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ABSTRACT Akey problem in social network analysis is identifying influential users within a social network.
To address this problem, numerous centrality measures have been defined to automatically state rankings of
the users. In this article, we define theMilestonesRank, a newmeasure to detect opinion leaders, an important
type of influential users focused on specific topics. This measure considers two parameters that can be
freely adjusted depending on the needs of the analyst, namely, the interest and the exclusivity of the users
regarding some specific topic. Every topic is bounded by a list of milestones over a period of time of several
weeks or even months. We compare this measure with other classic measures to find opinion leaders in a real
case study using the Twitter network. Our experiments show that the new measure allows us to find relevant
opinion leaders that other measures are not able to detect.

INDEX TERMS Centrality, influential user, opinion dynamics, opinion leader, social network, Twitter.

I. INTRODUCTION
A key problem in social network analysis is identifying
influential users within the network. This problem has impor-
tant applications in viral marketing [1], information propaga-
tion [2], search strategies [3], expertise recommendation [4],
community systems [5], social customer relationship man-
agement [6], percolation theory [7], criminology [8], among
others. To address this problem, numerous centrality mea-
sures have been defined, providing different criteria to auto-
matically rank the users of the network [9]. Some influence
measures are based on simple metrics related to user activity
within the network; some others are based on the PageRank
algorithm [10], which is in turn inspired on the eigenvector
centrality [11]; some others in the influence spread phe-
nomenon [12], [13]; and others in predictive algorithms [9].

In online social networks developed to share and exchange
content (e.g., blogs and microblogs), an important type of
influential users are opinion leaders [14]. These users can
be experts or be very interested in a subject, and are noted
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for their interventions on specific topics. This type of users
was originally defined in 1944 in the context of presidential
campaigns [15]. However, there can be opinion leaders of
any subject, such as politics, sports, science, technology, arts,
culture, entertainment, etc. In two-step flow theory, opinion
leaders are a synonym of influential users [16]. In social
networks like Twitter or Sina Microblog, leaders are usually
considered as advanced influential users, capable to motivate
other users and thus stimulate communitymovements, visual-
ized by actions like mentions, replies and retweets [17], [18].
In the same line, leaders have also been considered top dis-
seminators and engagers [19]. From a sociological point of
view, some researchers have stated that opinion leaders in
microblogs like Twitter are more associated with users with
high self-esteem [20]. When opinion leaders are well con-
nected and have a certain popularity (that is, a large number
of followers), they are also often called evangelists [21].

Due to the above, we consider that the algorithms used to
identify opinion leaders should focus on specific topics, and
therefore be based on search spaces defined by content. Thus,
besides the profile data extraction from social networks,
we can take advantage of the data provided by the content
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FIGURE 1. General outline of the MilestonesRank measure. From a microblogging network, data of the actors and their messages are
collected. Then, in the context of a specific topic defined from a list of milestones, the opinion leaders are detected and ranked according to
their exclusive interest in those milestones.

(tweets, posts, etc.) in order to obtain more information from
the users. In this article we propose a new centrality measure
to identify opinion leaders, called MilestonesRank, based
on users’ interest in a specific topic, as well as the users’
exclusiveness to participate on that topic and not another.
A novelty of this measure is that unlike others, it does not
focus exclusively on structural aspects of the network, but
also on the content of the shared information. On the other
hand, it is not based on machine learning or predictive algo-
rithms, so the results obtained will always be the same, for
the same parameters setting.

In order to define a specific topic, the usual method is to
collect messages, posts, tweets, etc., from a bag of words,
keywords, or hashtags. However, to define the interest and
exclusivity of each user, the MilestonesRank also considers
a set of milestones that occurred during the data collection
period. As a result, we obtain a measure that is able to
identify opinion leaders that other measures may overlook.
The scheme of Figure 1 summarizes the general operation of
the new measure.

This article continues as follows. In the next section,
we focus on the related work, including the definition of
some well-known centrality measures used to identify influ-
ential and active users. These measures will be compared
later with the MilestonesRank. Section III is dedicated to the
definition and detailed explanation of the MilestonesRank.
In Section IV we explain the associated methodology for data
collection and application of the measure. In Section V we
compare the different measures in a real case study for the
Twitter microblogging network, and in Section VI we present
the obtained results. Finally, we present the main conclusions
of this work.

II. RELATED WORK
To study opinion leaders in social networks, there is
a wide range of techniques and approaches, such as
multi-agent systems [22], metaheuristics [23], discrete
dynamic systems [24], collective decision-making the-
ory [25], [26], or centrality measures [9]. Recently, inspired
on the word-of-mouthmarketing and using numerical simula-
tions, a bounded confidence-based opinion dynamics model

was defined to classify opinion leaders and followers in e-
commerce networks [24]. Other recent approaches prefer to
analyze social networks as big data challenges, instead of
focusing on the network dynamics. In this context, clustering
and data mining techniques have been used to efficiently find
opinion leaders within the network [27].

Regarding centrality, although there is much theory about
opinion leaders, as a particular type of influential users [19],
in practice there are very few centrality measures dedicated
to identifying only this type of users. In most cases, centrality
measures tend to treat opinion leaders as synonym of influ-
ential users [21]. For a methodological review about opinion
leader detection, see [28].

Among the measures used to specifically identify opin-
ion leaders, we can mention the following. The Influence
Rank [29] is a variation of PageRank that combines follow-
up relationships, mentions, favorites and retweets, in order to
identify opinion leaders who are capable of influencing other
influential users. The LeaderRank [30] is another variation
of PageRank applied on microblogs represented as follow-up
relationship networks. The CompetenceRank [8] is a recent
modification of the LeaderRank, applied to networks with
star graph topology, such as the Facebook pages of political
organizations. Other centrality measures have also been stud-
ied on this graph topology [31]. In addition, variations of the
classic centrality measures of degree and closeness have also
been defined to identify opinion leaders [32], [33]. Finally,
the LeadRank [17] is an iterative method that starts from
a current state, calculated through the number of followers,
retweets and mentions of the user. These measures are useful
if we can access the follow-up relationships of the network,
and we do not consider the dynamics of the network through
a timeline. However, the set of followers of a user can vary
greatly over time. The Twitter APIs, for example, do not
keep record of it’s users’ historical variation. Therefore, these
centrality measures are not useful for our context, since we
are interested on specific milestones that have occurred over
a long period of time.

The measure that we propose is based on the definition
of milestones on specific topics. In social networks like
Twitter it is common for milestones to be viralized in the
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form of ‘‘trending topics’’. Hence, it is important to note
that the trending topics do not last forever, nor disappear to
never return. In an experiment conducted between 2009 and
2010 [34], it was found that 73% of the trending topics
collected during almost four months were only one day long;
15% lasted two days, and 5% three days. There were a few
trending topics that lasted more than three days, with the
longests becoming less frequent. Besides, the authors dis-
covered that certain trending topics could come back later
in time. 31% of the trending topics came up only once, 7%
remained intermittent for more than 10 days, and there were
even isolated cases of topics that kept coming back for several
months [34].

III. IDENTIFYING OPINION LEADERS
In this section we define the new centrality measure called
MilestonesRank. We defined a milestone as a particular day
within the sampling period, in which something especially
relevant to the considered case study occurred. Let D be the
set of total days considered in the sample, andM ⊆ D the set
of all the milestones considered.

The MilestonesRank is a linear combination of two other
measures, namely, the Exclusivity and the Interest. As wewill
see below, the Exclusivity is based on the general activity of
each user, while the Interest depends on the weights assigned
to each milestone.

A. EXCLUSIVITY MEASURE
The general activity of a user can be calculated by summing
up all of his or her traceable activity during a given time [9].
In this case, we define the (total) general activity of a user i,
denoted GT (i), as the sum of his tweets, retweets and replies.
Formally,

GT (i) = OT1+ RT1+ RP1

where OT1 (number of original tweets posted by the author),
RT1 (number of retweets accomplished by the author) and
RP1 (number of replies posted by the author) are well-known
classic metrics [35]. We denote GT (i)|M the general activity
of the user i restricted to the milestones in M . The daily
general activity Gd (i) of a user i is the sum of their tweets,
retweets and replies collected by the sample on the day d ∈ D,
i.e.,

Gd (i) = GT (i)|d = (OT1+ RT1+ RP1)|d

Furthermore, we define the average general activity of user
i during the entire period of the sample as

G(i) =
GT (i)
|D|
=

∑
d∈D Gd (i)
|D|

We say that a user is more active than normal on a day d if
Gd (i) > G(i).

Given the above, the exclusivity of a user i for a topic
defined from a set M of milestones is defined as

Exclusivity(i) =
|{d ∈ M | Gd (i) > G(i)}|
|{d ∈ D | Gd (i) > G(i)}|

Note that this measure returns values between 0 and 1, where
1 means that the user’s activity is focused exclusively during
the milestones of interest, and 0 means that his or her activity
focuses on the least important days of the sample. In the
unlikely event that the denominator is 0 (in which case the
numerator will also be 0), then the measure returns 0.

B. INTEREST MEASURE
Let d ∈ M be a milestone, we define its weight wd > 0 as the
interest that this milestone has for our sample. Theweight of a
milestone can be determined automatically (e.g., as a number
proportional to the total activity generated by all users on
that day), manually (e.g., given by an expert user) or semi-
automatically (e.g., as a hybrid of the previous two).

To understand the usefulness of weights, let’s consider
some examples. For example, if we want to analyze the inter-
est of the users in an electoral campaign, the televised debates
of the candidates are undoubtedly important milestones to
consider, but they must have a lower weight than the voting
day. Also, in a sports championship, the day of the semifinals
will have a lower weight than the day of the final.

Thus, the Interest of a user i for a topic defined from a set
M of milestones is defined as

Interest(i) =

∑
d∈M {wd | Gd (i) > G(i)}∑

d∈M wd

Note that this measure also returns values between 0 and 1.
Here, 1 means that the user has a greater activity during all the
milestones, so it can be assumed that he or she has a special
interest in them; on the contrary, 0 means that the user is not
interested at all by the milestones considered.

C. THE MILESTONESRANK
With all the above, we define the MilestonesRank (MR) as a
centrality measure to identify opinion leaders as follows:

MR(i) = Interest(i) · cI + Exclusivity · cE

where cI + cE = 1.
We denote MRE=bI=a as the application of MR with the

parameters cI = a and cE = b. Thus, MRE=0.5I=0.5 means that
the measure is giving the same importance to both criteria.
Note also that for any user i, MRE=1I=0 = Exclusivity(i) and
MRE=0I=1 = Interest(i).

This measure varies between 0 and 1. A user has a high
MilestonesRank if he or she is more interested (or active)
during the milestones considered, and if he or she tends to
be active exclusively during those milestones.

IV. METHODOLOGY
Next, we explain the methodology to apply the Milestones-
Rank measure to any online social network based on the
transmission and viralization of content. Since some steps
can be performed in parallel or sequentially (depending on
whether the activity is carried out manually or automati-
cally, respectively), the flow of steps can vary in each case
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FIGURE 2. Methodology used to compute the MilestonesRank. The legend below the schemas represents the types of data that circulate through the
different sequential processes. Note that ‘‘milestones’’ can only appear after ‘‘texts’’, as well as ‘‘weighted milestones’’ after ‘‘topical texts’’. (a) Manual
milestones’ definition and manual weighting. (b) Manual milestones’ definition and authomatic weighting. (c) Automatic milestones’ definition and
manual/automatic weighting.

(see Figure 2). The general process distinguishes three
sequential activities:

1) Data collection. Usually, messages transmitted
through online social networks have a large amount
of associated metadata. However, for each message
(tweet, post, etc.) issued, it is only necessary to collect
the user that issues the message, its text body, and its
date of issue.

2) Data post-processing. In this stage, three different sub-
processes are carried out:
• Topical classification. Classification of messages
according to the topic of study. Specifically,
a Boolean value is associated to each message,

assigning a value of ‘‘true’’ if the message belongs
to the topic, or ‘‘false’’ if it does not belong to the
topic. The usual way to define a topic is through
keywords, bag of words or hashtags.

• Milestones’ definition. A set of milestones is
defined (set M of the sample). This can be
done manually (through an expert user), automat-
ically (using computational algorithms) or semi-
automatically (a hybrid of the previous two). Fig-
ures 2a and 2b show the flow for the manual case,
and Figure 2c for the authomatic case.

• Milestones weighting. The weights wd are defined
for each milestone d ∈ M stated in the previous
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FIGURE 3. Peaks detected automatically. The horizontal axis includes the time and the vertical axis the number of tweets. The weights of the milestones
are based on the fourth peak.

step. Again, this can be done manually, automat-
ically, or semi-automatically. Figure 2a shows the
flow for the manual case, and Figures 2b and 2c for
the authomatic case.

3) MilestonesRank computation. Calculation of the
MilestonesRank measure. Note that for users who do
not participate in any milestone, the value of the mea-
sure is 0, so it is not necessary to calculate the measure
for them.

V. EXPERIMENT
As a case study, we set out to find opinion leaders within the
Twitter network, regarding the controversial nomination of
Brett Kavanaugh to the U.S. Supreme Court on 2018, under
the presidency of Donald Trump. The data was collected
via the Twitter Streaming API. The total sample contains
12,910,703 tweets geolocated in the United States, written
between June 10, 2018 and November 6, 2018 (as we will
see, one month before the first milestone and one month after
the last milestone).

For the topical classification stage, we use ‘‘kavanaugh’’
as the only keyword. This search is not case-sensitive, and
includes the hashtag ‘‘#kavanaugh’’. From the above,
a total of 1,720 tweets were obtained, coming from 828 users.
These values are much lower than in the original sample,
which shows the enormous diversity of topics circulating
daily through social networks. For the definition of both the
milestones and the milestone weights, automatic methods
were used.

The milestones were chosen from peaks detected by a
Python library called PeakUtils1. The parameters were set to
thres = 0.2 and min_dist = 0, where thres indi-
cates the minimum magnitude of a peak to be detected and
min_dist the minimum distance required between peaks.
In addition to this library, several more were tested, but this

1https://peakutils.readthedocs.io/en/latest/

was the one that gave the best results regarding validation
with the highlights in the online press and Wikipedia. The
resulting peaks detection is illustrated in Figure 3. The dates
of each peak, with their numbers of tweets and the corre-
sponding milestones, are described in the following list:

1) July 9, 2018 (39 Tweets): U.S. President Donald Trump
nominated Judge Brett Kavanaugh to become an Asso-
ciate Justice of the Supreme Court of the United States.

2) September 4, 2018 (36 Tweets): The Senate Judiciary
Committee began Kavanaugh’s confirmation hearing.

3) September 24, 2018 (60 Tweets): The Senate Judi-
ciary Committee invited both Kavanaugh and Christine
Blasey Ford to provide testimony about the allegation.
Kavanaugh agreed to testify.

4) September 27, 2018 (167 Tweets): Both Kavanaugh
and Blasey Ford were questioned by members of the
Judiciary Committee and Arizona-based sex crimes
prosecutor Rachel Mitchell.

5) October 6, 2018 (111 Tweets): The Senate voted
50–48 to confirm Kavanaugh’s nomination to the
Supreme Court.

From the 828 users tweeting about the topic, a total
of 254 users participated in at least one milestone.

Regarding the milestones weighting, a frequency analysis
was used, where each milestone is normalized respect to the
milestone with the most data. Thus, the obtained weights
are w1 = 0.233, w2 = 0.215, w3 = 0.359, w4 = 1 and
w5 = 0.664.

VI. RESULTS AND DISCUSSION
For the case study described in Section V, we apply the
MilestonesRank measure for the following combinations
of parameters: MRE=0.5I=0.5 , MRE=0.25I=0.75 , MRE=0.75I=0.25 , MRE=0I=1 ,
MRE=1I=0 . In addition, for the same sample we apply the total
general activity measure, GT , and its restricted version to the
days of the milestones, GT |M .
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TABLE 1. Kendall correlation results.

TABLE 2. Standard deviation and number of different values for each
measure.

In order to compare the rankings obtained by the measures,
we used the Kendall rank correlation coefficient (τ ). The
correlation results are illustrated in Table 1. As can be seen,
the three centrality measures have a very low correlation
with each other. This means that a user’s activity is not
enough to be considered an opinion leader, which validates
the theory [28]. In addition, it is shown that several of the
opinion leaders identified with the MilestonesRank could
not have been identified only from their activity. Regarding
the variations of parameters for the MilestonesRank, it is
observed that the Interest was a stronger criterion than the
Exclusivity, since the correlation is higher when increasing
the Interest rather than the Exclusivity.

Regarding the usefulness of the centrality measures, there
are two important factors that have been considered in other
studies to determine if the users are ranked properly, namely,
the standard deviation (σ ) and the number of different results
obtained by the measure [13]. On one hand, a large number
of different results implies that the measure generates dis-
tinguishable classes of users with different values. On the
other hand, a high standard deviation implies that the differ-
ences in their values are large enough so that they do not
lend themselves to confusion. Table 2 shows the standard
deviation and the different values for the different measures
considered. Regardless of the chosen parameters, the Mile-
stonesRank returns a standard deviation much higher than
the other activity measures. Likewise, the MilestonesRank
also returns a greater number of different results, with the
exception of MRE=0I=1 . This means that the Interest, on its own,
returns very different values to each other, but many users had
an equivalent interest for the topic analyzed. The best results

in both aspects were obtained for MRE=0.25I=0.75 , with a standard
deviation of σ = 0.321 and 146 different results.
Given the above, we will focus on the top results obtained

for MRE=0.25I=0.75 . In order to analyze in more detail the types of
opinion leaders found, we manually viewed the descriptions
of the user profiles. In most cases, descriptions were com-
plete describing the user’s political profile. For those cases
in which the description of the user profile was not enough,
the tweets issued by the users during the milestones were
observed.

Of the top 20 results, there were 9 men, 7 women, 1 queer
activist, 1 with unidentified sex, and 2 accounts without sex.
The first place was for an independent journalist, contrary to
the policies of President Donald Trump. 14 of the 20 accounts
were anti-Trump, 4 pro-Trump, and only 2 were moderate,
and therefore alien to the topic (a 911 operator and a woman
interested in fashion and photography).

Two verified accounts were detected: Adrienne Lawrence,
a well-known interviewer and progressive opinion leader, and
the official account of thewebsite http://endrapeoncampus.org.
In addition, a private account appeared, from a retiredmilitary
officer. 12 accounts of the top 20 correspond to independent
journalists, political activists or people interested in politics.

If we focus on the top 50, we find 26 women and 20 men.
In total there are 36 anti-Trump accounts, only 5 pro-Trump
(one of them deactivated), 8 moderate and 1 private account
from which no more information could be found. Within
the anti-Trump accounts, a single account of an explic-
itly Republican person was observed (a religious promoter,
retired Lutheran pastor). In general, it is quite clear when
the person is conservative or liberal. Conservative people
often mention their religious beliefs and family in their user
profile, while liberal people tend to focus on their jobs and
personal interests. Of the latter, there are many liberal people
related to the world of technology, design and photography,
although writers, actors and workers in the world of fashion
and marketing were also detected.

Finally, it is interesting tomention thatmost of the accounts
that were found are independent. Official press media such
as CNN or ABC News do not appear in the ranking. This
is mainly due to two factors. First, because these accounts
are not geolocated, and therefore did not appear in the
original sample obtained from the data collection. Second,
these accounts cover news continuously, without highlight-
ing one milestone over another. Therefore, even if they had
been in the sample, they would have a high interest in the
milestones considered, but a very low exclusivity on the
topic.

VII. CONCLUSIONS
In this article we have defined a new centrality measure to
identify opinion leaders in an online social network. It is
important to note that although the case study is based on
the Twitter network, the measure can be applied to any
online social network based on content spread, such as blogs,
microblogs, etc. Unlike the few existing measures to identify
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this particular type of influential users, the MilestonesRank
does not need follow-up relationships. To apply the measure,
a set of weighted milestones must be defined, which can be
stated automatically or manually. In particular, we have seen
that the automatic generation of milestones produces good
results that can be easily validated.

As a case study we consider a real and recent US policy
event. The ranking of opinion leaders obtained by themeasure
yielded valuable and interesting accounts, such as several
independent journalists, political activists and people inter-
ested in politics, both liberal and conservative. Many of these
users could not be detected by the general activity measures.
In fact, we show that there is no correlation between the
MilestonesRank and the general activity measures, even if it
is restricted exclusively to the activity carried out during the
milestones.

Interestingly, the highest correlation (although negative)
was obtained between MRE=1I=0 and GT |M , with a value of
−0.720. This could mean that for this sample, users who
wrote exclusively during the milestones had a low general
activity and, on the contrary, there were other topics that
generated much more activity. However, by definition, a user
with high exclusivity does not necessarily have low activity
the rest of the time. Likewise, it is possible that during a
considered period there is no other topic with more activity,
but that when comparing the topic studied with the general
activity, this topic seems less relevant. Given the above,
it would be interesting as future work to define amethodology
to analyze different topics, in order to compare their specific
relevance within the same period.
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