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ABSTRACT The detection of communities in social networks is a task with multiple applications both
in research and in sectors such as marketing and politics among others. In this paper, we address the task
of detecting on-line communities of Twitter users for a given domain. Our main contribution consists in
modelling the community detection problem as a biclustering task. We have performed the experimentation
with data from the political domain, a very dynamic area with a large number of interested users and a
high availability of tweets. We have evaluated our proposal using both extrinsic and intrinsic methods,
reaching very good results in both cases. We use the silhouette coefficient as intrinsic metric for clustering
evaluation, and a classification task of political leanings of Twitter users as extrinsic evaluation. One of the
most interesting conclusions of our experiments is the quality, from the point of view of predictive capacity
in the classification task, of the communities identified with the proposed method. The information provided
by communities detected through ‘‘follow’’ relationships has a predictive capacity comparable to that of the
contents of tweets written by users. The results also show how detected communities can give insights about
future events related to these communities that arise around social networks.

INDEX TERMS Twitter, community detection, biclustering, politics.

I. INTRODUCTION
Twitter can be seen as a thought shuttle: a channel that allows
to launch ideas, in the form of short messages, to anyone who
might be interested. At the same time, Twitter is an immense
laboratory of contents and connections that allows to analyze
opinions on any subject of interest and, in general, to verify
sociological hypotheses.

There are a multitude of studies that try to take advantage
of this potential in diverse areas such as branding [1], [2]
e-commerce and trust management [3], political analysis [4],
event detection [5] or market analysis [6].

In this paper we address the task of detecting on-line
communities of users in Twitter for a given domain. We have
evaluated our proposal with data from the political domain,
a very dynamic area with a large number of interested users
and a high availability of tweets. Detecting on-line commu-
nities can be a good complement to traditional sociological
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analysis approaches, because the potential dataset size is
usually several orders of magnitude greater and is able to
target other demographic sectors that surveys typically do not
tackle.

Our proposed approach consists in applying an unsuper-
vised process for uncovering ad-hoc communities whose
users share similar stances, though no direct connection
between them is required. There are many works about
community detection in the political domain, most of them
using Twitter as data source [7]–[9]. In this sense, our main
contribution is the use of the spectral biclustering technique
for the detection of communities. To our knowledge, there
are no proposals that have used spectral biclustering for
this task. Our main goal is to evaluate the usefulness of a
biclustering technique to group similar users in a graph. The
most important benefit of the use of spectral biclustering is
that we have, for each user, a membership degree to each
of the detected communities. Thus, we obtain a much richer
and more complex profile of users than those resulting from
approaches that include users in a single community.
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There are many practical applications of the fuzzy charac-
terization of users provided by the spectral biclustering algo-
rithm. We have successfully employed it in the classification
of users according to their political orientation, which has
served us as an extrinsic evaluation of our proposal as well.

Using the membership degree of the users to each commu-
nity as input data in order to train a classifier yields similar
results (68% accuracy) to those of a classifier based on the
texts written by those users. This shows that there is a valuable
amount of information in membership degrees produced by
spectral biclustering, and also that this information is as
useful as the information contained in the texts written by the
users.

The rest of the paper is organized as follows. Section II con-
tains a brief review of related work on community detection.
In section III we define the task we have used to evaluate our
approach. In section IV, we describe our biclustering-based
community detection method. We also provide, in section V,
an evaluation of our experiments using both extrinsic and
intrinsic metrics. Finally, in section VI, we summarize the
conclusions and review our main contributions.

II. RELATED WORK
Community detection consists of identifying groups of simi-
lar vertices in a network, based on their structural properties.
Many papers, books, and surveys, have been published about
community detection over the past decades [10]–[12]. This is
a sign of the difficulty and variability of the task, to which
the saying one size does not fit all can certainly be applied.
Techniques that detect communities perfectly for a network
with certain characteristics (such as size or density), get
very bad results when applied to networks of other nature.
In addition, the versatility of graphs makes it possible to use
very different approaches by applying ideas from disciplines
as varied as physics, biology, applied mathematics or social
sciences. We briefly describe some relevant works in the area
of community detection.

An approach that uses HITS algorithm [13] for link-based
analysis is proposed in [14]. It describes a blogosphere com-
munity detection system that performs a random-walk algo-
rithm over a network graph in order to detect the communities
formed by the most relevant blogs. This graph is built using
the blogs as nodes, connecting them according to their cita-
tions and applying several iterations of the HITS algorithm
to compute scores. In [15], the authors address the task of
community detection in Twitter, by assuming that users with
similar interests follow the same (topic-dependent) celebri-
ties. They first define an agglomerative method using only
topological links to detect communities by using the Clique
Percolation Method [16] and the Infomap algorithm [17].
Then, an extension of this method is also proposed by using
also implicit links, like mentions among users and retweets.

Another method, OSLOM (Order Statistics Local Opti-
mization Method), is proposed in [18]. They define a
degree-based metric intended to evaluate the significance of
each node with respect to a given cluster and using the idea

that nodes with a high significance score are likely to be
part of that community (cluster). This OSLOM algorithm is
also used in [19] for detecting topical Twitter communities
from user lists. An interesting approach is developed in [20],
which is based on LDA [21]. The authors propose TUCM
(Topic User Community Model), a method intended to detect
communities in social networks. The assumption is that users
who interact in a network are likely to belong to a common
community. They apply the LDA technique to the content
being discussed by users, thus inferring the communities as
if they were latent topics.

In [22], the authors propose a community detection
method based on what they define as Ground-truth com-
munities. These communities are explicitly defined commu-
nities whose members share the same role, affiliation or
any other attribute. Under this notion, they analyze several
structural definitions of what is a network community, cat-
egorize them into four groups and find two of these groups
that achieve the best performance identifying communities.
Another approach to the community detection task is intro-
duced in [23], [24], adapting an algorithm originally intended
to model dynamics of chemistry oscillators, to the detection
of communities in social networks. Later improvements of
this idea have proven their feasibility by adding negative
relations between vertices or the addition of a Fourier term
to the general equation to better capture the dynamics of the
networks [25].

In [26], the authors propose a greedy algorithm that
starts from a heuristic initial solution and then it iteratively
improves the solution by applying two transformation steps,
deconstruction and reconstruction, in order to avoid local
solutions and make a wider exploration of the search space.
There is also interesting research on topics directly related to
the community detection task, such as optimization for very
large networks [27], or specific evaluation metrics for the
task [28]. Finally, recent approaches like [29]–[31] propose
the use of embeddings to characterize graph communities,
analyzing the relationship among graph embeddings, com-
munity detection and node embeddings.

III. TASK DEFINITION
Our main motivation is to evaluate the effectiveness of our
proposal to detect Twitter communities for a given domain.
We have chosen the political domain, a very dynamic area
in which many users participate and therefore it is easy to
obtain a large number of tweets. We will also use this data
to illustrate through different graph visualizations the main
steps of our proposal.

We built a collection of tweets written in Spanish between
20 December 2013 and 23 December 2013 referencing to one
of the two main political parties at that time: Partido Popu-
lar (PP), and Partido Socialista Obrero Español (PSOE). It is
unfeasible to retrieve and analyze the network composed by
the whole subset of Spanish users interested in politics due to
technical constraints; the size of this network would be huge
and Twitter does limit the amount of information that can
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FIGURE 1. Direct friendship graph. Nodes are scaled and colored by their in-degree.

be retrieved. Therefore, we retrieved a sample of those tweets
by using an adaptive query generation method that provides
much more coverage than simple querying.

The specific method that we used to retrieve the Span-
ish tweets mentioned was the dynamic retrieval method
explained in [32]. This retrieval method starts from a set of
terms seeds, to define the domain of interest, and adapts the
queries to the texts that it retrieves throughout the search
period.

We retrieved a total of 20251 tweets. From this collection
of tweets, we extract the users that directly appear within
any tweet, being either the author of the tweet or any other
user mentioned in the tweet. In addition to appearing users,
we retrieve their lists of direct friends (who they follow) thus
effectively obtaining their immediate neighborhoods. From
the merged list of users and their friends, we compose a direct
friendship graph in which nodes are Twitter users, and edges
are follow relationships.
Figure 1 shows the resulting friendship graph, holding

more than 500k users and more than 1,1M relations of friend-
ship. Nodes are visually scaled and colored by in-degree
(number of incoming relations of friendship). This friendship
graph contains users that are varied in nature: mass media

official accounts, politically active people, political party
members and common people with no apparent relationship
with these political organizations, covering most actors of the
political situation.

IV. COMMUNITY DETECTION USING SPECTRAL
BICLUSTERING
We propose an approach based on a biclustering to perform
an unsupervised community detection. Biclustering is a data
mining technique intended for simultaneous clustering of the
rows and columns of a given matrix. In figure 2 we can see
the general process of our proposal. Starting from the direct
friendship graph, we perform several transformations until
reaching the final distribution of nodes into communities.
In the next subsections, we will detail the aspects of each of
the steps of this process.

A. THE BIPARTITE GRAPH
From the perspective of the friendship graph construction
process, we can identify two kinds of users: original users in
the dataset, and new detected users followed by them. From
the point of view of the community we can consider these
followed users as content creators. Especially those with
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FIGURE 2. General process description.

many followers, who will be referents of the predominant
ideology of the community. Similarly, from the community
perspective, we can consider original users of the dataset as
content consumers because through their opinions they have
expressed interest in the target domain, and they follow the
referent users.

If a user is both, content creator and content consumer, its
node is split into two nodes in the bipartite graph. One node
denotes his role as content creator, and the other one denotes
his role as content consumer.

Given a friendship graph defined by follow relationships,
we build a new bipartite graph to separate content consumers
and content creators. Nodes representing users playing both
roles have input and output arcs in the original network, but
as we said before we split them into two separate nodes, one
as a consumer user and one as a creator. The use of a bipartite
graph results in a rectangular adjacency matrix, which allows
the biclustering algorithm to group follower users (rows) and
followed users (columns) differently.

Figure 3 shows the resulting bipartite graph, being the
nodes colored by in-degree and laid out by its bipartite class.

Once the bipartite graph is built, we generate a matrix M
where Mi,j = 1 if user i is followed by user j. This matrix
is ready to be used as input for a biclustering technique to
identify communities of users (both creators and consumers)
that exhibit similar behavior.

B. BICLUSTERING TO REARRANGE THE ADJACENCY
MATRIX
A bicluster is a subset of the original matrix whose rows
exhibit similar behavior across its columns and vice versa.

However, the exact definition of ‘‘similar behavior’’ depends
on the specific bicluster algorithm used. There are many
biclustering techniques [33]. For our experiments we have
used spectral biclustering. It computes fuzzy clusters with
several degrees of membership, which allows us to detect
more flexible communities. Spectral biclustering was first
introduced in [34] and its computational complexity is
discussed in [35].

Spectral biclustering is a method based on the idea that the
adjacency matrix rows and columns can be organized into
n × m biclusters, where n and m are hyperparameters of the
algorithm. Each row is assigned to m biclusters and each col-
umn is assigned to n biclusters through a membership degree.
Seen from the perspective of the community detection, this
degree of membership can be interpreted as the degree of
affinity of the users to each community.

An intuitive way to show the behavior of the bicluster-
ing algorithm is through the concept of reordering. In this
sense, the process of obtaining a bicluster partition con-
sists of rearranging the rows and columns of a matrix so
that similar values are grouped in the same areas of the
matrix. Figure 4 clearly shows this reordering, applied to
our community detection problem. In our case, we have
an adjacency matrix whose non-zero values correspond to
follow relationships of the bipartite graph. Before apply-
ing biclustering the non-zero values are distributed uni-
formly. After applying biclustering, very dense areas (groups
of rows and columns) can be observed within the matrix.
These dense areas correspond to communities where there
is a high connection density between content creators and
consumers.
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FIGURE 3. Bipartite graph built from the friendship graph. White nodes are content consumers, and
green nodes are content creators. Content creators are colored by their in-degree.

FIGURE 4. Adjacency matrix rearranged after applying spectral biclustering.

C. THE COMMUNITY GRAPH
Figure 5 shows the community graph generated with our
biclustering approach for the political dataset. Nodes are

scaled by the number of direct followers in the bipartite
graph and colored according to the bicluster they belong
to. The intra-cluster relevance is represented by the altering

192222 VOLUME 8, 2020



J. M. Cotelo et al.: Known by Who We Follow: Biclustering Application to Community Detection

FIGURE 5. Community graph generated using spectral biclustering.

saturation of the color of each node, with more relevant nodes
being those with higher saturation values. Edge weights are
computed using cosine similarity over the membership vec-
tors of two users. For each user, its membership vector is com-
posed of its membership degrees to the different communities
identified by the specral biclustering algorithm.

It is interesting to interpret the graph from the perspec-
tive of the political scenario from which the data has been
extracted. Red nodes are related to the PSOE party or its
social-democratic ideology, while purple nodes are related
to leftist ideology but do not agree with the Social Democ-
racy ideology. Blue nodes are related to the PP party,
their centre-right christian-democratic ideology or any other
right-wing ideology. Yellow nodes are celebrities, socialites
and tabloids with low political relevance but highly followed
by the users.

It is worth mentioning big nodes between blue and red
communities are the Spanish general-interest daily newspa-
pers El Pais, El Mundo, 20m and ABC, which reach from
socialist to centre-right ideologies, whilemore right-wing and
left-wing papers lie deep within their respective clusters.

Another interesting issue that arises from these results is
the interpretation that we can make of the purple nodes know-
ing what happened months after the dates to which the dataset
tweets correspond. After reviewing a sample of the tweets
related to that part of the graph, we noticed how they reflect
the debate generated around a social protest movement that
had recently emerged in Spain, in which a large number of
citizens were against traditional parties and which culminated

in the founding of a new political party called Podemos. It is
currently one of the main political parties in Spain, with an
ideology located to the left of PSOE. Although at the time of
our analysis Podemos did not yet exist, it can be seen in the
results as one of the communities detected along with other
more predictable, related to traditional parties. In this sense,
we believe that an algorithm such as the one we are proposing
can be very useful in different contexts due to its capacity to
predict future events related to these communities that arise
and grow around social movements.

V. EVALUATION
In this section we present the results of the experiments
which have been performed using the dataset described in
section III.
Subsections V-B and V-C provide a comparison between

our proposed approach based on spectral biclustering and
the baseline. The evaluation described in subsection V-B
is based on an intrinsic metric, while we use an extrinsic
task as an indirect measure in subsection V-C. Finally, in
subsection V-D a qualitative analysis is conducted upon the
communities extracted by the spectral biclustering approach.

A. THE BASELINE
Awell-known and efficient modularity maximizationmethod
has been selected a as a baseline for its ability of processing
very large networks, and its good performance detecting
large-scale communities. Modularity [36] is a benefit func-
tion designed tomeasure the quality of a division of a network
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FIGURE 6. Distribution of silhouette cluster performance.

into communities where a high modularity partition exhibits
dense intra-community connections and sparse connections
between communities.

Nevertheless, brute force search over all possible partitions
is intractable in most cases because the search space grows
exponentially with the size of the network. Therefore, most
algorithms are based on approximate methods such as greedy
algorithms, simulated annealing, quasi-Newton methods or
spectral optimization, giving approximate solutions to the
modularity maximization problem with different degrees of
speed and accuracy.

In this work, the popular Louvain method [37] is used for
approximating the modularity function. The Louvain method
yields better results (both in time and modularity categories)
than similar methods such as those described in [38] and [39].

However, any modularity-based approach suffers from the
resolution limit, failing to resolve communities smaller than
some scale, depending on the size of the network. In sum-
mary, they accurately detect large-scale communities but they
are not appropriate for retrieving microscale communities.

B. SILHOUETTE COEFFICIENT
When there is no labeled information available, evaluation
must be performed using the model itself. The Silhouette
Coefficient [40] is a well known method for evaluating and
validating clusters of data, estimating how well each object
lies within its assigned cluster.

Given a single sample, its mean intra-cluster distance a
and its mean nearest-cluster distance b are computed using
a specific metric distance, such as the euclidean distance,
the Manhattan distance or the cosine distance. The silhouette
coefficient s for that given sample is s = b−a

max(a,b) such that
−1 ≤ s ≤ 1. To evaluate the model, we compute the
coefficient for every sample of the data set and we apply a
central tendency measure such as the mean or the median
for scoring the model. Silhouette coefficient ranges between
−1 and 1, meaning −1 an incorrect clustering and 1 a tight
clustering (dense and well separated). Values around 0 indi-
cate overlapping clusters.

Figure 6 compares the distributions of the silhouette scores
(over the content consumer groups) obtained by the Louvain
method and by our proposal. We show the values obtained for
5, 10 and 15 clusters. Median values of silhouette scores are
shown as red vertical lines.

We observe that silhouette coefficients for the Louvain
method are well distributed around the median value and
mostly negative. Increasing the number of clusters slightly
improves the median value but the deviation increases and
the results stay stable. The medians of the coefficients for
our biclustering-based method are quite better and most of
the coefficients are higher than 0.5. It is interesting that the
distribution is clearly bi-modal, negative coefficients are less
than 30% of total coefficients and are grouped around the
−0.3 value. This indicates mostly dense clustering with a
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little of overlapping; varying the number of clusters does not
change the results significantly.

Regardless the selected number of clusters, it is clear that
the spectral biclustering approach performs remarkably better
than the Louvain method approach.

C. EXTRINSIC EVALUATION
Another way of analyzing the performance of an unsuper-
vised task is by measuring how well it contributes to another
different task. To do this, we have defined a political opinion
classification task on Spanish Tweets. We selected a sample
of 3000 high quality tweets from the collection previously
mentioned in section III and we manually tagged them to
build a dataset for this classification task. Tweets from this
collection were labeled as positive, negative or neutral with
respect to the opinions they express about PP and PSOE.
The classification task is therefore defined on nine categories,
corresponding to the Cartesian product of the three stances for
the two parties.

TABLE 1. Percentages for each of the nine possible political opinions in
the labeled dataset.

The percentage of the different political opinions in the
labeled dataset can be seen in table 1. Most of the tweets fit
into three of the nine possible classes. Due to the low rep-
resentation of the remaining classes we defined a simplified
version of the task along with the original nine-class problem.
In this reduced problem we only take in consideration tweets
of the three major classes.

We use our community detection approach to calculate
a feature vector for each tweet, consisting in the member-
ship degrees of the tweet author to each of the communities
detected.

Results are compared to those obtained with a standard
Bag-of-Words model. This model is a simplified represen-
tation used in natural language processing and information
retrieval which represents text documents as the multiset of
its words. We also included the dummy stratified random
classifier for comparison purposes only.

According to this extrinsic evaluation method, table 2
shows that the spectral biclustering approach yields better
results than the Louvain method. It is very interesting that the
performance of the features extracted from the communities,
that is purely based on topological structure, is comparable to
the results obtained using a bag of words model for the textual
content.

D. QUALITATIVE ANALYSIS OF POLITICALLY RELEVANT
USERS
In the previous subsections, we have analyzed the perfor-
mance of our approach and it has been compared with

TABLE 2. Cross-validated accuracy for different feature models using a
SVM classifier.

the modularity maximization approach, showing that our
approach is significantly better. Conversely, in this subsec-
tion, we provide a qualitative analysis intended to measure
the ability of our proposal of identifying relevant users within
the detected communities.

Given the same community model computed by our spec-
tral biclustering approach in subsection V-B, we have picked
those communities containing the official Twitter accounts of
PP and PSOE. From both communities, we have selected the
top 10 most relevant users that were neither an official media
account nor anyone directly affiliated with the corresponding
political party. The intra-cluster relevance is given by the
biclustering algorithm.

We were specifically searching for individual users that
may be related to the political party ideology without being
a wide-known member of the party or directly related to any
newsgroup. In this way we can measure whether our method
is able to identify and cluster ordinary people with the same
political ideology, that never interacted between them and do
not publicly profess any political affiliation.

For each user, we retrieved the 100most recent tweets from
his timeline whose content were directly related to politics;
those tweets weremanually tagged the sameway that the ones
for the task described in section V-C. After that, we computed
the affinity of each user to the major political party of their
respective cluster group, being the affinity measure defined
as follows.
Definition 1: Given the user u, we define the following

provisions:
• Let x be one the major political parties. We define
posu(x) and negu(x) as the number of times that the user
u expresses an opinion regarding the party x in any of
his tweets, being positive or negative respectively.

• Being PP and PSOE the major political parties in
our study, we define the party "support" measures
scu(PP) = posu(PP) + negu(PSOE) and scu(PSOE) =
posu(PSOE)+ negu(PP).

We define the following affinity scores for user u regarding
both political parties as:

aff
u
(PP) =

scu(PP)
scu(PP)+ scu(PSOE)

aff
u
(PSOE) =

scu(PSOE)
scu(PP)+ scu(PSOE)

Table 3 shows the intra-cluster relevance values and the
affinity scores for the selected users. It is worth noticing that

VOLUME 8, 2020 192225



J. M. Cotelo et al.: Known by Who We Follow: Biclustering Application to Community Detection

TABLE 3. Affinity scores and intra-cluster relevance values of the top
10 politically relevant users.

users have been anonymized before the manual annotation
process for privacy reasons. We observe that users yield high
affinity scores (regarding the major party of their cluster)
while also exhibiting high intra-cluster relevance values. This
means that our approach is able to retrieve highly affine
community members despite the fact that the large majority
of those users are neither affiliated to any political party nor
related to any politically related media.

VI. CONCLUSION
We have presented an original approach for detecting com-
munities of interest in Twitter for a given domain. By mod-
eling the problem as a biclustering task and applying the
spectral biclustering technique, we achieve an effective way
of addressing the community detection task in large-scale
networks. We have applied our approach to the political
domain, by extracting underlying communities of Spanish
users within the political situation in Spain. In order to test
our proposal, we have compared it to the Louvain method,
a popular modularity maximization approach. From both
intrinsic and extrinsic evaluation methods proposed in this
paper, we have observed that the quality of the communities
detected with spectral biclustering approach is superior to the
ones generated by the baseline. Not only performs better, but
it gives richer models that allow overlapping communities,
fuzzy membership, smaller communities and provides addi-
tional information about the intra-cluster relevance of their
members. Another interesting observation is the quality, from
the point of view of predictive capacity, of the communities
identified with the proposed method. In a task of automatic
classification of political leanings of Twitter users, the infor-
mation provided by communities detected through "follow"
relations has a predictive capacity comparable to that of the
contents of the tweets written by users. The results include
communities related to traditional Spanish political parties,
but also a community related to a social movement that led to
the creation of a new political party, so it is also worth noting
the possibility of using it to predict future events related
to these communities that arise around social movements.
In addition to the proposed evaluationmethods, we performed

a qualitative analysis of politically relevant users by making
use of the communitymodel provided by our approach. Using
the intra-cluster relevance information given by the model,
we assessed that our method was able to identify and properly
cluster ordinary people sharing the same political ideology
even when those users never interacted among them and do
not publicly profess any political affiliation.

Our experiments have shown the usefulness of the biclus-
tering technique to detect communities. In the future we plan
to continue our research in different directions. We want to
evaluate our proposal using data of several domains, and
also compare the results with another community detection
methods. We are particularly interested in identifying antag-
onistic communities such as provaccine/antivaccine or pro-
abortion/antiabortion communities. We are also interested in
exploring other tasks that may benefit from the membership
degrees provided by the spectral biclustering algorithm. The
good results obtained in the political stance classification task
encourage us to look for other applications where this kind of
information is useful.
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