Specifically, depending on the setting, a MP can

be transformed into a stubborn node by removing its outgoing arcs to other
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Figure 1: Abstract example of a NOI projection, enriched with party nodes.

NOIs and have its sole influence exerted by its respective party. Conversely,
when a MP updates its opinion according to the DeGroot model, its friendships
to other MPs (outgoing compact arcs) are used and its link with the party is
ignored. Hence, the direct link of a MP to its party and the MP’s friendships
are mutually exclusive.

The use of random walks leverages the connections among the MPs as well
as the links between the MPs and their parties to quantify the latent relation-
ships of MPs with all political parties. Consequently, our heuristic can also
uncover the associations among the news media and the parties through the
intermediate edges with neighbouring MPs in the projections. This method re-
veals a perspective of political affinity that differs from the NOI clustering and
the MinL A approach as it relies on the hitting probabilities of random walks
to determine the influence factors between the various actors in the political

graph.

4. Proof of Concept: The MPs Case

The fundamental concept of our study is that the mere structure of a social
network consisting of nodes with political interests suffices for the extraction of
rich political information through the use of innovative algorithms. In order to

confirm this assertion, we firstly apply our proposed methodology on a subset

17



450

455

460

465

470

475

of the acquired dataset that ensures, to the greatest possible extent, the exis-
tence of political information and confines any source of politically irrelevant
information that may falsify the results of our methods. We consider this as the

proof of concept scenario of our proposed methodology.

4.1. The MPs Dataset and Projections

In the MPs case, we use a subset of the acquired dataset that contains the
MPs and their Twitter followers as well as the connections between them. In
particular, the dataset includes 162 NOIs (i.e., the Twitter accounts of the MPs),
740,580 followers and 2,403,200 connections between NOIs and followers. We
note that the news media presented in Section|3.1|are considered as mere follow-
ers in the context of this scenario and any connection with the MPs is included.
We can safely argue that this confined dataset incorporates to the greatest pos-
sible extent the available political information about the greek scene since the
particular NOIs (i.e., the greek MPs) exhibit profound political behaviour and
it is only natural to assume that their followers are politically motivated.

The raw data are perceived as a bipartite graph (as described in Section
and are transformed into projected graphs using the projection methods

described in We refer to the bipartite graph and its projections as
MPs graph and MPs projections respectively.

4.2. Experiments and Results

The proof of concept experiments utilize our methodology in order to confirm
the existence of rich political information in the dataset. The application of
Modularity Clustering, the Minimum Linear Arrangement (MinLA) and the
DeGroot Model Approach are described separately and our results are being

presented in the following sections.

4.2.1. Modularity Clustering
Initially, we apply the modularity maximization algorithm (Section [3.3.1)) on

the MP projection graphs in order to partition the vertex set into disjoint groups
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of MPs and show that this method can reveal the underlying political structure
of our dataset. Our hypothesis is that modularity clustering will partition the
MPs into their respective political parties, or, equivalently, that the MPs of the
same party will be classified into the same cluster. Consequently, the evaluation
of the clustering method is performed towards the true partition of MPs in
political parties (Table (1)) which is an objective indication about their political
affinity. As a result, we tune the resolution parameter so that the algorithm
returns 7 clusters, the amount of political parties in the ground truth.

The quantifiable evaluation can be achieved by reducing the partition corre-
lation problem into a set similarity problem using the concept mentioned in [46],
Section 2.2.1]. More specifically, for some partition of the nodes [N] into groups
we consider the set S to comprise all unordered node pairs {%,j}, with i # j,
where elements ¢ and j belong to the same group in that partition and S’ to con-
sist of all other pairs. Naturally, it has to hold that |S|+|S’| = |N|-(|[N|—1)/2.

The resulting sets S and S’ can then be used as input to our evaluation meth-
ods, which are the Jaccard index, the Simple Matching Coefficient (SMC), the
F1 score, the Normalized Mutual Information (NMI), the Pearson correlation
and the Cosine similarity. These measures are used to assess the effectiveness of
a partition and are different from the measures used to construct the projection,
although some of them are used for both purposes. The results are shown in
Table 2] The rows of the table refer to the similarity functions used for the
projection. Each function is represented by the minimum and maximum values
of the respective evaluation measure over all resolutions between 0.2 and 3.0
with a step of 1072 that yielded 7 clusters. The columns of the table denote
the evaluation measures. For comparison, the random partitioning is also in-
cluded in the table. This random evaluation was produced separately for each
measure/column by gradually generating random partitions of 7 communities
(as many as the political parties) until the average of the correlations did not
change beyond the 9th decimal digit.

The results deliver a strong evidence about the validity of our hypothesis,

stating that MPs of the same political party will be classified into the same
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Table 2: Clustering evaluation of the MP projections. Each projection displays the maximum

(odd line) and minimum (even line) value of the respective evaluation measure.

Evaluation measure

B
¢ Jaccard SMC F1 NMI Pearson Cosine

Overlap  .8277 9456 .9057 .6671 .8693 .9066
7867 9314 8806  .6040 .8346 .8816

Ochiai .5449 8436 7054  .3148 6117 7118
4724 8197 .6417 2515 .5459 .6544
Phi .5110 8384  .6764  .3055 .5968 .6911
4358 8133 6071 .2427 5276 .6298
Jaccard  .4763 8244 6453  .2663 5584 .6608
3759 7831  .5464  .1661 .4452 5678
Sorensen  .4576 8144 6279 2386 5312 .6418
.3981 7901 5695  .1810 4664 .5880
Random .1062 .6475 1920  .0000 .0000 .2046

group in the partition. The strength of the correlations among the weighting
methods varies, although all methods had an above random association. In
particular, the overlap coefficient firmly outperforms other functions commonly
mentioned in the literature on all evaluation measures. Therefore, this indicates
the existence of rich political affinity information within the Twitter follower
network, and substantiates the suitability of modularity clustering for obtaining
this information.

Figure [2| displays a force-directed visualization, produced by Gephi [47], of
the MP projection using the overlap function with a resolution of 0.855. These
settings correspond to the highest correlation achieved (the first line of Table|2)).
Vertices in this layout are colored by their modularity class. The respective party
of each node (the ground truth) is given as a text label within the node while

the party IDs are given in the legend in the top left corner. The partition of
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EK
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XA

Figure 2: Force-directed visualization of the MP overlap projection.

the clustering illustrated in this figure is a result of only the Twitter follower-
followee relations while the real distribution of MPs in political parties (the
ground truth) is only used for the evaluation. An important visual observation
is that the accuracy of the identified clusters is remarkably high, which coincides
with the results in Table In particular, the biggest political parties (SYRIZA,
ND, XA) are clearly identified with the respective clusters almost flawlessly.
Additionally, the layout provides a visual perception of the close association

between modularity clustering and force-directed placement [48].

4.2.2. Minimum Linear Arrangement
In this experiment we apply our MinL A algorithm to the MP projections in
order to arrange the MPs in a one-dimensional space and study the significance

of this ordering. Our hypothesis is that MPs of the same political party will

21



535

540

545

appear consecutively inside the minimum cost arrangement of the MP projection
vertices; the known affiliations of MPs in political parties enables us to evaluate
this. Finally, we make an attempt to attribute the physical meaning of the
minimum cost arrangement in relation to the left-to-right political axis.

Initially, we apply this algorithm to all of the MP projections and, for each,
we obtained the minimum cost arrangement m and its cost C(m). Since in
this experiment we deal with ordinal data, we also define the concept of party
ordering. Our dataset contains 7 parties, so there are p = 7! = 5,040 possible
orderings. Each of these orderings can be flattened to a ranked list of MPs,
where MPs of the same party are tied on the same rank. Thus, there are also p
flattened MP ranked lists denoted as R;, 1 <7 < p.

We assess the correlation of m with every ordering R; using the Kendall tau-
b (75) correlation coefficient [49], which is a statistic used to measure the ordinal
association between two measured quantities. The tau-b correlation coefficient
is a generalization of the Kendall tau-a coefficient that accounts for ties in
the input lists, specifically present in the R; orderings. It is worth noting that
Kendall tau-b is in range [—1, 1] but, since in our context the linear arrangements
(LAs) cannot contain ties, the maximum value is

T(n) =3, T(t:)

VT(n)/T(n) =32, T(t:)
which equals 0.8361 because ¢t = [62,61,17,10, 6,4, 2] (Table . Afterwards, we

z(z —1)
2 )

Kooz = , where T'(x) =

find the party ordering with the highest correlation to m, defined as R, where
q = argmaxTg(m, R;).
i€[1,p]

Our results are presented in Table [3] which displays the tau-b correlation of
each projection’s minimum cost LA against its respective R,;. The results are
in agreement with our findings in Section in regards to the effectiveness of
the overlap projection and the existence of rich political information within the
Twitter follower dataset. Specifically, the 75(m, R,) of the overlap coefficient
is 86.8% of the maximum (0.7261/0.8361) proving that the MinLA problem

definition highlights the clustering features of our dataset and confirms our
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Table 3: MinLA evaluation of the various MP projections. The max 7p is 0.8361 while the
random 7p is approximately 0.1149. The costs among the projections refer to different edge

weights and, thus, are not comparable.

Ba Minimum (Found) Cost Random Cost TR

Overlap 162,196 925083  0.7261
Phi 51,230 83,352 0.7228
Ochiai 55,308 88,322 0.7008
Jaccard 19,628 38,216 0.3933
Sorensen 36,624 68,293 0.3867

hypothesis. Moreover, the phi and Ochiai based projections are also represented
by very promising correlations that are only marginally below overlap. The
random cost column of Table [3] is derived from the average distance of two
nodes in a random LA which is (n + 1)/3 (Lemma [I] in [Appendix C).

Furthermore, we experimentally found that the 75(r, Ry) of the random MP
ordering r is 0.1149. Consequently, it follows that, despite their differences, all
of the projection methods reveal some amount of information from the follower
network with above random significance.

A visual perception of the MinLA application of the overlap projection is
shown in Figure The top ruler in the figure displays the minimum cost
LA m while the bottom represents the closest party arrangement R,. Each
ruler contains 162 MPs represented by points colored by the real party of the
respective MP. The figure offers an alternative understanding of the magnitude
of correlation between these vectors and, overall, the validity of our hypothesis.

Finally, we discuss some interesting observations about the closest political
party ordering R, of the overlap projection which is [SYRIZA, ANEL, POTAMI,
DHSY, ND, EK, XA]. A comparison of the R, to the arrangement of the parties
based on their ideological identity reveals interesting properties of our result
and of the inherent political information in our dataset. According to their self-

identification and data from additional resources (e.g. Wikipedia), the most
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(a) Resulting minimum cost LA

(b) Closest party arrangement

Figure 3: Visualization of the minimum LA for the overlap projection. The top figure is the
resulting minimum cost LA and the bottom one of the closest party arrangement for it. The

Tp correlation between the two arrangements is 0.7261.

credible arrangement of the parties on the left-to-right political spectrum is
[SYRIZA, DHSY, POTAMI, EK, ND, ANEL, XA]. In R;, ANEL is adjacently
positioned to SYRIZA, an oxymoron phenomenon that can be justified by the
fact that ANEL and SYRIZA were in governmental coalition and, thus, their
ties are strong in the Twitter follower dataset. Furthermore, the swap of DHSY
and POTAMI in R, is inconsequential, especially after their deliberations (in
April 2018) about the formation of a new upcoming coalitional party (KINAL)
for the upcoming elections. The misplacement of EK can be attributed to its
small footprint (2 MPs) and, hence, by deficient information. In general, we can
argue that R, outlines the parties on one dimension according to the followers’
criteria that are a combination of the left-to-right political perspective and the

pro and anti-government feeling.

4.2.3. The DeGroot Model Approach

In this section, our DeGroot model approach is applied to the MP projections
in order to determine the influence factors towards the political parties. These
factors are then used to classify every MP to the party with the maximum
influence factor. Our hypothesis coincides with the clustering hypothesis in
Section [£:2.1} MPs will have their dominant influence factors on their respective
affiliated party.

We perform a series of experiments for all the MP projections that are based

on the concept of the leave-one-out cross-validation method, where each MP
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Table 4: Hits of the leave-one-out cross-validation method for each projection.

Overlap  Ochiai Jaccard Phi-A  Phi-E  Sorensen

SYRIZA 53 52 48 49 49 46
ND 59 57 53 55 57 53
DHSY 16 16 13 7 9 13
XA 10 10 10 10 10 10
ANEL 3 3 0 0 0 0
POTAMI 1 6 6 0 0 0
EK 0 0 0 0 0 0
Total Hits 142 144 130 121 125 109

Hit ratio 87.65% 88.89% 80.24% T4.69% T7.16%  67.28%

is selected individually. The directed arc of the selected MP to its party is
ignored while the rest of MPs are transformed into stubborn agents by removing
their outgoing arcs to other MPs as explained in Section [3:3.:3] The selected
MP’s friendships with other NOIs are used to calculate a random walk’s hitting
probabilities to every party’s node given it originates by the MP. Since the
parliamentary groups are uneven, the evaluated probabilities are divided by the
corresponding group’s size in order to compute the uniform per party influence
and avoid any dominance effect by the parties with large parliamentary groups.
The uniform influences are used to classify each MP to a party based on the
greatest uniform influence of their random walk. A hit is considered when the
party with the greatest uniform influence on the MP coincides with its actual
party. The experiments are implemented using PRISM [50], a tool that is widely
used to analyze models that exhibit probabilistic behavior (e.g. Markov chains).

The results presented in Table [4| denote that our approach achieves surpris-
ingly high hit ratio in almost all cases of projections, a clear indication that the
MPs dataset and, consequently, the MPs projections contain significant politi-

cal information. The highest hit ratio is achieved in the graph produced by the
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Ochiai projection (88.89%) while the result of the corresponding overlap projec-
tion is slightly lower (87.65%). Moreover, the Ochiai and the overlap projections
provide sufficiently robust graphs that enable the correct classification of MPs
of smaller parties (e.g. ANEL, POTAMI). This property is also valid for the
graph of the Jaccard projection although it exhibits noticeable weaknesses in
the classification of MPs of the two largest parliamentary groups (SYRIZA and
ND). In general, the vast majority of the MPs projections produce graphs that

achieve high levels of accuracy in the classification of MPs to their parties.

4.3. Discussion

The results of all three methods presented in the previous sections provide
clear indications that our assembled dataset contains significant political infor-
mation and the applied algorithms are efficient in extracting it. The selected
methods succeeded in revealing different aspects of the political information.
The results of modularity clustering indicate that the followers of NOIs suffice
for the efficient detection of the actual parties while Minimum Linear Arrange-
ment produces a ranking of the NOIs that can be interpreted as a political
bipolar. Finally, the DeGroot Model Approach exhibited surprisingly successful
behavior in highlighting the affiliations of the NOIs to the political parties.

The results of our proposed methods also allow a comparative analysis of
the weighting projection methods and their efficiency in conveying useful infor-
mation in the projections. The Sorensen-Dice coefficient achieved the weakest
scores in the applied algorithms while the Jaccard coefficient performed aver-
agely in the DeGroot Model Approach and poorly in the other methods. The
phi coefficient provided efficient scores in all methods applied and the Ochiai
weighting method achieved the highest scores in the DeGroot Model Approach.
In general, the overlap coefficient appears superior to other measures. Although,
it does not always attain the best evaluation in all the scenarios, it qualifies for
a very consistent and reliable weighting function among the proof of concept

experiments in our dataset.
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5. The Case of News Media

The promising results of our methodology on the purely parliamentary dataset
of the previous section justify our attempt to deploy the presented algorithms on
a politically obscure scene. We consider a set of popular news media in Greece
as the case study and utilize our proposed methodology to examine its effective-
ness. For evaluation purposes, we conduct an experts’ survey and compare its

findings to the results of our algorithms.

5.1. The News Media Dataset and Projections

In this case study, we utilize the complete dataset of our work. The dataset
includes 186 NOIs (MPs and news sources), their followers and the connections
between NOIs and followers (see Section [3| for further details). The bipartite
graph formed by this data is projected onto the NOIs using the projection meth-
ods of Section to create the enriched projections, which are then provided

as input to the methods presented above.

5.2. Expert Survey

The purpose of the expert survey is to establish a factuality that we consider
as ground truth about the political affinity of the news media that are present
in our case study. We resort to the expertise of 8 scientists from the field of
political science to provide us insight about the political affinity and orientation
of news sources in Greece. We structured and provided a survey questionnaire
about the 24 news media of our dataset.

The questionnaire involved two questions, which we refer to as political affil-
tation and political orientation. The first question aimed at providing means of
quantifying the relationship among news sources and political parties. The par-
ticipants were asked to label the relationships among all pairs of news sources
and political parties with one of the options “-2 hostile”, “-1 negative”, “0 neu-
tral”, “1 positive” and “2 partisan”. The second question aimed at classifying

the news sources in a left-to-right political spectrum scale. The experts were
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asked to label each news source with one of the options “far left”, “left”, “cen-
ter”, “right” and “far right”. These options represent the position of the news
media in the political spectrum and do not directly imply an association with
a political party as in the first question.

The responses of the participants are aggregated using the average of in-
dividual answers. The data of the first question were processed into a 24 x 8
matrix (24 news media and 8 political parties) of political affiliation values in
the range [-2,2] while the responses of the second question were assigned values
in the range [-2,2] (i.e., -2 = “far left”, -1 = “left”, 0 = “center”, 1 = “right”,
2 = “far right”) and the average values denote the political orientation of each
news media derived from the opinions of the experts. We consider these find-
ings of the survey questionnaire as the ground truth that we can deploy in the
application of our methods in the news media case study. The raw answers
of the survey are included in the supplementary material of this work given in
Section Bl

The reliability and homogeneity of the expert survey was assessed using
Cronbach’s alpha [51]. The issue of missing data (245 of 1728 records) was solved
using a variety of imputation techniques [52] (namely the k-nearest neighbours,
multivariate imputation by chained equations (MICE), expectation maximiza-
tion (EM), mean, mode, median and random imputation) and listwise deletion.
The Cronbach’s alpha values that were calculated for all these missing data han-
dling methods ranged from 0.929 to 0.956 indicating acceptable (> 0.7) internal

consistency of the conducted survey.

5.3. Experiments and Results

The final step of our case study involves the application of the Modularity
Clustering, the Minimum Linear Arrangement (MinL A) and the DeGroot Model
Approach to the enriched projections. The outputs of the algorithms outline
the political profile of the news media under different prisms. The results are

evaluated using the findings of the experts’ survey.
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5.8.1. Modularity Clustering

The methodology explained in Section is reproduced for the 5 enriched
projections and from the resulting partitions the news sources are filtered. It
is then possible to use the expert responses of the political affiliation question
for the evaluation of the clustering method. Specifically, we assign each news
source to a cluster based on the political party that is most affiliated with that
source and, hence, creating a comparable structure.

This process yields 5 groups of news sources but one of the news sources is
tied in two parties, one party with 13 NOIs (including the tied news source) and
a singleton community comprising only the tied news source. However, since
the evaluation method relies on pairs of nodes inside the clusters, it is not able
to distinguish a singleton cluster. Furthermore, the method cannot operate on
overlapping partitions and, thus, we naturally place the tied news source into
the bigger community, eliminating the singleton group. This action is inconse-
quential since that particular node has the same level of political affiliation for
both parties. Therefore, the resolution parameter of the clustering method is,
similar to Section tuned for 4 communities.

The results are shown in Table [5] which has the same format as Table [2]
For each projection method, the minimum and maximum values of the respec-
tive evaluation measure over all resolutions that yielded 4 clusters is displayed.
For comparison, the random partition with 4 communities is also given. The
table carries similarities with the experiments on the MP projections. More
specifically, given the significance of the measures, the existence of political in-
formation within the Twitter follower dataset is further established. It also
appears that the modularity optimization clustering is suitable for the exami-
nation of the political affinity of the news sources within our dataset. Moreover,
the overlap similarity appears to retain more information about the objectives
of this experiment, although all of the projections achieved better than average

accuracy.
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Table 5: Clustering evaluation of the enriched projections. Each projection displays the

maximum (odd line) and minimum (even line) value of the respective evaluation measure.

Evaluation measure

B
¢ Jaccard SMC F1 NMI Pearson Cosine

Overlap 5072 .7536 .6731 .1736 @ .4762 6734
4488 7355 6196  .1467 4367 .6226

Ochiai 4747 .6884  .6438  .1406 3927 .6768
.2865 4638 4455  .0009 .0343 4470
Phi .5029 7065 6692  .1566 4386 .6865

.2825 5000 4405  .0026 .0588 4432
Jaccard 4067 .6957  .5782  .0810 3241 5787
.3033 4674 4655  .0000 .0051 .4698
Sorensen 4067 6812 5782  .0764 3187 .5832
2757 4891 4322 .0004 .0240 4368

Random 1722 5685 .2927  .0000 .0000 .2987

5.8.2. Minimum Linear Arrangement

In Section the application of the MinLLA problem in the MP dataset
(through the MP projections) demonstrated the suitability of our methodol-
ogy as well as the existence of profound political information within the Twitter
follower network. For the purposes of the case study, we apply the same method-
ology on the projections of the enriched graph. Our motive is to confirm the
previous findings in Section and to examine new hypotheses about the
news sources by utilizing the results of the expert survey.

More specifically, the application of the same MinL A algorithm in each en-
riched projection yields an arrangement m of the NOIs in a line, which is similar
to the arrangement in Section [£:2.2] but in this case study it contains the news
sources in addition to the MPs. It is possible to use m as source to construct

two sub-arrangements M,ps and Myews Which consist of only the MPs and
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Table 6: MinLLA evaluation of MPs using two datasets.

Ba 7 of MP projections 7p of enriched projections
Overlap 0.7261 0.7587
Phi 0.7228 0.7617
Ochiai 0.7008 0.4315
Sorensen 0.3867 0.3809
Jaccard 0.3933 0.3875

news sources respectively, where the relative ordering of the NOIs is preserved
inside the sub-arrangements. In the undermentioned text, we study these two
sub-arrangements separately.

Initially, we evaluate my,,s against the MP distribution in the political par-
ties in the same way as in Section while also contrasting the results. The
two arrangements differ only on the dataset used and, thus, this evaluation
shows how the addition of the news sources affected the political information
in the dataset. The results are shown side by side in Table [6] It is clear that
the addition of the news sources in the dataset did not diminish the amount of
political information within the dataset. In fact, the projection methods that
did well with the MPs dataset (overlap and phi), also performed well in the
enriched dataset. This is a strong indication that the clustering features within
the Twitter follower network are maintained even after the enrichment with
the news sources. Furthermore, the Sorensen and the Jaccard projections had
negligible differences while the Ochiai projection received a significant drop in
effectiveness.

The evaluation of My, is performed against the replies about the political
orientation in the expert survey. Specifically, the political orientation vector
given in Section [5.2] indirectly creates a ranked list of the news media sorted
by their orientation. The evaluation of My is performed against this ranked

list. This process is semantically very different from the m,,,, evaluation. More
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Table 7: MinLA evaluation of the various enriched projections. The max 75 is 0.9799. The

costs among the projections refer to different edge weights and, thus, are not comparable.

Ba Minimum (Found) Cost Random Cost TR

Overlap 260,787 351,758 0.6249
Phi 71,732 115,967 0.4030
Ochiai 27 124,053 0.4030
Sorensen 46,512 93,088 0.1960
Jaccard 24,816 51,930 0.1738

precisely, the political orientation of the news sources corresponds to a linear
scale of the news sources in the left-to-right political spectrum. As such, the
evaluation of Myeys is an indication of the minimum cost MinLA news sources
arrangement correlation with the left-to-right political spectrum orientation.

The results of our experiment are reported in Table [7), which has the same
form as Table The max 75 was calculated using the formula given in Sec-
tion due to the low amount of ties, the max 75 is much higher than
the respective value in Section [£.2.2] The table confirms some of our previ-
ous findings regarding the effectiveness of the overlap projection and further
demonstrates the potency of our methods.

The inspection of the 75 correlation between the news sources minimum cost
arrangement and the expert survey political arrangement provides interesting
insights. More specifically, although the result is clearly very significant, the
correlation is not as high as the experiments for the MPs dataset in Section [£.2.2]
which can be attributed to a variety of factors. Initially, given the semantics
of the two methods, it is not meaningful to directly compare them because the
arrangement with the MP projections displays clustering correlation while the
arrangement of the news sources shows a measure of precise arrangement in
a linear axis, which is by its nature a more difficult problem. Moreover, it is
possible that the minimum cost arrangement of the news sources might not

correspond exactly to the left-to-right political spectrum because the dynamics
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of the Twitter network are very complex and heterogeneous among its users.

5.3.3. The DeGroot Model Approach

The application of the DeGroot Model Approach on the enriched projections
aims at the extraction of the political affinity and orientation of the news sources.
The NOIs of the enriched projections are handled using the same guidelines of
Section[4.2.3] Each undirected edge is duplicated into two opposite directed arcs
and the weights of the outgoing arcs of every node are normalized. Furthermore,
seven additional nodes are introduced that represent the political parties and
the MPs are linked to their corresponding party. We note that the nodes of
the news sources are not directly connected to any party but their connections
with the MPs are the indirect link with the parties that we aim to examine and
evaluate.

We transform the nodes of the MP’s into stubborn agents (i.e., nodes that are
solely influenced by their party and their connections to other MPs are ignored)
and we estimate the political affinity of each news media node by evaluating the
hitting probability of a random walk that originates from it to each party’s node.
The retrieved probabilities are then divided by the corresponding parliamentary
group’s size, in order to avoid any dominance effect by the largest groups.

A series of preliminary experiments prove that the addition of the 24 nodes
of the news sources to the graph does not taint the validity of our approach.
We apply the DeGroot model in order to classify each MP to a party (using the
same methodology as in Section and collate the results in Table [§ The
hit ratios on the classification of the MPs to their parties are slightly decreased
in most cases while in the case of the graph produced by the overlap projection
the ratio is increased (from 87.65% to 88.27%). These encouraging results allow
as to proceed to the evaluation of the political affinity and orientation of the

news sources.

Political affinity extraction. The political affinity extraction of the news media

to each party is achieved through the calculations of the hitting probabilities for
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Table 8: Hit ratios of MPs based on the leave-one-out cross-validation method for purely

parliamentary (only MPs) and enriched projections (MPs and news sources).

Purely parliamentary graph  Enriched graph

Overlap 87.65% 88.27%
Ochiai 88.89% 87.04%
Jaccard 80.25% 80.25%
Phi-A 74.69% 72.84%
Phi-E 77.16% 74.69%
Sorensen 79.01% 77.78%

random walks that originate from the news media nodes to the party’s node. Our
hypothesis for this experiment states that the news media that share common
ideological and political views with a specific party should also share common
followers with it and, thus, their links to the party’s MPs in the projection
graphs should be strong and would result to an increased hitting probability of
a random walk that originates from the news media node to the specific party’s
node.

We test our hypothesis on the social graph produced by the overlap projec-
tion since our preliminary experiments suggest that the addition of the 24 news
media NOIs enhance the mechanism of the DeGroot model in the extraction of
political information. The experiment produces a 24 x 7 matrix that contains
the uniform per party influences of each party to the news media node. We
round these influences to 2 decimal places to produce coarse grain results and
avoid any jitter.

In order to evaluate the validity of our approach, we correlate the results of
our experiment with the results of the political affiliation from the expert survey.
More specifically, we produce separate rankings of the news media according to
their influences to the nodes of all the parliamentary groups in our dataset and
correlate them with the findings of the experts’ survey. We assess the correlation

using the Kendall tau-b (75) and the Pearson correlation coefficient (p). The
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results presented in Table [J] validate our approach. The values of the Kendall
tau-b coefficients are in most cases greater than 0.5. The results for ANEL and
EK (the two smallest parliamentary groups in the graph) are significantly lower,
a phenomenon that could be attributed to the small number of corresponding
NOIs that are included in our dataset (4 and 2 NOIs respectively). In general,
the findings provide a clear indication of dependence between the produced
rankings and the experts’ survey results. Furthermore, the high values of the
Pearson coefficient p in almost all cases confirm our hypothesis that our method
reveals information about the political affinity of news media from our dataset.

In order to make these results more easily understandable to a broader au-
dience, we utilize the metric of Precision at K (P@K) to calculate the precision
of the top K elements in the produced rankings in respect with the top K ele-
ments of the findings from the experts’ survey. The results presented in Table[J]
further confirm the correlation of the produced rankings with the experts’ sur-
vey results. The values of P@5 are surprisingly high in the cases of SYRIZA,
DHSY, POTAMI and XA while the low values of ND, ANEL and EK can be
attributed to the small number of NOIs in the dataset (in the cases of ANEL
and EK) and to divergence of opinions between the political scientists and the
Twitter users about the news media that are the greatest supporters of ND.
The values of P@10 exhibit significant consistency ranging between 0.8 and 0.5

providing, thus, further support to our findings.

Political orientation extraction. We further extend our approach and alter our
experimental scenarios to extract information about the political orientation
of the news media from our dataset using the DeGroot model. We modify
our produced social graph with stubborn agents by discarding the nodes of 5
parties (the nodes of ND, DHSY, ANEL, POTAMI and EK). The remaining 2
party nodes (SYRIZA and XA) are considered as the two poles of the left-right
ideological spectrum, according to their self-identification, that are present in
our dataset. We evaluate the hitting probabilities of random walks that originate

from the news media nodes to the 2 parties’ nodes. Our hypothesis is that the
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Table 9: Correlation coefficients (Kendall tau-b and Pearson), P@5 and P@10 values of the
news media rankings for all parliamentary groups of the DeGroot experiment compared with

the experts’ survey.

Ranking Probability B p Pas5 P@10
SYRIZA 0.57063 0.76702 0.8 0.8
ND 0.51756 0.81495 0.2 0.6
DHSY 0.63157 0.75014 0.8 0.6
POTAMI 0.58757 0.75780 0.8 0.6
ANEL 0.11213 0.03983 0.2 0.5
XA 0.57366 0.64034 0.8 0.7
EK 0.31555 0.57076 0.4 0.5

MPs’ location in the political spectrum is reflected in the arcs of our social graph
and, thus, the news media links to the MPs result to high hitting probabilities
to the pole of the political spectrum that are closer to.

The results of the experiment produce a ranking of the media based on their
“distance” from the pole of SYRIZA (i.e., the party that is considered to repre-
sent the leftmost pole in our political spectrum). The ranking is then correlated
to the findings of the second question from the experts’ survey concerning the
political orientation of the news media. The Kendall tau-b coefficient is eval-
uated to 0.58792, a result that indicates strong correlation between the two
rankings and validates our hypothesis, while the Pearson coefficient is evaluated
to 0.46833 that further supports our approach.

Figure [4] presents graphically the rearrangement of the news sources in the
results of the DeGroot approach compared to the ground truth of the experts’
survey. A prominent observation is that the rankings are in agreement about
the locations of the sources that are closer to the poles (i.e., the leftmost and
rightmost edges of the stripes). Furthermore, the differences in the arrangement
of the news sources in the center of the political spectrum (i.e., the middle of

the stripes) are noticeable but not extensive.
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(a) Stripe produced by experts’ survey results

(b) Stripe produced by MinLA algorithm (overlap)

¢) Stripe produced by DeGroot experiment’s results (overlap)

Figure 4: Comparison of the three rankings produced by the experts’ survey, the MinLA
experiment and the DeGroot approach. Stripes (a), (b) and (c) consist of rectangles that
visualize the ranking of the news media. Each rectangle represents a news source and is
coloured according to the news source’s affinity to the two poles of the political spectrum based
on the results of the experts’ survey (violet and yellow for the left and right pole respectively).

The resulting colours are preserved in stripes (b) and (c) for comparison purposes.

5.4. Discussion

The purpose of the news media case study was to examine if our methodol-
ogy can be applied to the enriched dataset to determine the political affinity of
news sources. Overall, we have showed that modularity clustering, the MinLLA
problem and the DeGroot model are suitable methods. The results were eval-
uated against the replies of the expert survey and indicate that these methods
can be used to study the news sources and determine their political affinity with
significant precision.

While the accuracy of the methods in both Section [d] and Section [5] were
very high, the evaluation over the MPs was finer and almost flawless. A possible
explanation is a fundamental distinction among the MPs and the news sources
as Twitter users in the context of our study. In particular, it is an established
fact that the dominant act of politicians in Twitter is political deliberation and
advocacy and, thus, it is reasonable to assume that other users follow them

because of their political standing. In Section [d] we have proved this assertion
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with significant accuracy by deriving the political standing of MPs via their
followers. However, this does not always seem to be the case for the news sources.
News sources convey perspectives of online presence other than politics and, as
a result, users may follow them for reasons unrelated to politics, for example
sports news. This fact is a form of interference on our methods which rely on
the assertion that users follow NOIs for reasons related to the context (politics
in this work). Filtering out these users is outside the scope of this study but we
believe it would improve the accuracy of the method even more.

Finally, in Figure [d] we provide a visual juxtaposition between the news
media rankings of the MinLA algorithm and the DeGroot model for the overlap
projection. The two methods achieved similar 75 evaluation (0.6249 and 0.5879
respectively) against the experts’ survey ranking. An apparent similarity of
the arrangements is the placement of the left wing (violet). While the two
arrangements display similarities, it can be concluded that the MinLA ranking
has more matches in the center of the spectrum while the DeGroot ranking has

more matches in the right end.

6. Conclusions

The purpose of this work was to study and assess the possibility of deriv-
ing political affinity of particular entities (NOIs - Nodes of Interest) using the
Twitter follower network. We initially applied our methodology on the Mem-
bers of the Greek Parliament in order to a) classify them in political parties, b)
arrange them in a bipolar spectrum and c) determine their correlation factors
with political parties. Our results suggest additional evidence about the valid-
ity of the hypothesis that Twitter followers can portray the political leanings of
their followees. Our work was later extended on the enriched dataset containing
the MPs as well as popular news sources that operate under a political context.

Overall, our approaches are simple to implement and easy to reproduce
while delivering very significant accuracy. Furthermore, the overlap coefficient,

an underutilized measure, especially in the context of social networks, is high-
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lighted and shown to achieve a considerably superior efficiency compared to
other projection functions. Additionally, we applied concepts to this problem
that have not been examined in prior literature, the MinLA problem and the
DeGroot model with the presence of stubborn nodes, and showed that these
techniques are perfectly suitable for the analysis of our dataset. We deem that
the application of these novel ideas will have a theoretical impact on future re-
search regarding Social Network Analysis. Our methods work without any prior
knowledge of the ground truth related to the NOIs and do not employ heavy
preprocessing or filtering on the raw data.

We argue that the proposed methodology could be utilized in other practical
situations. While the examined scenarios of this work focus on the political
attitude of the NOIs, a possible application of the methods could be targeted
for other interest domains. For example, the tourism industry is a domain
with extensive presence in online social networks. The analysis of online social
networks’ structure and nodes under the prism of their touristic interest could
unveil beneficial aspects of their behaviour and provide valuable findings to
tourism organizations.

There are several lines of research arising from this work which should be
pursued. A natural extension of this work is the investigation of the scalability
of these methods when applied to other countries and, consequently, different
political systems. The political scenes among different countries are very di-
verse and it is interesting to see if the methods are suitable and under which
settings. Moreover, the dataset used in this work can also be enriched with
temporal information regarding the establishment and possible cancellation of
followerships. Therefore, various observations can be resulted from a temporal
study during critical points in time, such as elections. Finally, an interesting
emerging topic in the field of graph applications is graph embedding [53], where
vertices of the graph are represented in vector space. The application of graph
embedding in our dataset, and possibly an extensive comparison with the results

of this paper, could be addressed in future studies.
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Appendix A. Projection’s Weighting Methods

For the formulas given below, we use the following notation:

Set  Cardinality Description

N n All the followers in the dataset.

N, N, The followers of NOI z.

Nyy Ny The common followers of NOIs = and v,
Ngy = Ny NNy,

Since all our weighting methods rely only on the follower sets, it holds that for
any weighting method B¢, if N, = Ny, then f¢(z, 2) = Sa(y, z). This property

is easy to prove via the following formulas.

Jaccard Index. The Jaccard index of nodes x and y is defined as the inter-

section of the nodes’ follower sets over their union:

. Nz NN
It has values in [0, 1], with O signifying no common follower and 1 an equivalence

in the follower sets.

Ochiai Coefficient. The Ochiai coefficient between two NOIs x and y is iden-
tical to the cosine similarity when applied to binary vectors (presence or absence

of an edge):
Ny

ca(@,y) = —m—m-
VN[N |

The Ochiai coefficient can be described as the intersection over the geometric

mean and is also a measure lying in [0, 1].

Sorensen-Dice Coefficient. The Sorensen-Dice coefficient is also known as
the F1 score and is another statistic used for comparing the similarity of two
follower sets:

2n gy
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It can be shown that there is a relationship between Sorensen-Dice coefficient

and the Jaccard index:
2jG(:Ca y)
sglz,y) = ———7>—.
c@y) =7 +Jja(z,y)

As in the above methods, the Sorensen-Dice coefficient is in [0,1] and is equal

to the intersection over the arithmetic mean of the sets.

Phi Coefficient. The phi coefficient is equivalent to the Pearson correlation

coefficient when applied to binary vectors and is formulated as:

NNy — Ny

(bG(il',y) =

B \/nxny(n —ng)(n— ny).

This measure differs from the other similarity functions as it can be in the
range [—1,1], where 1 is total positive linear correlation, 0 is no linear corre-
lation, and —1 is total negative linear correlation. In some scenarios, however,
a negative weight is either not meaningful or not compatible with the setting
at all. In these cases we use two phi coefficient transformations instead that

eliminate any negative value:

aGdd(xa y) = ¢G(x,y) +1

Pz, y) = ebc(@y)

Overlap Coefficient. The overlap coefficient (also known as Simpson coeffi-
cient) is a measure in [0, 1] that measures the overlap between two sets. In our
context it assumes the value of 1 if the nodes are identical and a value of 0 if
they have no common follower. More specifically, it is defined as the size of the
intersection divided by the smaller of the cardinalities of the two follower sets:

[Nz NN |

hal®:y) = RN N,
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Appendix B. Algorithms

Algorithm 1: Local Search MinLLA algorithm

Function localMin (a: Array)
Set n < size(a)
for n? times do // fast converge
Perform a random swap on a to create a’
If it reduces the cost set a + o
end
while changed do // local converge
Set changed < false
for z in [1,n), y in (z,n] do
Perform the swap (x,y) on a to create o’
If it reduces the cost set a < a’ and changed < true

end

end

end

Function main (a: Array, reps: Int)

for reps times do
Shuffle a to create o’ and invoke localMin(a’)
If the cost of a’ is lower than a set a < o’

end

end

Appendix C. Lemmas

uss  Lemma 1. The average distance of two nodes in a random LA is (n+1)/3.

Proof. Let X and Y be two random variables for the positions of the two nodes,

respectively, in the LA. First, assume X < Y. Then, the following sum 57 is:

YD PX=a] PV =y|X =4] (y— )

r=1y=x+1
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n

:%nilz Z (y—x):mzm—m)(n—x—&-l)

rx=1y=x+1 rx=1

Assuming X > Y, the corresponding sum Sy has the same value S; = S;. The
average distance is equal to the sum S; + S5. Adding S; and Ss, and then
simplifying gives (n + 1)/3. |
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