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ABSTRACT Although large amounts of data are now available to companies, mere possession of these data is
not sufficient, and for better business decisions, it is necessary to perform thorough data analysis. Nowadays,
social networks services (SNS) have become important data sources. The rapid growth of SNS has led to
their wide use in various research trends in social sciences. In this paper, we aim to enhance the current
understanding of the possibilities offered by social data for brand communication analysis in the financial
sector. To this end, a traditional methodology and a digital methodology are used to investigate the brand
image of the financial entities. The traditional methodology is the Periodic Evaluation of the Image (PEI).
The digital methodology is sentiment analysis, a machine learning technique for big data analytics in social
sciences using an algorithm developed in Python. The data are analyzed using both methodologies, and then,
their results are compared. The findings suggest that while the results obtained using the method based on
big data are consistent with the results obtained with the traditional methodology, the former method allows
for easier and faster data analysis. The limitations of this paper relate to the size of the sample, the studied
sector, and the scope of the reviewed literature.

INDEX TERMS Big data applications, machine learning, sentiment analysis, social network services,

Twitter.

I. INTRODUCTION

Recent years have witnessed a rapid growth in the amount of
data available about companies on the Internet. Social Net-
work Services (SNS), an important source of such data [1],
have come to be widely used in the emerging research trends
in social sciences [2]. Likewise, technology, which favors the
welfare of human beings and helps to improve the environ-
ment, has played an essential role in the development of our
society [2]. Furthermore, due to the increase of access to the
Internet worldwide, we can speak about a democratization of
the access to information [3].

In 2015, there were 3,000 million Internet users.
In Europe, more than 80% of the inhabitants aged between
16 and 74 years old accessed the Internet for different pur-
poses [1], [4]. This access was made using different devices,
although mobile phones were the preferred means, followed
by laptops, desktops and, finally, tablets [3]. At present,
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smartphone sales are the highest worldwide and are expected
to exceed those of personal computers (PC) soon [2].

Mobile phones are available to more than 90% of the global
population, and mobile phone adoption rate advances at a
great speed. It is expected that, in 2019, the penetration of
the mobile Internet will be 71%, while the use per device will
reach 71% of the population [1], [3].

This access to the smartphones, which now perform the
previously reserved for computers and laptops, is modifying
the way people communicate today [3], [4]. Some of the
tasks performed nowadays with mobile phones include online
purchases, getting financial services, or getting access to
information and news.

These changes should be taken into account in marketing
research [4]. In general, users use traditional and digital
media, and companies interact with their consumers through
both traditional and digital media channels. However, new
technologies open up new horizons for companies in terms of
the development of their communication with customers and
the creation of their brand image. In this context, it is nec-
essary enhance our current understanding of and knowledge
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about the relationship between traditional and digital media
and how the two influence consumer perceptions.

To this end, it is necessary to use new techniques such
as those based on Big Data analytics. The ultimate goal
of Big Data analytics is to find trends, correlations, pat-
terns, insights, or consumer preferences to improve business
decision-making process [5]. Big Data analytics is the pro-
cess of analyzing large amounts of information organized in
a structured or unstructured way. In order to perform this
analysis, it is first necessary to search for a database, organize
it with data text mining techniques, and, finally, proceed with
its analysis in order to be able to base decision making on
data. However, this three-step process has to face several
challenges, particularly in the initial phase of obtaining the
data, since the sources tend to be diverse, which complicates
obtaining and later analyzing the data [6].

Of note, considering the present-day interaction of the
traditional channel and the digital channel, it has to be investi-
gated whether the same results about the reputation image of a
company can be obtained using different methodologies [7].
Therefore, the main aim of the present study is to enhance
current understanding of the possibilities that social data offer
for the brand communication analysis in the financial sector.

The remainder of this paper is structured as follows.
In Section II, we discuss the financial sector in Spain.
Section I reviews relevant literature. In Section I'V, we outline
and discuss the two methodologies used in the present study.
The traditional methodology used is the Periodic Evaluation
of the Image (PEI), and the digital methodology is a Senti-
ment Analysis, a machine learning technique for Big Data
analytics in social sciences using an algorithm developed in
Python. In Section V, we present the results. This is followed
by Section IV where the findings are discussed with particular
focus on the degree of consistency between the two method-
ologies. Finally, conclusions are drawn in Section VIL

Il. THE FINANCIAL SECTOR IN SPAIN

In recent years, there has been a very intense change in the
financial sector worldwide. In 2007, an international financial
crisis threatened global stability [11]. The crisis was caused
by the fall of Lehman Brothers that led to a loss of confidence
in the banking system which, in turn, resulted in that some
financial entities had to be rescued by their governments.

In parallel to the 2008 crisis, the world’s economy entered
a phase of recession that caused a weakening of credit oper-
ations for customers, which resulted in lower consumption
and spending capacity and deepened the recession. In Spain,
the real estate bubble had an adverse effect on the financial
sector, because it uncovered the situation of savings banks,
i.e. entities of a charitable nature, earmarking their profits for
social projects.

Consequently, along with limitations in legal and corporate
governance structure, savings banks suffered a great exposure
to the real estate sector. This hindered the solvency ratios and
the survival of these entities. One of the initial solutions that
were attempted then was the merger of the savings banks.
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However, in 2012, Spanish banks had to ask for investment
assistance from the European Union. To perform the reor-
ganization of the sector, public capital had to be injected,
which entailed the control of part of the banking system by
the government of Spain. This process of reorganization led
to the disappearance of many savings banks, so that their
number decreased from 45 to 8, and to transforming them into
financial entities. At present, there are five banking groups
that accumulate almost 80% of the assets in Spain: Santander,
BBVA, CaixaBank, Bankia, and Sabadell.

Another fundamental change in the sector has been the
expansion of Internet banking that has evolved by leaps and
bounds as a result of the normalization of the use of new tech-
nologies. In this context, it is interesting to explore whether
and if, so, how the public image of savings banks in Spain
has been damaged by the 2008 economic crisis. To explore
this issue, in the present study, we use two methodologies—a
traditional and a digital one applied to the user generated con-
tent (UGC) in Twitter [4], and then compare their outcomes.

IIl. RELATED WORK

Public image is an important factor when deciding and select-
ing a product, a service, or a brand. In their decision- mak-
ing process, consumers evaluate the attributes of different
products, services, or brands. Given that, today, the media
are changing, leading to a convergence of communicative
interactions and on-line and off-line communication, it is
necessary that the management of the brand image incorpo-
rates the new reality. According to Blanco-Calleja [8], brands
are valuable resources for companies, as they can provide a
long-term competitive advantage [9] that can be controlled
by the company itself [10]. As a result, financial companies
seek to develop their brands. One of the forms of such brand
development is sponsorship [11]. For instance, Banco San-
tander stands out as an example of a successful brand that
has extensively used sponsorship as a way to enhance the
company’s brand image [12].

The method of Periodic Evaluation of the Image (PEI) is
developed with projective techniques and in-depth interviews
and allows to obtain the key elements of the brand image and
to establish the relations between the different attributes of
the brand [13]. This periodic analysis of the image can be
performed for different sectors, ranging from the financial
sector [14] to the tourism sector [15]. For instance, using
PEI that combines the benefits of quantitative and qualitative
methodologies, Herraez Martinez et al. [14] analyzed the
brand image of different financial organizations in Spain.
The authors found that, while some financial entities had
brand images that were perceived as very similar, others were
perceived as very different.

Furthermore, Orihuela and Cambronerom [7] found that,
with the introduction of SNS and new media, companies are
no longer in full possession of the brands—rather, it is in the
process of interaction with consumers that brand images are
constructed. Accordingly, consumers become prosumers on
the Internet.
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TABLE 1. Previous research on brand image in the financial sector.

Simoes et Acevedo  Bong-Gyu and Mattar Blanco- Cervifio Kiisteret ~ Kwon et
al. [18] etal. [17] Ho-Seok [6] [19] Callejo [8]  [11] al. [12] al. [20]
Tradltlonal brand ) ) ) ) v v v v
image
Online brand image N4 N4 N4 N4 - - - v

Of all online platforms that can be used to analyze company
brands, Twitter is the most popular social platform [4], [17].
For instance, in a study on bank images based on the anal-
ysis of their Twitter accounts, Simoes et al. [18] devel-
oped and used a sentiment analysis methodology. Likewise,
Mattar [19] also performed an analysis of SNS for the
financial sector. Furthermore, Bong-Gyu and Ho-Seok [6]
identified the brand image and purchase intentions of the
consumers of an online bank called WeBank. To this end,
the authors used factor analysis and multivariate analysis.

Considering that brand image is created using different
channels, it appears to be necessary to use different method-
ologies to study it. This is exactly what Shahzad et al. [20] did
in their research on the factors that influence buying behavior
based on the brand image both online and off-line.

At the same time, several studies have investigated the
consistency between brands and how they communicate their
image in both on-line and off-line environments [21]-[23].

Table 1 summarizes previous research on brand image in
the banking sector organized according to the approach that
was used (traditional vs. online/digital).

IV. METHODOLOGY
A. THE PEI METHOD
The PEI is a research technique that has different applications
in the field of marketing. Generally, the PEI is typically used
to determine the image of a company or a brand. In the
PEI method, the first step data collection. What are collected
are perceptions that can be quantified and, therefore, can be
expressed numerically. To obtain the data, a set of “stimuli”
(such as brands, products, entities) is shown to each inter-
viewee; these stimuli are used to project the opinions. Each
stimulus is represented with the interviewer’s name on a card.

In the second step, the three-in-three stimuli are shown,
so that, at the end of the interview, all the three-in-three
combinations that can be formed with the stimuli will have
been shown. According to statistical laws, the number of
possible combinations that can be made with three-in-three
stimuli is defined by Eq. (1).

n! npq

gln—q)! ¢!
where nCq = Combination of n elements taken from q to q

n = number of different elements

g = Quantity in which n objects combine
nPq = Permutations of n elements taken from q to q

nCq ey
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For this research technique to be operative and the answers
to be valid, the number of stimuli presented to the intervie-
wees should five up to seven [23]. Using fewer than five
stimuli would make the collected data sample too small.
In contrast, more than seven stimuli are shown, the method is
not operative, and the time needed for each interview would
be very long.

Thus, in the PEI method, the interviewees are shown
triplets of stimuli and are asked to group two of these cards
based on their similarity on some important feature (which is
not possessed by the third stimulus). The characteristics noted
by the interviewees are then collected and grouped according
to their meaning by proximity, until the list of attributes is
reduced as much as possible. The characteristics are evaluated
in terms of their valence (i.e. positive or negative).

With appropriate data processing, this method makes it
possible to obtain different types of information, such as
general attributes of the image, association between stimuli,
relative image of the stimuli, individual image of each stim-
ulus, integral image of each stimulus, and global positioning
of the stimuli [17].

B. THE SENTIMENT ANALYSIS

Sentiment analysis is a methodology used to measure and
identify feelings related to a specific event. This methodology
has evolved in recent years and its major aim is to cap-
ture and categorize the feelings expressed in a given sample
by dividing them into positive, negative, or neutral senti-
ments. In the present study, we performed a sentiment anal-
ysis with an algorithm developed in Python. The algorithm
was accessed through the MonkeyLearn API libraries [24].
According to Saura et al. [4], this technique can be used in
different ways. For instance, approximations can be made
using special software to apply machine learning, artificial
intelligence techniques, and hybrid models. Other available
options include algorithm training with data mining tech-
niques, which are processes used to improve the probability
of success of an algorithm with machine learning based on
the accuracy of the results [27], [28]. Supervised methods
using the classification and categorization of key factors,
such as Maximum Entropy (MaxEnt) and Support Vector
Machines (SVMs) have also been widely used to perform
social network analysis with machine learning using techno-
logical research methods to identify the important factors in
different areas of research [14], [15].
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As suggested in previous research, sentiment analysis can
also be combined with other data extraction technologies
based on Big Data or digital data management [e.g., 25].
In the present study, the development of the methodology is
based on the study by Ekenga et al. [26], Simoes et al. [18],
Palomino et al. [25], and Reyes-Menendez et al. [27].

In terms of data collection, a total of 7,598 tweets
with the hashtags (#, see [4]) of the companies under
study (#Santander, #BBVA, #LaCaixa, #ING, #Bankia and
#Sabadell) were downloaded. After the filtering of the
database, 198 tweets were eliminated, so a total of 7,398
tweets remain in the dataset. The data collection period was
September 1-7, as, throughout this period, there were no
major events that could have influenced the public images
of the companies under study, and consequently, there was
no impact on those brand images of SNS user opinions.
Also, given that the Twitter API does not allow tweets to
be downloaded after 7 days, the tweets were collected on
September 7.

SUPPORT VECTOR MACHINE (SVM)

The next step was to train the SVM algorithm developed in
Python. The SVM algorithms work with machine learning
for Big Data analytics and are trained with data mining to
increase the credibility of their results. In the present study,
we connected to the public API of Twitter to download the
tweets related to the profiles of the companies under study.
Next, in order to analyze the comments of the users regarding
the tweets made by these companies in the SNS Twitter, the
SVM sentiment analysis algorithm was used.

First, the tweets with the aforementioned hashtags were
downloaded, which was followed by the analysis of the sen-
timents expressed in the tweets. Before sentiment analysis,
the collected data were filtered and cleaned using the follow-
ing criteria:

eRetweets were removed

eURLs were removed

eThe selected tweets had to contain a minimum of 80
characters (without the hashtag)

eThe interaction with the company was eliminated from
the tweets, e.g., @Bancosantander

eSpecial characters such as “”, “=""or
by spaces.

Second, as in our previous studies (e.g., [26], [28]), once
the database was cleaned, the sentiment analysis algorithm
was applied separately to the tweets of each of the compa-
nies under study. Before classifying the tweets in different
sentiments (negative, neutral, and positive), we trained the
algorithm with data-mining processes so that to increase the
probability of its success. The probability of success of the
algorithms that work with a machine learning technique for
Big Data analytics in social sciences is known as ““accuracy”.
In this case, after training the sentiment analysis algorithm
with 521 samples taken from Twitter, an average Accuracy
percentage of 0.711 was achieved. This percentage is above
the conventionally used threshold of > 0.600 [4], [27], [28].

ey

were replaced
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In this way, we ensured that the algorithm and analysis of
sentiment used was appropriate for the sector and object of
study.

It should be noted, however, that a weakness of the sen-
timent analysis with a machine learning technique for Big
Data analytics in social sciences is overlooking the context in
which the tweet is made. Furthermore, sentiment analysis is
less relevant for the analysis of content that contains sarcasm,
irony, or metaphor. However, following Palomino et al. [25],
Bennett et al. [29], and Reyes-Menendez et al. [27] we can
confirm that the use of this methodology is totally valid.

V. ANALYSIS OF RESULTS

A. RESULTS OF THE PEI METHOD

Using the PEI method, first, the data were obtained. There-
after, we obtained general attributes of the image, i.e. differ-
ent attributes that the interviewees noted for each stimulus
(i.e. each financial entity). The attributes with the highest
frequency of appearance are the one that are most salient in
the minds of the interviewees.

In our case, the number of perceived attributes was not
very high (<50). The distribution of these attributes was very
uneven, with the first three attributes accumulating over 50%
of all responses (see Table 2 for further detail).

TABLE 2. Attributes of the studied financial entities.

Characteristics Frequency Cumulative
frequency
G_1ve more conﬁ_dence / 204 204
give more security (+)
Mor(? a.ccess1b111ty / 15.4 358
proximity (+)
More advertising (+) 13,4 49,2
Best online services (+) 9,3 58,5
Better resource
management (+) 40 62,5
Perspnal attention / 40 66.5
service (+)
é_(;apted to young people 3.7 702
Less confidence (-) 3,5 73,7
Social projects / social
work (+) 32 76,9
Larger variety of products 2.5 79.4
(@)
Greater solvency (+) 2,2 81,6
Fewer commissions (+) 2,2 83,8
Custom products (+) 2,0 85,8
More innovative (+) 1,7 87,5
Not been intervened (+) 0,7 88,3
Other features 11,7 100,0

In the PEI methodology, the level of association is greater
when more interviewees associate any pair of attributes
a greater number of times, and vice versa. Among the
analyzed entities, the two that were perceived as more
equal among themselves according to the interviewees
were Banco Santander and BBVA, with an association level
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TABLE 3. Association between variables.

Entities Frequ?nc_y of
association
Santander/BBVA 45,0
Santander/La Caixa 32,5
Santander/ING 31,7
Bankia/La Caixa 30,0
BBVA/ING 29,2
BBVA/Bankia 25,8
BBVA/La Caixa 242
Santander/Bankia 20,0
Sabadell/Bankia 20,0
Bankia/ING 18,3
Sabadell/La Caixa 15,8
La Caixa/ING 15,0
Sabadell/ING 10,8
BBVA/Sabadell 8,3
Santander/Sabadell 6,7

of 45.0 percent. On the contrary, the two entities perceived as
the most different were Banco Santander and Banco Sabadell.
Table 3 shows the level of association between the financial
entities under study.

The relative image of the stimuli represents the perception
that the interviewee has of each stimulus. If all the stimuli
are perceived as identical, their value will correspond to the
quotient of dividing one hundred among the total number of
stimuli analyzed. When a stimulus has a value higher than
this value, it means that, in that stimulus, the attribute is
higher than the average. In our case, if we take, for instance,
the attribute that is repeated more frequently, which corre-
sponds to the ““give more confidence / give more security”’,
we can see how differently it is perceived for each entity.

The calculation of the theoretical average gives the value
of 16.7 percent; therefore, as concerns our results, we can
conclude that, except for Banco Santander and BBVA (with
the values of 29.9 and 23.2 percent, respectively), the remain-
ing entities have a lower perception than the theoretical aver-
age, and it includes the evaluation of all the attributes in
relation to the theoretical value of the image, taking into
account its positive or negative character.

The vertical position of each stimulus results from assign-
ing the value zero to the stimuli with less evaluation and
the one hundred to the stimulus of greater evaluation, while
the other stimuli will have a value between both calculated
proportionally to the score (see Table 4).

The individual image of each stimulus represents the per-
ception that the interviewees have of each stimulus with-
out considering the remaining brands. With respect to the
graphics of the individual image of each entity, it should
be mentioned that, since the concentration of the perception
of the general attributes for the entities analyzed is high,
the individual image of each entity is also high.

Finally, the global position of the stimuli represents the
position of each stimulus in relation to the others vis-a-vis
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TABLE 4. Perception of the attribute “give more confidence / give more
security between the different entities.

Entities Percentage
Banco Santander 29,9
BBVA 232
Banco Sabadell 6,7
Bankia 13,4

La Caixa 11,6
ING 15,2
Total 100,0

the set of attributes. Figure 1, which includes this positioning,
shows he horizontal position of each stimulus.

B. RESULTS OF SENTIMENT ANALYSIS

Sometimes, social data generated by users are difficult to
obtain. In the present study, we collected the data using the
mechanism based on machine learning to download and ana-
lyze tweets. As mentioned above, the process was three-fold.
First, we extracted the data from the public Twitter API in
which we consulted the name of the profile of the companies
under study, followed by any user opinions, comments or
tweets that mention to those companies [30], [31].

In order to have access to the Twitter API, we logged into
Twitter Developer and created an application. The informa-
tion regarding the application name, description, and contact
data is filled in with respect to the web page accessed by
the Developer [4]. After registration, a token linked to the
key of the created Application was created. These data were
collected for subsequent data extraction. Figure 2 shows the
process used for the development of this approach. In addi-
tion, the number of tweets identified according to each senti-
ment (t) is shown in Figure 2.

An issue that usually arises is the accuracy of the analyzed
data. Therefore, it is essential to incorporate mechanisms to
identify possible inaccuracies in the analyzed data [4]. In our
case, accuracy referred to the success of the automatically
analyzed data (i.e. the probability of success obtained after
algorithm training [4]). In order to increase the accuracy
of the used sentiment analysis algorithm, we trained with
the data-mining processes and subdivided the sample into
positive, negative and neutral according to the sentiments
about the financial companies’ industry expressed in user
comments. As indicated before, a total of 521 samples were
processed using the data-mining mechanism [4].

The total number of tweets analyzed included only the
interactions and comments made directly by users on the
profiles of the financial institutions under study. As defined
by Saura et al. [4], users’ perceptions expressed on digital
platforms and in online environments are collectively referred
to as user generated content (UGC). Over the last decade,

UGC has been widely used to determine the key factors
for any specific topic [4], [24], [38]. Table 5 shows the basic
characteristics of the analyzed profiles of financial entities.
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FIGURE 1. Global positioning of the entities under study.
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FIGURE 2. Data extraction process.

TABLE 5. Number of extracted tweets, profile name, and number
of followers.

HashTags Tweets Profile Followers
#Santander 2002 (@bancosantander ~ 57.8k
#BBVA 2406 @bbva 95k
#Caixabank 1253 (@caixabank 41.8k
#ING 26 @ING_news 38.9k
#Bankia 955 (@Bankia 25.1k

#Sabadell 756 (@BancoSabadell 43k

Algorithm training was performed after identifying the
contents exclusively related to the research topic, includ-
ing also ironic and sarcastic comments included [17].

VOLUME 7, 2019
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Throughout the entire process, the contents that were
not related to the financial industry were discarded from
the sample and training. The average accuracy for pos-
itive tweets was 0.679 percent, 0.701 percent for neu-
tral tweets, and 0.702 percent for negative tweets (see
Figure 3). The most commonly used measure to mea-
sure the accuracy of a sentiment analysis algorithm is
Krippendorff’s alpha. Krippendorff’s alpha should be equal
or above 0. 667.

Values above this threshold indicate that the algorithm has
been trained a sufficient number of times and its predictive
capacity is sufficiently high [17].

In the absence of knowledge of the risks of making false
conclusions from unreliable data, social scientists rely on
the data with reliabilities « > 0.800; furthermore, the data
with 0.800 > « > 0.667 are considered only to draw

37105



IEEE Access

J. R. Saura et al.: Comparing a Traditional Approach for Financial Brand Communication Analysis

Positive
Sentiment

Neutral
Sentiment

Sentiment

Analysis

Negative
Sentiment

FIGURE 3. Sentiment Analysis conclusions’ reliability of Krippendorff's
alpha value.

tentative conclusions; finally, the data with agreement
measures o < 0.667 are discarded (see Table 6).

TABLE 6. Sentiment analysis conclusions’ reliability (Krippendorff's
alpha).

Conclusions Krippendorff’s
reliability alpha value
High a.>0.800
Tentative a>0.667
Low a<0.667

The average accuracy across three types of sentiments was
0.711. The total of positive tweets was 1,793; furthermore,
3,207 tweets were neutral, and 1,446 tweets were negative.

In the second step, the sentiment analysis algorithm that
classifies each of the tweets to negative, neutral, or positive
feelings was applied. As indicated before, a total of 1,793 pos-
itive tweets, 3,207 neutral tweets and 1,446 negative tweets
were obtained and further subdivided by financial entity and
accuracy percentage (see Table 7).

TABLE 7. Sentiment of tweets according to company.

Entities Positive  Neutral = Negative i:::iiiy
Santander 543 703 160 0.689
BBVA 632 940 308 0.709
La Caixa 198 628 430 0.652
ING 3 17 6 0.812
Bankia 26 535 561 0.734
Sabadell 44 384 328 0.620
37106

The average of the order percentage (P) of positive and
negative tweets is shown in Table 7. There were on average
14.5% positive tweets, 48% neutral sentiment tweets, and
29% negative tweets. These results suggest that users more
frequently express negative rather than positive opinions
about financial companies on Twitter [4].

Furthermore, as concerns the brand image of the studied
financial entities, the order of companies depending on the
number of positive sentiment tweets they received was as fol-
lows: Santander (27), BBVA (26), La Caixa (15), ING (11),
Sabadell (5), and Bankia (3).

Likewise, the order of companies depending on the num-
ber of negative sentiment tweets they received was as fol-
lows: Bankia (54), Sabadell (43), La Caixa (34), ING (23),
BBVA (12), and Santander (8).

Neutral tweets were defined as contents that do not affect
the reputation of the brand (neither positively nor negatively).

V1. DISCUSSION

In the present study, we focused on investigating consistency
and complementarity of two research methodologies and
their results. The used methodologies were the PEI method
and sentiment analysis. Both methods have been widely used
in the field of marketing to study the brand image from the
traditional and digital perspective.

In our results, an interesting finding that we obtained
using the PEI method was the importance that respondents
attributed to confidence / security. This importance of confi-
dence and security can be explained by the economic situation
observed in recent years in Spain—specifically, throughout
the period of insecurity and distrust in the financial indus-
try. Furthermore, our finding that the two brands that were
identified as more similar were Banco Santander and BBVA
and that the two received the highest number of positive com-
ments (the average accuracy: 0.679) could be explained by
the fact that, in recent years, these two entities have become
known for their solvency and their lack of involvement into
all types of conflicts or bad business practices, which has
allowed them to position themselves as two solvent compa-
nies in the financial market. By contrast, the financial entities
with the worst negative results were Bankia and Sabadell
(the average accuracy: 0.702). As in the case outlined above,
these results are directly linked to the reputation and corporate
identity policies maintained by financial entities in the digital
environment.

Furthermore, we also observed a strong coherence between
the recent events in Spain and the perception of the brand
images of the financial entities by our interviewees. More
generally, our results highlight that it is possible to use data
from SNS such as Twitter to measure use feelings towards
brand images of financial entities [15], [36]. In recent years,
Twitter has emerged in the new digital paradigm as a SNS
where users make comments and show their opinions on
specific issues and which are linked around #Hashtags. In the
present study, we have demonstrated that this new bidirec-
tional paradigm of digital communication of the 21th century
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TABLE 8. Average sentiment of tweets according to company.

Positive Neutral Negative
Entities Total Tweets Percentage Tweets Percentage Tweets Percentage
Santander 2002 543 27 703 35 160 8
BBVA 2406 632 26 940 39 308 12
La Caixa 1253 198 15 628 50 430 34
ING 26 3 11 17 65 6 23
Sabadell 756 44 5 384 48 328 43
Bankia 955 26 3 535 56 561 58
can be meaningfully used for the analysis of the reputation of REFERENCES

financial companies [4], [32], [33].

VII. CONCLUSIONS

The growing number of social platforms and the number
of devices connected to the Internet create a multitude of
social data. These social data pose great challenges in terms
of their analysis by companies. With the development of
new technologies and new digital communication processes,
it is imperative to enhance the current understanding of the
possibilities offered by social data for brand communication
analysis in the financial sector.

In this context, the present study has compared two
research methodologies, the PEI method and the sentiment
analysis. Sometimes, social data generated by users are dif-
ficult to obtain. With Sentiment Analysis technique, data
collection uses mechanisms based on machine learning to
download and analyze Tweets [37], [38], which allows a
quicker data understanding and in a clearer way than con-
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yield highly comparable results. However, the methodology
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