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Abstract
Electoral prediction from Twitter data is an appealing research topic. The article aims at inferring the results of 2019 Spanish
Presidential elections analysing Tweets. It de�nes a speci�c political dictionnary to analyse the sentiment and the opinion of
the messages posted during the campaign. Our predicting model compares the performance of 5 multi-linear regression
algorithms and our results are compared to the ones delivered by the standard poll systems based on telephone survey. Our
methodology correctly ranks the candidates and gives for the winner of the election (Sanchez) a better prediction of voting
share than the national polls. This stream of studies is still in the early stage even if our �ndings look like very promising.
Therefore, as a future line of research, we recommend to include more socio- and economic factors like sex, age, location, etc.
in the objective to improve our model and results.

Introduction
For more than a decade now, with the emergence of Internet 2.0, users are able to generate their own content and share it
publicly more easily. In this boom, social networks have endorsed great popularity, in particular the Twitter microblogging
platform which allows its users to share with their family, friends and followers text messages of 140 characters maximum.
More than 500 million messages are daily published which are commonly called tweets (Dietrich & Juelich, 2018; Marozzo &
Bessi, 2018). Because the main reason for these publications is to express the point of view and the opinion of the users, they
result to be of great interest to be analyzed (Cerchiello & Giudici, 2016; Lokers et al., 2016a).

This huge amount of content circulating in them has attracted �rst the attention of marketing agencies that expect to seize the
behavior of clients (current or future) to adjust their online campaigns and even use the social content (number of likes,
retweets, etc.) to predict sales intention in the real world (Volkova et al., 2015). Recently this type of analysis has jumped into
the �eld of politics to try to predict the results of campaigns by monitoring the interaction between candidates and voters
(Magalhães et al., 2012). Since more and more people are posting on the Internet, it generates the idea to researchers and
journalists that a collective feeling is present in the social media, ready to be listened, captured and analyzed (Budiharto &
Meiliana, 2018; Cury, 2019). Moreover, most of the social media (Linkedin, Facebook, Twitter, etc.) make available to anyone the
use of API’s which allow to collect the data published by its users and to take the pulse of the public opinion (Le et al., 2017).

Considering how in Spain the electoral cyberspace is articulated, we can contemplate several possible spaces for the analysis
of a political campaign: Facebook, Twitter, Instagram or Pinterest. For our manuscript, we decide to use Twitter and our key
contribution is to capture and analyze if we can infer the voting tendencies and predict the 2019 Presidential Spanish elections
results with this media. The novelty of our paper is to study if a social media can be a better predicting tool while the political
landscape has suffered a big change.

Indeed, in the race for the presidency in 2019 �ve candidates competed for one of the most important Spanish political
elections, including the President Sanchez candidate for the left party and for his re-election. The other candidates were Rivera
for the central-right party, Iglesias for the far-left party, Casado for the right party and Abascal for the far-right party (called
“Vox”). The historical level of participation (75.7%) shows the importance of this scrutiny due to two reasons. On one hand, the
context of high political divide due to the question of the Catalan referendum for independency and on the other the emergence
of the far-right party proposing very reactionary arguments such as the end of the authorized abortion or a recentralisation of
the national governance around Madrid capital of Spain.

“Vox” party is competing for the �rst time in this type of election and jeopardizes the standard system of polls forecasting,
usually based on the scores obtained in the previous elections (Huberty, 2015) and Twitter could be a better predicting tool. The
vote participation was about 9 points more than in the last election and the greatest of the 21st century. The presidential
election was held under a one-round voting system held on April 28th, 2019.

This paper is organized as follows. Section II reviews the literature about the use of social media to infer elections while the
section III explains the methodology used to get a clean dataset to study. In Section IV, the results are described and analysed.
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Section V concludes and proposes further lines of research.

Related work
The Twitter microblogging network allows for its users to place their thoughts, feelings and opinions in the form of text and
concerning a wide variety of issues. It is a space from which it is possible to extract the public opinion using linguistic
programming models (Preoţiuc-Pietro et al., 2017). These methods of analysis are known as sentiment or sentimental analysis.
Recent studies (Cerón-Guzmán & León-Guzmán, 2016; Volkova et al., 2015; Cohen & Ruths, 2013) examine if it is possible to
infer election results through Tweets analysis. Tumasjan et al. (2011) compare the results of Twitter analysis with the ones of
traditional surveys. They look for the margins of error taking as example the latest electoral polls spread in Germany and their
conclusions are that the analysis of tweets mentioning a political party can be considered as a plausible re�ection of the vote
share and its predictive power comes close to traditional election polls.

Shi et al. (2012) during 2010 US legislative elections compare the number of followers achieved by each candidate on Twitter
with the electoral predictions. They conclude that in 71% of the cases, the candidate with the highest number of followers is
also who occupies the �rst position in the polls. However, these results are challenged by Cha & Gummadi (2010) who state
that the number of followers (they coined them as indegree) is a sign that reveals the popularity of a user but not necessary
related to its ability to in�uence the audience. Their study reinforces the hypothesis of the "fallacy of one million followers"
endorsed in a previous research paper of (Avnit, 2009) in which this latter shows that some users follow others simply by
education, becoming followers of those who also follow them but who hardly read the tweets published by whom they follow.

O’Connor et al., (2010) collect one billion messages posted on Twitter during 2008 and 2009. They make two studies to
compare the “consumer con�dence” with the Index of Consumer Sentiment (ICS) of Reuters and with the Economic Con�dence
Index of the Gallup consulting company for presidential job approval. Their �ndings are in the case of "consumer con�dence",
twitter and standard opinion survey have similar results with a correlation of 80% but found divergent results regarding the
topics of "political opinion": for presidential job approval in 2009 the data obtained from Twitter replicates those obtained in the
polls but for 2008 the correlation is not signi�cant. They however conclude expensive and time-intensive polling can be
supplemented or supplanted in certain conditions with the simple-to-gather text data generated from online social networks.

Recently there has been a growing interest in building a proposal of textual or linguistic classi�ers of public opinion enable to
name as favorable or unfavorable opinions expressed by individuals about a proposal or political issue (Ramteke et al., 2016).
The methodological approaches that have been used so far (mainly dictionary of terms used or pre-tagged texts) have not
achieved the level of accuracy as those obtained in the journalistic critics on topics such as business or consumer goods. Yu et
al. (2008) analyze the speeches of the US Senate during the period 1989-2006 and those of the Congress in 2005 and compare
them with the articles on business and critiques about �lms in 2006. They found the di�culty that exists today to carry out an
effective sentiment analysis in the �eld of political opinion. Gayo-Avello (2013) argues since not all the potential voters express
their opinion on Twitter, the "sample" collected is not representative of the population. Moreover, he adds that these networks
easily allow the manipulation from spammers and propagandists bringing noise to the real message. He states also voters who
live in urban centers as well as young adults are more likely to use Twitter as a form of expression, and these latter show a
tendency towards left party opinions in politics. Smith & Rainie (2008) corroborate these results revealing for 2008 US elections
that 65% of Obama's online followers have consulted online political information compared to 56% for McCain, having made
more campaign contributions, more online petition signatures, more blog comments than the rest of the electorate.

On the other hand, Grimaldi (2019) highlights for the 2019 Spanish Presidential elections that the number of information /
conversations / messages circulating on Twitter grows as the election campaign period progresses, showing peaks in line with
relevant events that affect or happen in it, and whose volume falls after the election voting day. The sentiment analysis
technique needs to adapt to this evolution incorporating for instance new hashtags which were not present at the beginning of
the campaign (Grimaldi, 2019). The fact that campaigns are primarily manifested through Twitter media before standard
general channels like TV or radio raises the need to continue investigating the best approach to analyze the data available in
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these networks and reveal the messages conveyed. Our manuscript aims at answering if we can capture and infer the voting
tendencies with Twitter and if this media is more reliable than standard public opinion polls in a new political landscape.

Methodology

Collect of data

With the Twitter Streaming API[1], we collect all the posts containing one or more hashtags related to the presidential election

every day which have been clustered as follows:

Election general information = #28A; #28Abril; #Vota; #Vota28A; #Elecciones Generales; #28 Abril; #EspanaVaciada

Political party = #ValorSeguro; #Casado; #laEspaña que quieres; #PedroSanchez; #LaHistoriaLaEscribesTu;

#PabloIglesias; #VOX; #SantiagoAbascal; #VamosCiudadanos; #AlbertRivera

The tweets are collected real time, 24 hours after their publication. Our aim is to get some statistics related to the popularity of

the tweet such as (a) the number of shares or retweets, which shows how many users shared the tweet with their followers; (b)

the number of likes, which shows how many users found the tweet relevant (c) the number of retweets which shows how many

tweets are broadcasted within the tube. Between April 12th and April 28th 1.170.000 tweets contributed and table 1 shows the

amount of collected data in terms of users and tweets per candidate.

 

Table 1: classi�cation of the keywords by political faction

Candidate Nº Tweets

Pedro Sanchez 320.760  

Pablo Iglesias 226.472

Albert Rivera 217.423  

Pablo Casado 217.380  

Santiago Abascal 188.828  

 

When working with the Twitter API it was necessary to take into account certain limitations of it. The frequency limit of the

interface only allows 450 requests every quarter of hour. Moreover, Twitter company �lters tweets published considering them

irrelevant for the user.

Data preprocessing
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The dataset resulting from data collection is a collection of tweets. In order to apply sentiment analysis techniques on these

data, it is necessary that they go through a process comprised of several phases, also known as pipeline, where the input of

each phase is the output of the previous one. The �nal result will be a matrix that represents the relevant information of the

collected data. A tweet is a complex object with many properties, but what we are interested in is the message that the user

wrote in the form of a text. So, the collection of tweets is transformed into our corpus by extracting the message of each tweet.

While doing this step we lose the information about the author of the tweet and the date of publication, but we keep the

reference to the object to be able to link the �nal result with the original tweet. The result of this stage is a list of sentences or

documents.

Secondly, each document resulting from the previous stage is transformed into a list of words and symbols called tokens. In

general, tokens are strings of characters between blanks or punctuation, but this is not always the case, as for example in the

case of abbreviations. The total set of words used, different and unique, is the vocabulary of the corpus. This step also �lters

the functional words, which do not have a clear referential semantic, such as articles, pronouns, prepositions… what they are

usually called as stop words. It is also necessary to delete certain functional words from the Twitter glossary as \ RT ; \ HO and

\ HT". The next step is to generate a sparse matrix by transforming each word list in a vector in a Euclidean space, where each

column is a feature. The characteristics are mainly words of the vocabulary extracted from tokenization. We can consider each

word of the vocabulary in a column, or we can obtain more detailed representations if we consider as possible characteristic

sequences of words, called n-grams, that have occurred in the text. The n-grams can be sequences of one word (unigrams), two

words (bigramas), three words (trigrams), and so on (Manning & Raghavan, 2009). Each text of each tweet is represented as a

vector d = {t1, t2,… tn} ∈ Rn / where n is the size of the vocabulary. The sum of vectors consists on a Document-term matrix.

New polarity political lexicon

Due to the lack of a sentiment lexicon for non-English language, we decide to create a new polarity lexicon for Spanish political

event from two different sources. As a starting point, we use the dataset created by (Molina-González et al., 2013) for Spanish

tweets. Then, we choose a random sample of 1.000 tweets as the training set. In order to label a tweet as either positive,

negative or neutral, eight volunteers in group of 2 (i.e. 4 groups) were asked to assign a label for each tweet according to the

sentiment they understood it was conveyed. The evaluators had access to the full tweet, which is tagged according to its global

polarity, indicating whether the text expresses a positive, negative or neutral sentiment. For disambiguation, they had to assess

the tone of some tweets after screening the other tweets of the account. Moreover, if there was no agreement inside the group, a

third independent volunteer from another group was compelled to help to decide. Volunteers agreed in 80% of tweets which

support the statement that humans often disagree on the sentiment of a text (Villena et al., 2015) and determine which

additional word should be included in the lexicon. In total 187 words were added based on this manual testing and included in

the �nal vocabulary.
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Machine learning classi�cation for sentiment analysis

The sentiment analysis system classi�es a given vector as either positive, negative or neutral by summing the number of

positive words and subtracting the number of negative words. It assigns only a label class to the tweet. This type of analysis

makes sense if we assume that each tweet expresses a single opinion. It may seem like a limitation, because in practice it

works well since users usually focus on a single topic in each tweet. Surely in other contexts, or if this limitation of message

length were not available, it would be good to consider more complex analysis systems that allow more granular analysis. A

sentiment labelled dataset of 1.000 tweets is split into two sets: 80% of the tweets are used for the training set and the

remaining as the test set. The splitting of the data is performed in a strati�ed way.

The process of cross validation is repeated during K iterations, with different possible subsets of test data. The arithmetic

mean of the results is done to obtain the �nal result. This method is very precise since we evaluate K combinations of data

from training and testing but has the disadvantage to be slow from the computational point of view. In our case, the classi�er is

trained on the training set via K=10-fold cross-validation using the R library ISLR implementation of the Logistic Regression

algorithm. The system achieves a macro-averaged F1-score of 92,65% and an accuracy of 93.08% on the test set.

 

[1] https://dev.twitter.com/streaming/overview. Last access on 10-11-2019 

Results And Discussion

Feature of the model
Following recommendations from (Gayo-Avello, 2012, 2013; Metaxas & Gayo-Avello, 2011),  the following features which are
the independent variables used by the inference method, are computed in a daily basis:

1) Day tweet volume: the sum of tweets on that day mentioning a candidate.

2) Day unique tweet volume: the sum of tweets on that day that only mentions a candidate.

3) Day Twitter user number: the sum of different Twitter users with at least one tweet mentioning a candidate.

4) Day unique Twitter user number: the sum of different Twitter accounts whose posts only mention a candidate.

5) Positive or negative tweet volume: the sum of positive or negative posts that mentions a candidate.

6) Positive or negative- based Twitter user number: the sum of different Twitter users with at least one positive or negative
posts mentioning a candidate.

7) sentiment score per tweet

The features are normalized by applying the moving average smoothing technique over a window of the past seven days, as it
is proposed by (O’Connor et al., 2010). Moreover, the polling data is considered as the dependent variable of our model.

Inference method

https://dev.twitter.com/streaming/overview
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The voting intention inference was approached as a multiple linear regression analysis. In this way, several regression models
were built to infer the vote of each candidate in the electoral round, using the aggregated polling as the output variable of the
models. We use the �t.models package in R software. In total, 5 models were built i.e. one model per candidate. We evaluate 5
different algorithms: Linear Discriminant Analysis (LDA), Classi�cation and Regression Trees (CART), k-Nearest Neighbors
(kNN)., Support Vector Machines (SVM) and Random Forest (RF). Based on the performance of the mean absolute error (MAE),
the best one with the lowest MAE was the LDA model. As an illustration, graph 1 shows the results of the different models
applied to Sanchez candidate.

Graph 1: Performance of the 5 models applied to Sanchez candidate

Discussion
Table 2 shows our results. In the �rst column, it shows the 2019 Spanish Presidential o�cial scores and in the third one the

voting intention inference based on our method. As far as it concerns the second column, it presents the last polling results

corresponding to 5 days before the election occurred as the Spanish law regulating the presidential elections authorizes it. Our

results show our method a) correctly ranks the candidates, b) gives for the winner of the election (Sanchez) a better prediction

of voting share than the last and de�nitive polls, c) provides a prediction equivalent as the last poll for Abascal candidate.

However, they are worse than the last poll to estimate the voting share for the rest of the candidates (Casado, Rivera and

Iglesias). Therefore, the obtained results show that the inference method based on Twitter data is reliable, but further research

will have to improve and tune the model that we propose.

 

Table 2: Results and voting inference using the method with the lowest absolute error

Candidate Election results Polls (difference) Inference with our method

Results Difference with elections Results Difference with elections

Pedro Sanchez 28,7 % 27.3% -1.4% 29.2% +0.5 %*

Pablo Casado 16,7 % 19.4% +2.7%* 19.9% +3.2%

Albert Rivera 15,9 % 15.8% -0.1%* 14.9% -1.0%

Pablo Iglesias 14,3 % 14.4% +0.1%* 12.8% -1.5%

Santiago Abascal 10,2 % 10.2% +0.0%* 10.2% +0.0%*

*Highlighted in yellow the method delivering best results by candidate

Conclusions And Future Work
While our model alone may not be su�cient to predict the results, we can point out that our method to listen and analyze
tweets has partially achieved our objective to be a fast, cheap and reliable tool for predicting public opinion and election results
(Tumasjan et al., 2011). Our dataset was created by mining Twitter for the 16 days of the campaign; however, future lines of
research can extend it and create an automated framework which collects data for months. Indeed, we believe election result
prediction is a continuous process and requires analysis over a longer period. Finally, we believe future studies should analyze
and propose weighting factors for our model to include in the statistical balance, the “inaudible” voice i.e. part of the population
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who does not express their opinion using social media tools, in order to reduce the response bias and be more representative of
the electors’ demography.
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