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Marçal Mora-Cantallops(B) and Salvador Sánchez-Alonso
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Abstract. In recent years, Twitter has become increasingly popular
both as a social networking service (where users express their opinions)
and as a tool for information retrieval. Many events that are commented,
debated or argued online, however, are dynamic and unpredictable in
nature, resulting in the need to derive the corresponding dynamic com-
putational methodologies to track and to extract such changing topics,
events and relevant content in a timely and unattended manner. In this
paper, we propose a framework to accomplish two objectives: periodically
obtaining the relevant topics of discussion among authorities and adapt-
ing the tracked keywords or hashtags accordingly to retrieve the most
relevant possible information in each time window. The application of
this framework to a case study reveals how our proposed approach is
able to accurately and dynamically track the conversation around an
event. Our method could therefore be applied to query Twitter in many
domains, such as politics, sport events, marketing campaigns or media
engagement, among others.

Keywords: Information retrieval · Twitter · Dynamic · Topic
monitoring

1 Introduction

The adoption of Social Networking Services (SNS) (also referred as social media)
has been growing steadily over the last years, with an estimated 3.5 billion
active users and 45% penetration globally1. Many users have drifted away from
mainstream media as its credibility scores have dropped across all venues and
have embraced the new possibilities offered by the social media as a source of
information, as news shared by contacts or friends seems to improve the level of
trust; this effect is amplified when the contact sharing the story is perceived as
an “opinion leader” [1].

Therefore, trends in social media have become highly relevant to understand
public opinion and perception [2]. They can be useful to track public conver-
sations and debates, to assess a product performance or to understand human

1 https://wearesocial.com/global-digital-report-2019.
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behavior, among many others. To be able to know where public attention is at a
particular moment becomes a critical problem for researchers and practitioners
alike as trending topics can both describe the opinion of a large community and
provide the means to analyze it.

Not all SNS serve the same purpose, though. Twitter is a social networking
service that has emerged as the reference in micro-blogging platforms [3]. It
combines some unique features such as a very simple interface and a character
limit in its postings, making it convenient for information retrieval and automatic
processing purposes. Users post short messages (up to 280 characters currently)
called tweets and are able to interact with the tweets posted by others (replying
to them, quoting or retweeting them). Huge amounts of data are generated
every day that can provide valuable information for many different domains,
such as political communication, consumer behaviors, marketing campaigns and
disaster management, among others. This data is freely and publicly available
both through its site and its API (application programming interface), allowing
for a near real-time monitoring of users’ preferences, opinion and behavior. User
messages often include hashtags as a way of explicitly marking the relevant
topics, easing such monitoring and analysis.

User behavior and occurrences, however, are unpredictable and dynamic in
nature. Not only many events can’t be accurately predicted (e.g. natural disasters
or accidents) but also it’s even harder for researchers and analysts to anticipate
the wording that will be used by users in their hashtags. It could be argued that a
constant manual monitoring could mitigate such issues, adding any new relevant
words to the tracking as soon as they are noticed. This approach, however,
presents two main caveats:

– Late response, as there might be a (relevant) delay between the new topic
emerging and the start of its tracking, losing what could potentially be rele-
vant information or interactions.

– Human supervision, which might not be possible at all times (e.g. at night),
resulting in either inefficient resource allocation or the inability to detect and
track relevant changes at any time.

In this paper, we propose a dual framework to accomplish two objectives:
periodically obtaining the relevant topics of discussion (in a predefined scope)
while adapting the tracked hashtags accordingly in order to be able to retrieve
the most relevant possible information in each time window in an unattended
and timely manner, minimizing information loss and human intervention. Our
framework uses two algorithms. A first algorithm is devoted to monitor a group of
authorities; as a result, a list of hashtags under discussion is obtained. The second
algorithm then uses the most relevant topics to reset the data stream filter,
extracting and storing the related posts. This way, we maximize the probability
of capturing and tracking the most relevant hashtags at a given point in time.

The remainder of this paper is organized as follows: related works are outlined
in the following section. The proposed approach is described in detail in the
methodology section, while a test case study is presented in Sect. 4. Finally,
conclusions are discussed in Sect. 5.
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2 Background

2.1 Social Media

Social media (or SNS) are web-based services that allow individuals to create
a profile, articulate a list of connections to other users, view and traverse such
connections between users, and share content [4]. SNS users tend to interact
with other users to whom they already have some kind of social tie; therefore,
online conversation through these platforms may more closely resemble oppor-
tunities for everyday conversation [5] about any topic than a more structured
online forum where most users are strangers to each other. According to previous
research, young people already show a clear preference for online engagement and
organization; politically engaged young people integrate social media use into
their existing organizations and political communications [6]. Many works have
studied the effect of social media, specially Twitter, as a facilitator in political
campaigns [7] and protests [8] worldwide.

One important aspect to consider is how information spreads in online social
networks. Mønsted et al. [9] found that the best explanation was a complex
contagion model, implying that information diffusion is affected not only by
the number of exposures to a piece of information, but also by the exposure
to multiple sources and their social influence. Users tend to follow other users
that become their sources in this media environment; those perceived as leaders
of opinion become more influential and the information diffused by them, more
“viral” [1]. Thus, the dominant mode of information acquisition is through “inci-
dental news”, “news content encountered on mobile devices while visiting social
media sites, in a process that is derivative of social media interactions rather
than deliberately sought for” [10].

Therefore, while social media is rapidly becoming the main source of informa-
tion for many citizens, the spread of information is irregular, difficult to predict
in nature and incidental. Methods that aim to track and retrieve such conversa-
tions are required to be flexible and dynamic enough to be able to follow them
and minimize information loss.

2.2 Topic Tracking

To be able to properly track opinion over time has been one of the main con-
cerns by the public opinion analysts for a long time [11]. With the advent of
Twitter, public opinion can be tracked continuously and in real time. The high
volume of information and the myriad different topics that are being talked in
any particular time, however, stand in the way of direct tracking. One way to
overcome such limitation is to look at the Twitter hashtags (keywords or terms
starting with “#”), which are the most common feature for users to connect and
relate to within a larger networked discourse [12]. Posts that contain hashtags
are prone to contain more informational value than non-hashtagged tweets, as
they are related with longer messages, additional hashtags and hyperlinks [13].
Moreover, hashtag use is not limited to one’s own network, as Enli and Simonsen
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found; journalists and politicians, for example, use them to reach outside their
personal networks [14], demonstrating that their use of social media is closely
connected to their professional practice.

Accurate and appropriate hashtag tracking is, therefore, crucial for discourse
and conversation analysis in Twitter. But, in terms of information life cycle, it
is difficult to predict what hashtag is going to be adopted by the community
in a given discussion and whether it will alternate with custom or modified
tags, so dynamic tracking is also key. In spite of this, most studies opt for a
static approach. To cite a few examples, in [15], the authors used Twitter data
to monitor a constitutional referendum in Italy. Even though they recorded
tweets during five weeks, the extracted keywords were static: five hashtags that
were manually selected by the authors. Another similar case is found in [16],
where #WorldEnvironmentDay is tracked to understand public opinion about
the subject, but user variants that might be widely used or hashtags in other
languages were discarded. When Takahashi et al. [17] analyzed communication
on Twitter during a natural disaster (a typhoon), they used four fixed hashtags,
even though the typhoon lasted for five days. Missing data and losing track of the
conversation when hashtags remain static is inevitable, as Tsakalidis et al. [18]
acknowledge in their work about the EU 2014 election trends, even when they
“aggregated tweets written in the respective language that contained a party’s
name, its abbreviation, its Twitter account name and some possible misspells”
and “excluded several ambiguous keywords in an attempt to reduce the noise”. In
all cases, major candidate or party names along with generic terms were used,
leaving little space to unusual terms, unexpected events or minor candidates,
losing potentially relevant information. It is also worth noting how different
languages, abbreviations, misspells or ambiguous keywords are problematic.

A few works have addressed real-time Twitter analysis with topic detection.
Choi and Park [19] proposed a method to detect emerging topics on Twitter using
High Utility Pattern Mining (HUPM), which takes frequency of appearance and
utility of words into account. Although their method works well to detect topics
in known datasets, it is not designed to dynamically use the resulting topics for
extraction. A similar issue appears in the work of Adedoyin-Olowe et al. [20];
their work aims to detect relevant events from a collection of Tweets but, again,
this is done in post-processing. There is no live adaptation where, for example,
an event is detected and immediately followed by the Tweet extractor. This
dynamic adaptation is found in Gaglio et al. [21], who proposed a system able
to progressively refine its query to include new relevant terms, reflecting the
emergence of new topics of trends. In their conclusions, they also noted how
“other systems were unable to capture the social aspects of the observed events
[...] every time the users left the main topic and started to talk about unexpected
events”. Their work, however, presents another limitation that might be relevant
in some contexts: it requires an initial set of keywords to track and term selection
depends on the collected tweets, not taking into account the authority of the
users tweeting them. Our proposed solution will aim to overcome this situation.
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Fig. 1. Twitter is monitored using a initial set of accounts that are considered “author-
ities” in the topic of discussion or analysis. The acquired tweets are analyzed to extract
the relevant terms. Terms are weighted, so for every time period an ordered list of top-
ics of discussion is obtained, sorted by relevance. At the start of each time window, the
N top terms are passed into the extraction script, updating the applied filter into the
second stream. The collected tweets are stored for later analysis.

3 Methodology

The proposed solution is intended to be used as an automatic and unattended
tool for tracking the conversation that is generated around a particular area or
topic, although manual tuning is still possible at any moment in case running
changes are needed. A general overview of the process is represented in Fig. 1,
following four main steps, namely: (1) Selection of authorities, (2) Monitoring
authorities, (3) Hashtag selection and (4) Conversation tracking.

3.1 Selection of Authorities

Users that, according to a certain criteria defined by the researcher, lead the
conversation or are relevant in the topic of analysis are considered “authorities”.
To study the debate of news stories, for example, one would follow the media,
the experts and the influential users in that matter. In a sport event, the list of
authorities could be composed by not only by the team’s accounts but also by
relevant journalists and analysts.

Having a good list of authorities is a prerequisite for the proposed approach.
This list will be followed using the Twitter API and will prevent the topic track-
ing from drifting to potentially undesired scopes.

3.2 Monitoring Authorities

Once a list of authorities is defined, the Twitter API stream can be filtered by
following these users. In particular, the stream will contain and deliver posts
that are either created or retweeted by any of the authorities, are replies to any
Tweet created by any of the authorities or are retweets of any of their Tweets.

Every time a Tweet matching the filter is received, the script will proceed to
process it, as described in Algorithm 1. This script has two main purposes: to
generate the weighted collection of hashtags and to control whether a new time
window has started.
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Algorithm 1. Tweet Monitor
Input: A Tweet delivered from the authorities stream (matching the followed

authorities) and Ct ←− Hashtag collection for current time period t
Output: C′

t ←− Updated collection of hashtags for time window t (if still in
the same time window) or a new collection of hashtags for time
window t + 1 (Ct+1) (in case it is a new time window)

begin
/* Check whether it is a new time window */

if new time window then
Save Ct to file /* Store Ct for later processing */

Clear Ct /* Ct is now Ct+1 */

/* Process the received Tweet from the stream */

for each Hashtag in Tweet do
if Hashtag not in Ct then

Add Hashtag to Ct with weight w
else

Increase Ct[Hashtag] w units

The collection of hashtags Ct is, in essence, an ordered list of hashtags found
on all the posts recovered during a single time window. For each Tweet received,
the script extracts all its hashtags (identified by their # symbol). Each hashtag
can be assigned a weight w; the weight function may be, again, defined by
the user. Depending on the intent, the weight function could take many forms.
For instance, one might decide to simply count the number of times a hashtag
appears, but it is also possible to weight a hashtag according to the posting user
number of followers (assuming that it might have more impact or relevancy),
the logarithm of that number (to avoid being too influenced by dominant users)
or more complex functions.

The time window t must be defined by the user and it allows to adapt the
monitoring to different paces. A long range tracking (a marketing campaign,
for instance) might require a hourly or daily tracking, while shorter events (e.g.
an sports event or a natural disaster) could need a window of only a few min-
utes. Regardless of the time window used, the Tweet Monitor script saves the
collection of hashtags for each time period.

3.3 Hashtag Selection

Before proceeding to monitor the hashtags used by the authorities, a selection
step is required. Here, an approach mixing “hot” and “emerging” topics is sug-
gested.

To obtain the list of hashtags to be tracked to monitor the derived conver-
sation in Twitter, the following steps are completed:

1. If desired, a list of stop words can be added to remove common everyday
spurious hashtags (such as #goodmorning or #happymonday).
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2. Every time period, the script looks at the hashtag collection for that window
and extracts the top M hashtags in absolute terms by their weight. These
are supposed to be the topics that are being strongly discussed and posted
by the authorities.

3. Every time period, the hashtags for the corresponding window (Ct) are com-
pared to the previous window Ct−1 in order to obtain the E hashtags with
the biggest increase (note that this might be extended up to the n previous
periods). These are potential emerging topics, that might not yet be on the
peak of the discussion but are rapidly growing.

4. The top M and E hashtags are combined into the final list, consisting of N
(at maximum M + E) hashtags, as represented in Fig. 2.

Fig. 2. The list with the top N hashtags combines the biggest terms of discussion (M)
with the fastest growing ones (E). For each case, M and E can be adapted to the
researcher needs.

3.4 Conversation Tracking

Once the final list of hashtags is obtained, a separate stream can be set to
track such hashtags. The Twitter API stream, in this case, delivers all Tweets
(from the provided stream, which is in turn a sample of all public Tweets) that
match any of that hashtags in their texts (and ignoring case). These Tweets can
be processed or stored for a later analysis. Tracked hashtags are dynamically
changed in each time period; they are renewed with a new list coming from the
previous step, allowing for the unattended and dynamic tracking of the topics
present in the authorities discussion.

4 Experimental Results

4.1 Case Study

In order to analyze and provide a few insights on the proposed methodology,
a case study has been used. In particular, the conversation around the 2019
Eurovision Song Contest was tracked during the event, between 20:00 CEST on
the 18th of May and 02:00 on the following day. As known, Eurovision is an event
that is broadcast internationally and attracts a large number of interactions in
Twitter, as “users offer their own running commentary on the universally shared
media text of the event as it unfolds live” [22]. For this case, the weight function
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w was defined as the number of followers that the tweeting user had (therefore,
the more followers, the more relevance in the discussion) and the time window t
was set at two minutes (given that each performance lasts for 3–4 min).

The following subsections will focus on the hashtag collections generated by
the Tweet Monitor; the selection of the top N hashtags and their extraction is
considered straightforward after that step. A N of 25, with 20 hot (M) and 5
emerging (E) hashtags will be assumed for this case.

4.2 Authorities

For this case study, the official Eurovision Twitter accounts of every participat-
ing country’s public broadcaster were used as authorities. Although there were
up to 41 participant countries (26 of which performed at the final event), only
active and verified accounts specific to Eurovision were included. The selection
included a total of 20 accounts, composed by the official Eurovision account
(@eurovision) and 19 official accounts managed by each country’s broadcasting
company, where available. These include, among others, @kaneurovision from
Israel, @bbceurovision from the UK, @sbseurovision for Australia, @yleeurovi-
sion for Finland and @eurovision tve for Spain.

Fig. 3. Ranked position of each two hashtags supporting the same performance (#nld
and #teamduncan) in each time window

4.3 Results

A total of 1814 different hashtags were obtained during the six hour extraction.
After extracting the top 25 hashtags in each time period, 429 unique hashtags
remain. Each hashtag is then ranked according to its weight during the time win-
dow. The first visible result is that, although the official hashtags (#eurovision,
#daretodream) are consistently in the top 3 (and, therefore, constantly tracked)
there are other variations that are also often present in the conversation, such
as #esc2019 or #eurovision2019.
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Unpredictable Topics. As previously noted, most studies start by monitoring
a fixed list of hashtags. That list may include all expected words (in this case,
the official hashtags, both for the festival and for each country). Therefore, for
a country like The Netherlands, which was the contest winner, one could have
expected to track #nld and, maybe, the name of their song (#arcade). But the
fan community adopted a different hashtag, #teamduncan, composed with the
singer’s (Duncan Laurence) first name. As can be seen in Fig. 3, this hashtag is
highly relevant not only right after the performance, but also before the contest
started (when the official hashtag was not online yet) and after the winner was
announced, responding more quickly than the conventional tag.

Fig. 4. Ranked position (in the top 25) of each hashtag related to four consecutive
performances (#nld, #gre, #isr and #nor) in each time window

Events. On one hand, to obtain a more efficient extraction, it is interesting to
track each hashtag only when it is relevant enough. On the other, some events
might happen spontaneously or are hard to predict. Figure 4 is a good example of
this. First, it must be noted that these four consecutive performances by as many
countries get into the top hashtags right in the moment (and not before) when
the authorities start talking about them during their respective performances.
Second, some events (such as the performance by #isr) reach a peak when they
happen, are on the conversation for a while, decay and disappear from the list
(note that Israel was not a favorite in this edition). This also shows how irrelevant
topics are “forgotten” promptly. Third, the case of the #nld, one of the favorites
and final winner, where discussion lasts for longer, then goes down during the
voting and goes back to the top when the winner is announced.

Languages. This method is also able to track variations of the same topic in
different languages (in case they are relevant enough). In the case of Eurovision,
the Polish word #eurowizja was also among the top 25 hashtags in 43 out of 181
time windows. Other example can be found in the calls for boycott (the festival
took place in Israel, raising controversy due to the situation with Palestine)
with #boicoteurovision2019 and #boycotteurovision2019 showing similar levels
of usage.
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Fig. 5. Ranked position of each hashtag related to #eurovisionrtve among the top 25
in each time window

Misspellings or Alternatives. Alternative words for the same concepts are
also found in a good amount. Spanish fans, for example, used #esp, #spain
or even #lavenda (name of the song) to talk about their song. In a similar
way, Swedish fans used #swe or #sweden interchangeably. Not only some hash-
tags are unpredictable, but their alternatives or misspellings created by users
might also be problematic. A paradigmatic case can be seen in Fig. 5, where the
hashtags related to the Spanish Public Television (RTVE). The official hashtag,
#eurovisionrtve, is prominent over the whole festival, often among the top three.
However, after the Spanish performance, two misspelled related hashtags appear
in the conversation: #eueovisionrtve and #eurivisionrtve (note how the “e” is
next to the “r” and the “i” is next to the “o” in the Spanish keyboard). Although
some misspellings might be anecdotal, both these hashtags were relevant (among
the top 25) in many time windows until the end of the festival; not tracking them
would derive in a definite loss of information.

5 Conclusions

Even relatively simple events such as the Eurovision Song Contest derive in com-
plex conversations. In our study, more than 1800 different hashtags were gener-
ated by the authorities (official and verified accounts) in the subject, with 429
unique different hashtags among the top 25 topics in at least one time window.
Previous studies analyzed Eurovision using only a few static hashtags; [22], for
instance, tracked only three keywords (#eurovision, #esc and #sbseurovision),
missing interesting information only traceable through misspelled hashtags or
user generated tags that must be detected in real time. We have shown how our
unattended approach could enrich this kind of extractions, adding a dynamic
tracking of the conversation among the relevant accounts to capture the result-
ing public discussion. In particular, it should be noticed how #esc was not even
relevant as a hashtag for the 2019 edition, as users ended using #esc2019 instead.

Thus, the proposed methodology is able to track hashtags in an unattended
and dynamic manner, capturing the hashtags used by the authorities of the
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community of interest and adapting them as the conversation changes or moves,
even if dramatically, while being robust against disruptions and avoiding the
requirement of an initial set of words; term selection depends exclusively on the
terms used by the authorities and is also able to take their relevance into account.

This method is limited by a few restrictions, however. First, it requires a
fairly accurate identification of the authorities, users that are relevant in the
discussion. In political contexts or in many events, they should be arguably
straightforward to identify (political leaders, influencers, etc.) but there might
be some scopes where this leadership is less clear. Second, the determination
of the time window and the weight function is also important for its behavior;
they should be determined for each case using proper testing, which is not always
possible as the event might be unique. In any case, similar events might be useful
to tune the algorithm.

Future work will look at how to dynamically adapt the list of authorities, as
not all the users driving the conversation might be included in the initial list;
in this way, it would be possible to add new members or replace the less active
ones after identifying the most influential users in a particular time window [23].
Another venue for further research is appropriate parameter setting in each
situation, as to be able to correctly set the time window, the weight function
and the number of hashtags to be followed is also critical for the method’s
generalization.
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