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ABSTRACT Research on electoral events in conjunction with social media provides opportunities to
describe an interesting phenomenon that can be analyzed using sentiment analysis techniques. The goal
of the study is to analyze the support of political parties during electoral periods from Twitter comments,
including 250 000 tweets regarding the Spanish general elections of 2015 and 2016, respectively. Text mining
and natural language processing techniques enable information analysis, and the methodology emphasizes
good practices for large-scale data collection retrieved from Twitter through a quantitative analysis of
text collection written in the Spanish language. After information extraction obtained in three Spanish
regions defined by geolocation, as well as feature selection based on keywords of the main four political
parties, we conducted an in-depth examination of Twitter users’ support during the course of the election.
By weighting the tendency of tweets, we were able to obtain a proposed indicator of support: the positiveness
ratio (PR). The results suggest that PR is a feasible barometer to demonstrate the measurable patterns of
support tendency regarding political parties and users’ behavioral activity to track their affinity on Twitter.
The findings indicate consistent support behavior by users toward traditional parties and optimistic users’
behavior regarding emerging political parties.

INDEX TERMS Geolocation, positiveness ratio, sentiment analysis, natural language processing, Spanish
general election, text mining, Twitter.

I. INTRODUCTION
In the last decade, social researchers have witnessed signifi-
cant political changes [1], [2]. Social media has transformed
communication in politics: candidates, political parties, and
society have created a major platform on which all users can
share their opinions and comments on political causes. With
the advent of Web 2.0, a plethora of discussions on online
network channels has provided researchers with a primary
source for analysis on the role of social media in politics.

Events such as elections generate a vast amount of data that
can be processed using sentiment analysis techniques, which
are also known as ‘‘opinion mining.’’ This can be defined
as the computational treatment of opinions, sentiments, and
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subjectivity in the text, and it has numerous applications in
political science [3], [4]. Through social media, researchers
can analyze trends, evaluate public opinion, gauge reactions
and appraise voters.

Based on this analysis, online forums offer valuable oppor-
tunities for political debate to occur because they transcend
geographical boundaries and provide easy access to low-cost
discussion platforms. Consequently, new media has become
increasingly important during election campaigns [5], [6].
Additionally, users tend to have a predisposition for shorter
text to demonstrate or relate their opinion, as opposed to
writing longer excerpts or documents [7], and this is one of
the main reasons to choose Twitter as a research platform.

Several studies have addressed the relationship between
politics and social media platforms [8]–[11] and seek to
describe this relationship through communication and a focus

VOLUME 7, 2019
2169-3536 
 2019 IEEE. Translations and content mining are permitted for academic research only.

Personal use is also permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

62545

https://orcid.org/0000-0003-3420-7352


J. N. Franco-Riquelme et al.: Indicator Proposal for Measuring Regional Political Support for the Electoral Process on Twitter

on the Twittersphere. This involves users of the social media
application Twitter being considered collectively as analysis
subjects.

A limited number of researchers have determined the
indicators of voters’ behavior regarding political parties—
for example, philias and phobias, and other emotions with
respect to voter preferences. A question emerges in this sit-
uation: Can the degree of support for political parties be
efficiently measured, for instance, during electoral periods?
To answer this question, we examined the work of previous
researchers who developed indicators that were implemented
for elections, such as the relative support (RS) parameter. This
indicator yielded evidence of a connection between Twitter
users’ activity and election outcomes [12], [13].

In this research, we undertook an in-depth examination of
Twitter users’ support by weighting the tendency of tweets
based on our proposed indicator: the positiveness ratio (PR).
Using geolocation, we were able to obtain a basis upon which
to compare different sentiments by region in Spain; in this
case, it was crucial to compare the dissimilarities of political
region preferences. Similarly, we considered it essential to
have an estimate of Twitter users’ preferences based on pos-
itive sentiments (philia) about political parties in the context
of an election process.

The aim of this paper was to develop an indicator based
on positive mentions on Twitter (per period and region) to
address the correspondence of support with a view to describ-
ing whether variations exist based on election outcomes,
using text mining and geolocation. In addition, we contribute
to the best practices in natural language processing tech-
niques of the Spanish language.

Our study focused on the Spanish general elections
of 2015 and 2016 and analyzed user activity during this
period. We had the unique opportunity to study the same
election (because a re-election of the first election was
required) on two different dates: December 20, 2015, and
June 26, 2016. Analyzing these events enabled us to obtain
remarkable insights by comparing our data results through
the aid of our proposed indicator.

There are reasons to justify the selection of Spain as a
case study for estimating the representation of data retrieved
from social media analysis within the political sciences field.
In fact, choosing Spain is based primarily on guidelines
regarding accessibility to traditional media and political party
presence in the media, in addition to the high penetration of
the Internet in the population. Moreover, according to previ-
ous studies [14], [15], the main political parties have received
more coverage than newer parties based on previous electoral
results. In addition, there is a lack of state regulations for
Twitter campaigning, and the emergence of Spanish popular
movements such as 15-M—the Indignados—and other new
political parties [16], which have strategically implemented
digital channels as a new way of spreading information,
represented an ideal open scenario for online social media
analysis.

Once we understood the current sentiment analysis,
we were able to observe that existing English literature
discussing such analysis is extensive and has been thor-
oughly discussed. We realized that the non-English-language
research (in this case, Spanish) in this field is quite scarce,
however, and does not provide the same quantity of available
information as English language literature. Consequently,
we emphasized new methods employed in Spanish-language
research in the natural language processing (NLP) field and
improved practices using text mining techniques. To facilitate
our analysis, we used LinguaKit [17], which is a multilingual
open-source toolkit that performs NLP tasks to accomplish
our sentiment analysis proficiently. Our research illustrated
the role of social media in politics and new ways to measure
events related to social media. We performed an enhanced
analysis based on Twitter data, which may be applicable to
other fields, such as marketing studies. Hence, trends related
to products and services, behavioral patterns regarding pub-
licity campaigns, and their effects on customers according to
the knowledge generated from the social platforms can be
measured.

The remainder of the study is organized as follows: the
background is described in Section II in two main topics,
social media and politics, and the studies related to Twitter,
that measure emotions in elections. In Section III, the data
preparation section describes our Twitter database retrieval,
our research approach to text mining and NLP, the tweet
geolocation, and the feature selection. Section IV comprises
the methodology for developing our indicator based on our
cleaned data collection. In Section V, we present the results
related to the Spanish general elections of 2015 and 2016.
The discussion of our results based on the indicator proposed
is analyzed in Section VI. Conclusions and future research
directions are summarized in Section VII.

II. BACKGROUND
A. SOCIAL MEDIA AND POLITICS
The interactions between politics and social media have
generated significant attention among researchers since their
joint activities emerged in the first decade of the XXI cen-
tury. These activities influence society and the population
of a country or region. For decades, politicians and political
parties have been accustomed to spreading their messages
via newspapers, radio, and television. In this sense, modern
online sociotechnological systems are catalyzing profound
changes in the manners in which we communicate [8], and
various social activities are now organized via social media
platforms.

This research is focused on Twitter, which is an extended
microblogging platform whose users share short messages
called ‘‘tweets,1’’ as well as links to other websites, videos,

1On September 26, 2017, Twitter increased the text limit of a tweet from
the original 140 characters to 280: http://www.telegraph.co.uk/technology/
2017/09/26/twitter-tests-doubling-length-tweets-280-characters/
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and pictures [18], [19] and generally express their likes
and dislikes. Moreover, users look for information, such as
breaking news, data about celebrities and influencers, and
comments on different topics, including politics, business,
and economics, which they also discuss. As previously men-
tioned, Twitter has been considered a valuable tool and an
important source for political analysis [20], providing a ‘‘con-
venient source of data on users’ opinions, interactions, and
reported behaviors’’ [21]. In fact, it has become an important
tool for political actors in political campaigns [22].

It is crucial to note the limitations of social media analysis,
which cannot replace traditional polls [23] because a rela-
tively nonrepresentative portion of the population uses this
new communication tool. Indeed, the difficulties related to
language interpretation—for instance, the pitfalls associated
with sarcasm and ambiguity, which are inherent in political
debates—must be considered.

Precedents in the literature have explained behavioral pat-
terns among Twitter users regarding elections in different
countries. During the British and Dutch general elections
in 2010 [24], Dutch politicians were more active than their
British counterparts. It was observed by Ahmed et al. [10]
that prior to the 2014 Indian elections, Twitter was used
primarily to push timely, on-demand information to followers
regarding campaign updates and political party promotions.

In the 2014 European Parliament (EP), the content of social
media communications [25] have been examined from the
perspective of the use and adoption of Twitter and based on
evaluations of the tone and variations of campaigns, using
text analysis tools such as linguistic inquiry and word count
(LIWC), to analyze the emotional tone and polarity of tweets.

1) THE OPPOSING APPROACHES ON
POLITICAL DATA ANALYSIS
There are two opinion trends on social media and political
data analysis, and they can be classified into two main cate-
gories with opposing approaches to this issue. The first com-
prises studies that claim to have predictive capabilities; it is
argued that social networks are even more accurate forecast-
ers of election outcomes than the traditional media [26]–[31].
The authors have achieved a certain degree of success
using different machine-learning and lexicon-based predic-
tion views on Twitter. They performed techniques such as
ordinary least squares regression (OLS) models, root mean
square error (RMSE) and correlation, the previously men-
tioned lexicon approach, and the rule-based sentiment analy-
sis, and polarity extraction.

Caldarelli et al. [13] also addressed this research propo-
sition, performing a multiscale analysis of the Twitter time
evolution regarding the 2013 Italian elections. They moni-
tored the behavior of Italian Twitter users, claiming that the
numerical indicator—the ratio support (RS) parameter— [12]
implemented in their data seemed rather accurate regarding
predicted votes. Nevertheless, they could find no conclusive
evidence of its predictive capability regarding the trends of
the final electoral results.

Furthermore, leading up to the 2015 general elections in
the United Kingdom (UK), Burnap et al. [32] studied Twitter
data in an effort to forecast the outcome of the election results;
they searched for users’ feelings and associated the polarity
scores of tweets regarding each political party’s supporters.
For this purpose, automated sentiment analysis was incor-
porated using software developed by Thelwall et al. [33],
who organized the text into scales of positive and negative
tweets regarding nine political parties in the UK. Their results
indicated that the Labor party gained the majority of seats,
which proved inaccurate regarding the final electoral out-
comes, although they correctly predicted the order of the top
three parties regarding vote share: Conservative, Labor and
UKIP.

In contrast, the authors who were critical of Twitter’s
predictive capabilities with regard to political data analysis
found no correlation between the analysis performed on this
social media platform and the election outcomes, nor did
they determine it to be an accurate predictor of electoral
success [34]–[38]; rather, they argued that this was a sim-
plistic analysis. Therefore, critics argue that it is imperative
for social network users’ representativeness to be consid-
ered when considering the age groups of the majority of
these users, most of whom are between 16 and 29 years
old [21], [39], [40].

Correspondingly, in a study performed in the context
of the 2012 United States Republican presidential primary
elections—in which an approach based on lexicon, using the
lexicoder sentiment dictionary (LSD), was adopted—it was
acknowledged that ‘‘tweets are reactive rather than predic-
tive’’ in regard to the political context [41]. After conduct-
ing an exhaustive literature review, Gayo-Avello et al. [39]
affirmed that electoral predictions based on Twitter data
cannot replace traditional polls. They enumerated the
main weaknesses of research predictions based on Twit-
ter and made recommendations for further research in this
area.

Moreover, a study carried out by Jungherr et al. [38]
caused controversy due to its strong refutation of the possi-
bility that Twitter could be used for predicting the results of
the 2009 German elections based on its users’ activities. The
authors stated that ‘‘the number of party mentions in the Twit-
tersphere is thus not a valid indicator of offline political senti-
ment or even of future election outcomes’’; this statement was
in response to the study conducted by Tumasjan et al. [26],
in which their predictions approachwas assumed to be correct
regarding the 2009 elections. Responding to the question
posed by Jungherr et al., they restated their position, arguing
that their conclusions were ‘‘well supported by both data and
analysis’’ [42].

The prediction approach based on Twitter data might be
better addressed with the help of polling information, such
as that obtained from traditionally conducted public opinion
surveys, to improve forecasts [27] if there is a significant
statistical relationship between social networks and voting
results.
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The challenges that arose were due to the difficulty of con-
ducting analysis in the Spanish language, as well as the clean-
ing and processing steps. During the analysis, retweets were
not excluded, nor were tweets mentioning multiple parties,
among other factors. Altogether, this experience expressed
the importance of carefully processing data while implement-
ing the methodology selected for achieving the study goals.

In brief, considering both sides, efforts should be made
to seek a third method, to establish trends and obtain use-
ful information using appropriate techniques to improve the
measurement methods used on social media regarding the
political context. According to Gayo-Avello [36], not every-
one uses Twitter, and only a minority of users tweet about
politics. In addition, researchers in social media analysis must
be aware of fake news and data and should avoid simplistic
analyses of opinion mining.

2) THE SPANISH POLITICAL SCENARIO
AND TWITTER ANALYSIS
Since the emergence of online political activism represented
by actions such as 15-M and organizations such as Podemos
in Spain, major innovations have been introduced to the field
of political communications, which has a preponderant role
in a modern democracy [16]. Hence, it is worth mentioning
some research on the interrelationship between social and
political media in electoral periods in the context of Spain.

Borondo et al. [12] suggested that there was ‘‘a strong
correlation between the activity taking place in Twitter
and election results’’ regarding the 2011 Spanish elections.
Developing this issue, they proposed an indicator—the RS
parameter—according to the cumulative volume of mentions
between two parties; the resulting quantity might be a fore-
caster of the success of the most frequently mentioned party.
They stated, however, that the approach could not ensure
the predictability of a political campaign outcome based on
Twitter.

In particular, voting behavior has been analyzed using
mathematical modeling with sociological, psychological,
demographic, and economic variables based on a finite
time-discrete compartmental dynamic [43] over the course
of the Spanish election process between 2011 and 2015.
It predicted the performance of the election winner, the PP,
as well as the entrance of the new political players,
Ciudadanos and Podemos, which resulted in a four-party
political scenario [44].

Singh et al. [45] used a sentiment analysis approach
focused on the 2016 Spanish election with the help of the
open-source web framework ASP.Net. They calculated the
positive sentiment score of each party to predict and compare
the electoral outcomes. The lack of accuracy was evident,
however, as the results of only two political parties were
predicted.

In addition, through a sample of 9,042 tweets of quanti-
tative content analysis, and digging into the communication
strategies of political actors, Lopez-Meri et al. [46] found
hybridization between new and old media usage of Twitter

by politicians, focusing them on innovative digital platforms
for establishing links with the mainstreammedia. In the same
way, Alonso-Muñoz and Casero-Ripollés [22] contributed to
understanding the political interactions of the 2016 election
in terms of the self-communication of parties and leaders,
and the impact of citizens’ activities on Twitter. They noticed
different forms of political programs, a low degree of the-
matic fragmentation, and a degree of dissonance in the agenda
between politicians and the interest of Twitter users.

B. MEASURING EMOTIONS ON TWITTER
Research carried out in the 1940s and 1950s by Alan
Turing, among others, established a new field in the
sciences—artificial intelligence (AI)—and advances in com-
puter calculation [47]. Consequently, this research was
acknowledged for scholars in this area as fundamental to the
development of disciplines such as the one that is relevant to
this investigation—NLP—which is also called computational
linguistics [48]. In fact, NLP is recognized as a subfield of
computer science that comprises learning, understanding, and
human language production content, and it has helped with
the scrutiny of expansive collections of texts from numerous
sources.

Among the aspirational goals of research in NLP is to
examine and reveal the content of a vast amount of data to
find underlying information in order to understand trends
and sentiments of people, in this case, Twitter users. One
should consider the fact that NLP is not exempt from dif-
ficulties. Seeking accuracy and efficient measurements is
essential to resolve problems related to social media text
mining. A great deal of literature exists on this topic [49],
since the ability to rely on measuring techniques is critical.
Moreover, anNLP systemmust be accurate to avoid problems
regarding the disambiguation of words, sentences, syntactic
structures, and semantic scope [50]. Sarcasm can also be
a pitfall in analysis that is used specifically to correctly
categorize opinions about products, services, and political
candidates, among other areas [51]. Considerable progress in
computational linguistics has been made in the last decade
due to increased computing power, however, which allows
highly mathematically complex models and available large
text corpora to be processed.

The possibility of exploring and tracking the preferences
of people on Twitter was an opportunity for us to use this
information in a reliable manner. Hence, there are research
approaches that are based on different methods of revealing
nonexplicit information about predilections in the field of
politics. Consequently, Ceron et al. [52] endeavored to mea-
sure political preferences in Italy and France using supervised
sentiment analysis on blogs and social networks, according
to the method outlined by Hopkins and King [53], which
provided useful information for enriching traditional offline
polls.

Analyzing dynamics regarding Twitter message volume in
relation to political parties [9], a statistical pattern was iden-
tified using geometric Brownian motion. Hence, a positive
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autocorrelation over a short time (i.e., daily tweet volume),
and a broad distribution such as log-normal in political parties
was found. In addition, the optimal averaging tendency of
tweet volume was identified, suggesting a limited capacity of
prediction, despite the strong fluctuation of Twitter activity.

This microblogging platform was also used to classify
supporters and antagonists of organizations, such as the
Islamic State of Iraq and Syria (ISIS). This was viewed as
research into online polarization [54] and as a way to measure
engagement patterns to illustrate underlying phenomena in
organizations.

It is worth mentioning the FreeLing tool [55], which is
an open-source language NLP implementation that is used
extensively in some languages (including English, Spanish,
Portuguese, and Italian) to conduct text analysis. It has been
implemented in several studies ........([56]–[58] in Spanish
language. This tool has been used to perform NLP to support
primary analytical tasks and data processing, with certain
success. For the objectives of this analysis, however, we did
not utilize the FreeLing tool to obtain Twitter commentary
polarities.

We found that once examined, of all the resources that were
necessary for working with our Spanish language database
and were considered in the implementation of this research,
LinguaKit2 was the most useful computational tool. The
system is programmed in Perl, which was developed in a
Spanish University [59] and is defined as a suite for analysis,
extraction, annotation, and grammatical correction. It also
enables the performance of different tasks, including opinion
mining, which provides language detection in four languages:
Spanish, Galician, Portuguese, and English [17]. For the first
three mentioned languages, the suitability of this software
stands out for the inclusion of a verbal conjugator as an
independent module, significantly improving the analysis in
these languages.

To summarize, LinguaKit proved to be beneficial not only
as an NLP application used in the early stage of the text
process but also for obtaining reliable results in the Spanish
language using sentiment analysis [60]. The accurate detec-
tion of entities (i.e., organizations, names, and references)
and a practical method for finding text polarities are among
the most important means to achieve the proposed objectives
using the NLP process, which will be described in the follow-
ing section.

III. DATA PREPARATION
From our point of view, it is necessary to measure the degrees
of positiveness on Twitter to compare these with the results
of the elections.We conducted our quantitative analysis in the
context of the 2015 and 2016 Spanish general elections, using
the Twitter database, and set the geolocation to obtain tweets
according to region.

We adopted text mining andNLP techniques to retrieve and
preprocess the data, and we carried out sentiment analysis

2See https://linguakit.com/en/about

with the help of the LinguaKit computational tool to per-
form feature selection and polarity of the tweets. In addition,
we developed an indicator to compare the election outcomes
as a proxy of the tendency in the electoral events. Fig. 1 dis-
plays the framework developed in this study.

A. RETRIEVAL PHASE
For our data collection, we focused on tweets posted
about the Spanish general elections held on December 20,
2015 and June 26, 2016. The dataset is provided via Zen-
odo (https://zenodo.org/record/2662543#.XNAoqugzZD9)
and can be processed using R and the libraries provided in
the scripts.

For this research, it was fundamental to identify the evi-
dence in a vast amount of data concerning the elections.
In the case of social media platforms, hashtags (#) provided
the keywords for classifying the messages related to events
and topics. Accordingly, we followed the method by which
the media and its users broadly identified the conversation
regarding these elections—that is, the hashtags #20D and
#26J, taken together with the keywords assigned to each
event (see Fig. 2). According to the trending topic in Spain,
much of the conversation about the election revolved around
these hashtags.

Data were collected from a sample of 250,000 public
tweets in accordance with Twitter policy (section F.2.b.i),
as the motivation is research with noncommercial inter-
est, in accordance with its licensing.3 The process of
how the database was selected and recorded is depicted
in Fig. 3.

We retrieved posts by searching on the Twitter page and
saving the searches using the Python computational language.
The library Twitter Scraper4 was used to extract the messages
in JSON5-based (raw) format and based upon the command
lines containing references as the mentioned hashtags and the
election dates, we built our tweets database.

After the data retrieval stage, we built our Twitter database
centering on eight attributes: tweet creation date, the text
of the tweets, favorites (likes on other social networks),
retweets (which is the same as reposted tweets), the path
of each tweet (i.e., the URL address), tweet ID (which is
a unique number used to identify a tweet), user ID (in this
case, the unique number used for user identification), and
username.

All attributes gave us precise information about each tweet,
addressing the base for the analysis. The approach that
we used to undertake this study, however, focused on five
attributes: 1) tweet creation date, which we used to divide our
database into four separate periods; 2) text, which provides
the primary base for dealing with polarity and entity recogni-
tion (e.g., PSOE, Rivera, Podemos); 3) favorites and retweets,
which provide the method for creating the weighting to be

3See https://developer.twitter.com/en/developer-terms/policy.html
4See https://github.com/taspinar/twitterscraper/
5JavaScript Object Notation (JSON)
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FIGURE 1. The framework of the approach proposed in this research.

FIGURE 2. Trending Twitter topics in Spain during the months of
December 2015 and June 2016.

used in our indicator proposed in this work; and 4) username,
which is crucial for obtaining the geolocations of the Twitter
users.

FIGURE 3. Tweet data acquisition and processing depiction.

B. THE PREPROCESSING PHASE
To perform text mining, we first chose tweet dates to define
the periods under study. Second, we focused on the text,
extracting all the information for our analysis based on
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the tweets. Third, tweet metadata, such as favorites and
retweets, have been used to develop our weighting indicator,
which will be examined in detail later.

We divided the dataset into two stages based on two elec-
toral events: the first election date—December 20, 2015—
and the second election date—June 26, 2016. Regarding
the first electoral event, we covered the pre-electoral period
between November 20 and December 19, 2015. This period
was divided into two sections, which were 30 and 12 days
before election day—that is, the day of the general
elections on December 20, 2015—and the postelectoral
period between the day after elections (December 21) and
December 27, 2015.

Likewise, for the second electoral event, we established
the pre-electoral period as June 1 to June 25, 2016, which
we divided into two sections: 30 days and 12 days before
election day—that is, the day of the repeated general elec-
tions (June 26, 2016)—and the post electoral period between
June 27 and July 3, 2016.

Once we defined the periods, we carried out text cleaning
from the database of tweets to establish the corpora, which
can be defined as a collection of texts that is representative
of a particular natural language or language variety [61]. The
set of tweets plays an essential role in providing the material
basis and a test bed for building NLP systems.

We structured the preprocessing steps based on the work
of Dubiau and Ale [62] and Jurafsky and Martin [49], where
we performed information retrieval such as regular expres-
sions (RE) to identify patterns, as well as normalization,
tokenization, filtering, and other NLP tasks.

C. GEOLOCATION
Considering the aim of obtaining tweets by region, an essen-
tial task was to obtain the geolocation of Twitter users. One
of our aims in this study is to achieve certain levels of granu-
larity regarding each municipality, province and autonomous
community in Spain. This perspective enriched the informa-
tion, giving us the view of where it was generated and thus
providing an automated analytical view of where the event
of interest occurred. Most of the tweets, however, did not
indicate their location. Less than 1% of tweets are geolocated;
therefore, it is difficult to obtain information from users’
profiles [63].

Given this problem, we developed a technique for deter-
mining the user’s location, and in performing this task, one
of the variables helped us to identify the location of the user:
the user ID. We used the R library twitteR6 to process data
extraction through the Twitter API, merging the extracted
tweets with the data retrieved from each user profile. The
location of the user provides us with the geolocation through
the information obtained from his or her profile.

The database was reduced because few users include their
location in the personal information section of their profiles.
Nevertheless, we obtained 40% of the geolocated tweets

6See https://cran.r-project.org/web/packages/twitteR/twitteR.pdf

from the entire dataset. Having extracted the users with loca-
tions in their profiles and compared them, we merged the
tweets and the locations. We obtained the locations from
the National Institute of Statistics of Spain, which provided
precise and reliable information regarding political divisions
based on more than 8,000 municipalities, 50 provinces, and
17 autonomous communities.

In this work, we are based on Spain’s popula-
tion representativeness, which are the three autonomous
communities with the largest population and therefore,
the greatest tweet generators (as can be seen in the web
page: https://es.statista.com/estadisticas/472413/poblacion-
de-espana-por-comunidad-autonoma/we). For this reason,
we focused on the three autonomous Spanish communities—
Andalusia, Catalonia, and Madrid. Thus, based on this
premise, our database corresponds to the population of the
selected autonomous communities (henceforward CC.AA),
from which the majority of the tweets were retrieved.

D. FEATURE SELECTION
The process of taking unstructured information embedded
in a collection of text after preprocessing and converting
it into structured data is called information extraction (IE).
Furthermore, feature selection, which entails classifying a
collection of documents, is considered a critical stage of our
analysis [49]. In our case, we analyzed a collection of tweets,
having built our database on two key terms associated with
the elections—#20D and #26J. Therefore, period definition,
text cleaning, geolocation, and tweet classification were the
beginning of our analytical construction.

During this phase, with the help of LinguaKit, we under-
took named entity recognition (NER), which is also known as
entity chunking or entity extraction. This was applied based
on a set of rules for proper names used for entity identifica-
tion, and elements were labeled and placed into categories
such as persons, organizations, and locations [64], [65]. As a
result, we classified our data based on keywords related to
the four political parties on which we focused, as shown
in Table 1.

It is worth mentioning that there are names referring to
each political party that was researched for this study; conse-
quently, the parties themselves might be referenced by nam-
ing their leaders: ‘‘Rajoy,’’ ‘‘Soraya,’’ ‘‘Sanchez,’’ ‘‘Iglesias,’’
and ‘‘Rivera’’; regionalisms: ‘‘Populars’’ or ‘‘Ciutadans’’;
places: ‘‘Genova’’; and references, such as ‘‘Naranja.’’

IV. INDICATOR APPROACH
This study established a criterion that helps to explain the
evolution of the political parties involved in this electoral
process. To analyze the relationship between the results of
two electoral events, we compared the official results with
those obtained from Twitter. We aim to identify the sentiment
behind the tweets located in different regions of Spain.

Among the analyzed parties we find two of long political
tradition in Spain (Popular Party, or PP, and the Socialist
Workers’ Party, or PSOE) against two other emerging parties
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TABLE 1. Implementation of named entity recognition for a dataset of
keywords related to the four political parties selected for this research.

of recent creation (Citizens, or CS, andWe Can, or Podemos)
participating for the first time in elections at the national
level. Subsequently, NER was defined based on the number
of tweets mentioning these political parties, leaders, and the
number of references made about them (see Table 1).

Taking the dataset into consideration, we accomplished
polarity recognition using LinguaKit to establish the three
categories for this phase: positive, neutral, and negative
tweets. For instance, we recognized each tweet based on
polarity, and a numerical value was assigned to each tweet
as a percentage indicator of its positive (1), negative (-1), or
neutral value (0).

Thereafter, we identified and linked entities and polarities
before proceeding to sum the occurrences of positive and
negative tweets in the same way that each tweet was weighted
using Twitter metadata, such as favorites and retweets. Alto-
gether, our collected data comprised the summation of posi-
tive and negative tweets, as well as their weighting, divided
by CC.AA and time periods. In this study, we focused on col-
lecting only the positive results of occurrences and weighting
its values.

A. THE POSITIVENESS RATIO (PR) PROPOSAL
The ratio is a mathematical expression that is used to compare
quantities; it indicates the relationship between two numbers,
as well as how many times the first number contains the
second, and the result is expressed in the form of a decimal
fraction. Using this definition, previous researchers have
sought to determine the relationship between Twitter users’
activity and election outcomes [12], [13], [66]. Borondo et al.

developed an indicator—the relative support (RS) parameter—
for studying political sentiment, and it was ‘‘used to indicate
and quantify which candidate and in which proportion is
getting more benefits from events occurring offline.’’ This
approach was applied to the 2011 Spanish general elections
and, likewise, the 2013 Italian elections, for which evidence
of correlation was found between Twitter users’ activity and
electoral outcomes.

This measure consists of the ratio between the aggre-
gate allusions to the two political parties as an indicator of
their activities, performed within the RS parameter, which is
defined as RS A/B, according to the following expression:

RS A/B = mA/mB (1)

where mA and mB are the slopes for the accumulated men-
tions of the A and B political parties, obtaining a decimal
number that is considered the ratio of the A party.

It is important to note, however, that this indicator might
have some limitations, considering the tools that we utilized,
along with the literature review and the methods presented in
this section. Hence, omitting the fact that there are positive
and negative mentions in tweets, differentiating users who
were supporters from those whowere not was extremely chal-
lenging. The metadata weighting was not taken into account,
nor was the possibility of determining users’ geolocations to
establish their behaviors by region.

Inspired by the work of Borondo et al. [12], [66] and
Caldarelli et al. [13], we established our primary goal, which
was to find an effective way to estimate the support for
political parties. Thus, we focused on the positive tweets and
their weighting. In this sense, we proposed a new indicator
to measure the support for each political party based on the
weighting of the positive amounts divided by the sum of
the positive accumulation of tweets (mPos) per autonomous
community as the denominator (tot. CC.AA). By doing so,
we achieved an accurate method to measure a parameter
focusing on positiveness (i.e., estimated support) on Twitter.
Thus, we introduced our positiveness ratio (PR) approach,
which is expressed as follows:

PR = mPos/tot. CC.AA (2)

given as a decimal number that represents the support of a
political party. In light of the preceding, which is an indicator
of the tendency of an electoral event performed, we compared
the support for a selected political party during the elections.

Our point of view in this analysis is not to conduct a
predictability approach, but rather to demonstrate an under-
standing of how Twitter users behave in an electoral context
by identifying patterns regarding political parties in certain
periods and regions.

In addition to the use of the indicator proposed here,
to measure the degree of support in the context of political
parties on Twitter, we examined the distribution of the data
flow of the combined electoral events. Similarly, measures of
central tendency help us to identify the users’ data behavior
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by estimating positivity using the PR indicator but sum-
marized by time in this instance, the four periods, which
were divided into the elections of December 20, 2015 and
June 26, 2016. In this sense, identifying the sum defined in a
certain period could give us some evidence about the overall
performance concerning the positivity track. Thus, this rep-
resented most of the data coming from the Twitter dataset
that defined users’ average behavior and their interquartile
range.

V. RESULTS
In this section, we present our findings based on our analysis
of Twitter and the results of the 2015 and 2016 Spanish gen-
eral elections, as well as the implementation of the proposed
indicator: the positiveness ratio (PR).

Our analysis shows the sequencing of each event divided
into four periods: ‘‘30 days before the elections,’’ ‘‘12 days
before the elections,’’ ‘‘election day,’’ and ‘‘8 days after
the elections.’’ Therefore, we selected three autonomous
communities—Andalusia, Catalonia, and Madrid—and the
four main national political parties—‘‘PP,’’ ‘‘PSOE,’’
‘‘Podemos, ’’ and ‘‘CS’’—for examination in this study.

We explain our approach using scatter plot visualizations
for the sake of clarity and to enable a better understanding
of the electoral events. The figures illustrate the results of
our indicator approach comparedwith the electoral outcomes,
that track the support for each political party.

In brief, the advantages of this research include measuring
our findings by contrasting the election outcomes against
the data collected from Twitter. Consequently, because the
official data were expressed as decimals (see Table 2 and
Table 3) after the elections occurred, we believe that the
results can be compared by normalizing the scales from these
sources. For this reason, we divided our results into two dates
according to the Spanish electoral calendar.

TABLE 2. The December 20, 2015 (20D) election results of the four
analyzed political parties, shared by the party’s percentage
expressed in decimals (Source: Ministry of the Interior, Spain, 2015).

TABLE 3. The June 26, 2016 (26J) election results of the four analyzed
political parties, shared by the party’s percentage expressed in decimals
(Source: Ministry of the Interior, Spain, 2016).

A. ELECTORAL RESULTS PER REGION
Through the source provided by the Ministry of the Interior
of Spain, the outcomes per party in decimals divided by
regions were established, as shown in Table 2 and Table 3.
Our quantitative approach involved examining the results of
the December 20, 2015 and June 26, 2016 elections according
to region. Therefore, we selected three Spanish regions—
Andalusia, Catalonia, andMadrid—and related these election
outcomes, expressed as decimals, to standardize the data
based on the indicator that we proposed in this study.

In the case of the December 20, 2015 (20D) election,
the results are detailed by autonomous communities and the
three national level political parties analyzed in this study,
as shown in Table 2.

Similarly, we focused on the June 26, 2016 (26J) election,
and the results of this event are shown in Table 3.

These data provided an analytical basis upon which to
compare our proposed indicator, contrasting this with the
Twitter outcomes and the results of the electoral events.

Table 3 shows that in Catalonia, a 35% participation share
was not captured. This effect is because the prevalence of
the regional parties is very high compared to the other ana-
lyzed Spanish regions, and this study is focused on the major
national parties only.

It was decided to retain the data without applying the
mathematical transformation (i.e., a normalization task that
can be compared with the data coming from the other two
regions), so that they can keep the effect in their original
context. It is recognized, however, that such a decision will
make an impact in the indicator values of the Catalonia results
(see Fig. 4 and Fig. 5).

B. THE DECEMBER 20, 2015 ELECTION
For the December 20, 2015 election, the outcomes and the
support were analyzed based on the four periods represented
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FIGURE 4. Visualization of the December 20, 2015 (20D) election results and the positiveness ratio (PR) in the four periods analyzed.

by scatter plots, as depicted in Fig. 4 (A, B, C, D). First,
Fig. 4 (A) displays the analysis of ‘‘30 days before the
elections,’’ beginning with the PP, which had the highest
performance in Madrid in correspondence with the PR; in
Andalusia had a medium PR but high results; and the low-
est support in Catalonia, in accordance with low electoral
outcomes. Regarding PSOE, the highest results and PR cor-
respond to Andalusia; thus, in Madrid, there were average
results and PR, and these decreased in Catalonia, which had
the lowest electoral outcomes and support among the three
regions. Regarding the emerging parties, Podemos yielded
its highest PR in Catalonia—corresponding with its electoral
result— followed by Madrid (with average support), and the
lowest support and results were evident in Andalusia. CS had
low electoral outcomes in Catalonia, but high PR. Andalusia
had low electoral results and medium support reflected in
tweets, but there were better vote results in Madrid, contrast-
ing with the lower PR of their supporters received across the
regions.

Second, concerning Fig. 4 (B), for the ‘‘12 days before the
elections,’’ minor changes in this period were reported with
respect to the previous interval. Starting this analysis with PP,

its highest electoral performance was in Madrid, reflecting
the same level of support. In Andalusia, there were high
electoral results in combination with the support on Twitter,
whereas in Catalonia, there were both low electoral outcomes
and low PR level. In the case of PSOE and the behavior of
users regarding their support, it reached a peak in Andalusia,
but it had a medium vote percentage and PR in Madrid and
had the lowest performance in Catalonia. At this point, PP and
PSOE displayed similar behavior, both of which were also
shown in the previous period. Podemos achieved the highest
PR in Catalonia in the same way of high results; however,
it had low support in Madrid and Andalusia—having average
results. CS, despite the low results in Catalonia, retained
high support. Its PR dropped in Andalusia, but in Madrid,
it increased its PR.

Third, in Fig. 4 (C), more changes in the behavior of
Twitter users regarding the ‘‘December 20, 2015’’ election,
became noticeable. PP retained its high PR level and vot-
ing outcomes in Madrid, as in Andalusia, and dropped in
Catalonia corresponding with its low results. PSOE showed
low support, considering the high electoral outcomes in
Andalusia. In Madrid and Catalonia, there was also low PR
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FIGURE 5. Visualization of the June 26, 2016 (26J) election results and the positiveness ratio (PR) in the four periods analyzed.

concerning electoral results in both regions. For Podemos,
high support was observed, demonstrating its correspondence
with the electoral outcomes in Catalonia and the low sup-
port in Madrid and Andalusia. Differing from the previous
periods, CS yielded its support in the same way as its low
outcomes in Catalonia. Additionally, its PR decreased in
Madrid and Andalusia.

Finally, as Fig. 4 (D) shows, in the period ‘‘8 days after
the elections,’’ changes in the behavior of Twitter users
became evident. Regarding PP, support in Madrid surpris-
ingly decreased, as in Andalusia, while it reached a consider-
ably high support level in Catalonia, contrasting with the low
outcomes. PSOE reached a high PR in Andalusia but main-
tained low levels of PR inMadrid and Catalonia as depicted in
the previous intervals. After having high support in the previ-
ous stages, Podemos’ PR decreased in Catalonia, maintaining
low support levels in Madrid and Andalusia. In this period,
CS substantially increased its support in Madrid (in accor-
dance with its best performance in this region). In Catalonia
and Andalusia, as on election day, the low PR continued with
its electoral outcomes.

C. THE JUNE 26, 2016 ELECTION
In the election held on June 26, 2016, we followed the same
outline performed for the previous election, as shown in
Fig. 5 (A, B, C, D). First, in Fig. 5 (A), related to the ‘‘30 days
before elections,’’ PP support in Madrid corresponded to its
electoral results, while in Andalusia, there was high PR and
good results. In Catalonia, a coherent low level of support
and results were observed. PSOE reached its highest PR
in Andalusia, corresponding with the electoral outcomes.
InMadrid and Catalonia, however, the support on Twitter was
very low, in comparison to its electoral performance, with
medium and low vote percentages, respectively. Podemos
displayed a high PR in Madrid and Catalonia in accordance
with its high vote results but had low support in Andalusia,
which did not coincide with the electoral outcomes. Rather,
CS experienced a peak in its PR in Catalonia with its low
electoral results and similarly low PR and results in Madrid
and Andalusia.

Second, in Fig. 5 (B), during the ‘‘12 days before the
elections,’’ high support for PP in Andalusia and Madrid is
apparent, according to the electoral outcomes. In Catalonia,

VOLUME 7, 2019 62555



J. N. Franco-Riquelme et al.: Indicator Proposal for Measuring Regional Political Support for the Electoral Process on Twitter

despite its low voting percentage, a considerably high PR
was observed during this period. PSOE support in Andalusia
slightly decreased, but the PR in Madrid soared according to
its preceding period, and in Catalonia, the PR and electoral
outcomes remained relatively low. Regarding the new parties,
Podemos maintained relatively high support in both Madrid
and Catalonia, corresponding with the results of the elections,
and in Andalusia, it increased its PR compared with the
previous period. CS retained its peak of support in Catalonia,
in opposition to its low performance in terms of electoral
outcomes, which was the same as in Madrid, where a low PR
was maintained, while support in Andalusia had a medium
increment.

Third, in Fig. 5 (C), on the ‘‘June 26, 2016’’ election,
PP had high support was observed in all regions, which was
consistent with its positive electoral outcomes (excepting
Catalonia). In the case of PSOE, supporters’ behavior on
Twitter was consistent: its PRwas low, especially in Catalonia
and Madrid, considering the average electoral outcomes, but
its PR was surprisingly low in Andalusia considering its
high voting performance and the performance shown in the
previous periods. Podemos ostensibly decreased its support in
Catalonia, considering the previous time intervals compared
with its results. In Madrid, there was a regressive trend of its
PR, showing lower performance on the election day. Andalu-
sia displayed a similar trend regarding average support and
electoral outcomes. Despite CS having high PR in Catalonia
during the periods before the elections, on the election day,
however, this fell dramatically, in line with its low electoral
outcomes, and similarly, decreased its support in Andalusia.
Except for Madrid, there was continuous low support and
electoral outcomes in the previous periods.

Finally, in Fig. 5 (D), which displays the period ‘‘8 days
after the elections,’’ a constant high level of support for PP
can be observed in all regions, continuing the trend of all
periods before. PSOE maintained a low PR equal to that of
election day in all regions, especially in Catalonia, where
its low support was noticed during all periods. Similar to
election day, Podemos retained the low support trend in
Madrid and Catalonia (where it reached its best result), and
even decreasing it in Andalusia. Despite having high support
during the previous campaign but poor electoral results, espe-
cially in Catalonia, the support for CS dramatically decreased
on election and the days after, continuing a regressive trend,
as seen in the low support and electoral voting results in
Madrid and Andalusia.

D. SUPPORT FLOW DURING THE ELECTIONS
We will now explore our data distribution, based on the
positive results of accumulated values that converge on the
indicator proposal. Without party differentiation, we estimate
the levels of measures of central tendency delineated into the
four periods established in the 2015 and 2016 Spanish elec-
tions. Therefore, identifying the trends during these events
helps us to distinguish between users’ activities to confirm
whether there have been changes in each event or to make

comparisons, considering representativeness in the set of data
collected from Twitter.

FIGURE 6. Support flow during the 2015 Spanish general election (20D)
divided into four periods.

Fig. 6 illustrates the support flow of the 2015 election
through measures of central tendency with the help of our
indicator, which was used to evaluate all parties divided into
four periods. Changes were found in each period, starting
with the ‘‘30 days before,’’ as seen in the high median of its
PR. Next, the decreasing support during the ‘‘12 days before’’
period reached a medium level of near 50% of the median
on election day (20D). In contrast, the median of the support
progressed, expanding the area of positive values, and finally,
the period ‘‘after 20D’’ witnessed a small upward median
and a dispersion of the support range, where the majority of
positive comments are in the Q1 area.

FIGURE 7. Support flow during the 2016 Spanish general election (26J)
divided into four periods.

Fig. 7 presents some differences regarding the flow of
the 2016 election using the same approach for the mea-
sures of central tendency and the indicator results, whereby
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the dispersion of the positivity is lower compared with the
2015 election in the ‘‘30 days before’’ period. Very similar
behavior is also shown concerning the median, with a high
PR. Then, the ‘‘12 days before’’ period displays a downward
trend regarding positivity, which is similar behavior to that
seen during the previous election event; however, it describes
higher occurrences regarding the median and the Q3. In this
case, on election day (26J)—similar to the context of the pre-
vious elections but less dispersed with regard to the median—
the higher appearances are located in the Q1 zone. Finally,
in the ‘‘after 26J’’ period, differently from the 2015 election,
it was noticed that the median dropped compared to the first
election period, with a regressive trend of positivity in the
Q1 area.

VI. DISCUSSION
Measuring preferences is always a concern with events such
as elections, and for this reason, we developed a feasible set
of techniques for this task. According to previous recom-
mendations [39], [67], we emphasize the good practices of
handling data retrieved from social media platforms. Ulti-
mately, text mining, NLP, and the LinguaKit computational
tool were chosen as adequate for addressing this problem,
which involved a careful selection of methods. Thus, unlike
previous studies [12], [13], in which measures of political
events have been characterized based on cumulativementions
regarding two political parties, we separated tweets into three
categories: positive, neutral, and negative. Our approach was
to focus on users’ support based on the positive posts.

In this study, we highlight the behavioral trend evolution on
Twitter and elections with a view to proposing new alterna-
tives to measure political events such as the electoral process.
We confirmed evidence of correspondence after the compar-
ison of our proposed indicator and the election outcomes,
finding a more coherent behavior of supporters in tradi-
tional parties, rather than the emerging parties. Consequently,
preferences emerged regarding what was expected based on
election outcomes. Optimistic users’ behavior regarding the
emerging political parties can also be observed, especially
during the periods before either election day. Nonetheless,
considering the fluctuation of users’ behavior situations, con-
tradictory results have also been reported.

In the 2015 election (see Fig. 4 [A, B, C, D]), corre-
spondence between the parties’ behavior can be seen dur-
ing the period before and on election day. For instance,
the high support for the PP and PSOE parties was reported
in the regions in which they have more voters: Madrid and
Andalusia, respectively. Surprisingly, the PP showed high
support in Catalonia in contrast to the low percentage of
votes gained after election day. Conversely, after election day,
the support for PP decreased in Madrid and Andalusia, but
PSOE support remained high in the last region. It is worth
observing that Andalusia andMadrid—as opposed to Catalo-
nia, having regional majority parties’ votes—are considered
regions where traditional parties such as the PSOE and PP,
respectively, predominate [68].

Different behavior concerning emerging parties was
reported, however, and their trends fluctuated depending on
the region. Podemos retained its high support levels in Cat-
alonia (in accordance with its electoral outcomes), but that
support dropped after election day. Its PR stayed relatively
low in the other regions. In the case of CS, after showing high
support before the election in Catalonia, support dramatically
fell on election day and in the succeeding days, in accordance
with its low electoral performance. In Madrid and Andalusia,
support remained relatively low during all periods, but unex-
pectedly increased greatly after the election in Madrid.

Concerning the 2016 election (see Fig. 5 [A, B, C, D]),
high support can be seen in the case of PP, which maintained
high PR during all periods in accordance with their good
electoral results (excepting Catalonia). The support of PSOE
was constantly high, particularly in Andalusia, before elec-
tion day; however, it decreased, especially on election day and
thereafter, despite the good electoral outcomes in this region.

Regarding the emerging parties—Podemos and CS—
support reached high levels for the former in Madrid and
Catalonia, in the previous periods before the election day; in
contrast, on the ensuing days, support evidently decreased.
The latter party, excepting Catalonia, had shown a low level
of support, suggesting that having experienced poor results
in the 2015 elections, its followers might have demonstrated
a lack of support during the 2016 election. In sum, in the
2016 election, the support activities in most of the regions
and parties—excluding the winning party, PP—decreased,
thereby suggesting that the supporters stopped their activity
on social networks after the electoral date.

It can be demonstrated that due to their structure, tradi-
tional parties supporters’ are more active with their behavior,
and it can be more prevalent, as shown in Fig. 4 (A, B, C, D)
and Fig. 5 (A, B, C, D), as opposed to less prevalent within
emerging parties. Although a high degree of fluctuation
among Twitter users in the emerging parties was noticed,
particularly in the case of Podemos, a mixed variation along
periods and regions was displayed. In addition, we com-
pared these traditional parties with their supporters—in the
influenced regions—who demonstrated greater discipline in
terms of their behavior, presenting a consistent level of PR
during the electoral contest. What the support showed in
both instances—that is, Twitter and the election results—was
remarkable, as the PP won more seats in the 2016 election.
The PP effectively replicated, and even improved, its perfor-
mance in the 2015 election.

Visualizations of measures of central tendency (see
Fig. 6 and Fig. 7) represent the accumulative support during
the election periods to enable an understanding the behavior
of political party followers. Thus, using these measures of
support flow during elections, we confirm the same trends
in our indicator, carried out in the 2015 and 2016 elections,
with peaks in support 30 days before the elections, on elec-
tion day, and in the days afterwards. Hence, we realized
that the support decreased largely in the period just prior
to election day. This situation might underpin the influence
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of negative comments on political parties and consequently
cause a decrease in positive tweets. Curiously, in the period
after the 2016 election, the support decreased slightly in a dif-
ferent way from that during the previous 2015 election, which
might corroborate that the victorious party (PP) replicated its
triumph of the first election date and even gained more votes.

In light of what was published in the media,7 it is known
that the PP party hired the services of The Messina Group
(TMG8) in 2016. This consulting company specializes in big
data and electoral strategies. The information published in the
Spanish press suggested that by using social media platforms,
the company pushed the party to gain tactical votes during
the June 26, 2016 election. The party carried out its political
campaign in a strategic way to deliver its message to potential
voters. In fact, we argued that this might have influenced
Twitter users’ behavior in this election; for example, in the
days following the election, a positive downward trend is
noticeable (see Fig. 7). This result suggests that the com-
pany contract had ended, based on the decline in positive
activity overall, which might be reflected in the analyzed
period.

The present study has some limitations, and their
identification should facilitate our efforts to conduct new res-
earch. First, finding a method to improve generalizability—
that is, including all age groups—to manage our database is
relevant, as we could mention the age group of the sample,
which is undoubtedly represented by the majority who were
young users to the detriment of older users according to a
study carried out in the UK [40], referring to those who are
active in social media platforms. Second, it was necessary to
rely on the indicator presented in this work but to do so in real
time, thereby giving us a stream of results, and at the same
time, having the progression of a determined electoral event.
Finally, it would be necessary to complement the elections
with traditional polls or surveys to enable us to compare
whether our method could help to track future trends.

Despite these limitations, our results were consistent, sug-
gesting that the proposed methodology may be an effective
method of researching events based on Twitter user activity.
While it is true that a specific misalignment occurs in some
instances, which could be explained by regional factors or
campaign strategies that altered users’ behavior on social
platforms, the research findings revealed measurable posi-
tive tendencies during electoral periods. Indeed, due to the
preeminence of regional parties in Catalonia, there could be
some dissimilarities considered about the indicator proposed.
In summary, depending on factors such as the context, culture,
regions, and adding more variables, the indicator might be
more accurate and experimenting with it is a challenge for
further research.

7See ‘‘The San Francisco guru who won the elections for Mariano
Rajoy’’http://www.elmundo.es/cronica/2016/07/03/57779fc0ca4741301d8b
4609.html

8As they published in their website: https://themessinagroup.com/
industries/politics/

VII. CONCLUSION
In this paper, we have provided evidence that the support
for political parties can be measured and tracked through
social media platforms, such as Twitter, to obtain intelligence
information before the election. With the intention of con-
tributing to a state-of-the-art of Twitter analysis in politics
in Spanish language, we proposed the development of the
PR indicator as a tool to measure positivity during political
events. To our knowledge, the electoral process is a rich
source fromwhich emotions can bemined [69], and regarding
analytical outputs, the classification of polarity is a good
proxy from which to explore polling procedures and other
fields.

Nevertheless, the evolution of social media analysis regard-
ing politics is still considered to be in its infancy [13], despite
the importance of the topic for political science. Moreover,
we presented an advantageous measuring process that can
be used to associate Twitter user behavior using a method of
quantitative orientation.

The research findings of this study have provided evidence
related to support indicators (and their variations) in the field
of human activities based on platforms, such as Twitter, which
are provided for analysis. Thus, it would be worthwhile to
investigate how different event types can be measured regard-
ing decision support systems for products or services and
marketing campaigns, among other fields.

An aim of researchers in this field is to provide practical
resources for the Spanish language [57], [58], [60], [70], [71].
With the help of open-source tools and establishing new
experimentation in keeping with a lexicon-based approach
and machine-learning methods, it is worth combining the
best practices with a view to achieving steady improvement
over time. Despite the limited availability of resources in
non-English languages, the interest in and importance of liter-
ature in other languages has increased in recent years, and it is
because of our focus that we are able to share techniques and
learn from others. It would also be interesting to experiment
with models such as unsupervised learning to categorize data
and to search for differences and similarities among political
groups.

Forthcoming research may focus on the ‘‘negative-
ness’’ approach and how political opponents—termed as
‘‘haters’’—could affect the performance of parties on polit-
ical campaigns. In fact, it might be necessary to expand
research to other social media platforms to widen the scope
with new types of users so that different kinds of indicators
can be developed, or reshape its functioning, for example,
by adding new variables. In the same way, as a future research
line, it would be interesting to apply this measurement pro-
cess to associate the behavior of the Twitter users in other
areas beyond the politics, such as brands and corporations.
Moreover, it may be desirable to complement new informa-
tion sources—that is, interviews or surveys—to supplement
the input data with a view to providing details that were
not explained because they were outside of the scope of this
work.
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