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Abstract
The way we are communicating is continuously changing. Mobile phones, the Internet
and social media have become common, and people share contents more than ever before.
In the information and communication technologies era, things are moving incredibly
quickly, and people are expending more time communicating, connecting with people in
different ways. But all those all-new ways of communicating, I believe social media is the
most important. The rise of social media has considerably social and political
implications. Indeed, the explosion of microblogging and professional networking sites
and with the advent of what we know as big data has ushered exciting developments.
In this thesis, I have considered focusing on two social media platforms, based on the
following reasons. First, Twitter has been one of the major sources of gathering and
analysing crowd opinion about different topics, which include the markets, diverse types
of organisations, politics, trends, and the companies’ strategy. The millions of tweets sent
every day are a plethora of finding words and related sentiment with it. Twitter is
considered an ideal source for spotting information about societal interest and general
people’s opinion (Khan et al., 2015).
Second, LinkedIn, which is a professional social media and it is distinctly known as a
powerful networking tool for companies and people related to the job market that enables
its users to display their curricular information and to establish connections with other
professionals (Dai et al., 2018). The companies’ interaction in LinkedIn has become an
excellent channel to connect clients with organisations or users, providing a suitable
platform to understand the behaviour of their users and their discourse towards
determined topics.
In this setting, social media analysis collects valuable data drawing actionable
conclusions, based on the data from posts, interactions, campaigns, and in various
designated situations. Thus, I considered determining measuring strategies embracing
different contexts and applying opinion analysis in order to provide a framework tackling
the challenges of obtaining knowledge from data in social sciences ambit. In the first
context analysed, it was scrutinised the Spanish general elections in their political
environment. In the second place, the knowledge-intensive business services focused on
consulting companies, covering topics such as innovation and entrepreneurship. In the
third place, the companies who alleged that are currently using open innovation strategy.
In this study, it was proposed a novel approach, consisted of the quantification in social
media platforms to obtain meaningful information for better social phenomena
comprehension in changing scenarios. Thereby, carried out text mining, and developing
indicators, and the application of machine learning techniques—in addition to qualitative
approach—, obtaining knowledge from different backgrounds applying metrics with data
collected from Twitter and LinkedIn.
This thesis contributes to the implementation of deductive, inductive, and abductive
reasoning in diverse scenarios, and the adoption of social media as a barometer towards
xiii

users preferences, the literature in the Spanish language in sentiment analysis, the useful
combination of theoretical frameworks that allows the organisational change capacities
and to discover hidden information underlying into a massive amount of data. In
summary, this work has explored the implementation of social media analysis, helping to
the in-depth comprehension of individuals’ and organisations’ behaviour, through the
studies examined.

Keywords:
Social media analysis, Twitter, LinkedIn, text mining, machine learning, natural
language processing, sentiment analysis, indicators development, quantification,
electoral process, innovation, entrepreneurship, knowledge-intensive business services,
open innovation, dynamic capabilities theory.
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Resumen
La forma en que nos comunicamos cambia continuamente. Los teléfonos móviles, Internet
y las redes sociales se han vuelto comunes y la gente comparte contenidos más que nunca.
En la era de las tecnologías de la información y la comunicación, las cosas se están
moviendo increíblemente rápido y la gente dedica más tiempo a comunicarse, y a
conectarse de diferentes maneras. Pero de todas las nuevas formas de comunicación,
considero que las redes sociales son las más importantes. El auge de las redes sociales
tiene considerables implicaciones sociales y políticas. En efecto, la explosión del
“microblogging” y los sitios de redes profesionales, además del advenimiento de lo que
conocemos como big data, han marcado el comienzo de desarrollos interesantes.
En esta tesis, he considerado centrarme en dos plataformas de redes sociales, por las
siguientes razones. En primer lugar, Twitter ha sido una de las principales fuentes de
recopilación y análisis de la opinión de la multitud sobre diferentes temas, que incluyen
los mercados, los diversos tipos de organizaciones, la política, las tendencias y la
estrategia de las empresas. Los millones de tweets enviados todos los días son una plétora
de palabras y para encontrar sentimientos relacionados con ellas. En efecto, Twitter se
considera una fuente ideal para encontrar información sobre los intereses de la sociedad
y la opinión general de la gente (Khan et al., 2015).
En segundo lugar, LinkedIn, que es una red social profesional y es ampliamente conocida
como una poderosa herramienta de articulación para empresas y personas relacionadas
con el mercado laboral que permite a sus usuarios mostrar su información curricular y
establecer conexiones con otros profesionales (Dai et al., 2018). La interacción de las
empresas en LinkedIn se ha convertido en un excelente canal para conectar clientes con
organizaciones o usuarios, proporcionando una plataforma adecuada para entender el
comportamiento de sus usuarios y su discurso hacia determinados temas.
En este entorno, el análisis de redes sociales recopila datos valiosos que extraen
conclusiones procesables, basadas en los datos de publicaciones, interacciones,
campañas y en varias situaciones designadas. Así, consideré determinar estrategias de
medición que abarquen diferentes contextos y aplicar el análisis de opinión con el fin de
brindar un marco que aborde los desafíos de obtener conocimiento a partir de datos en
el ámbito de las ciencias sociales. En el primer contexto analizado, se escudriñó las
elecciones generales españolas en su entorno político. En segundo lugar, los servicios
empresariales intensivos en conocimiento enfocados a empresas consultoras, abarcando
temas como la innovación y el emprendimiento. En tercer lugar, las empresas que
alegaron que actualmente están utilizando la estrategia de innovación abierta.
En este estudio se propuso un enfoque novedoso, que consistió en la cuantificación en
plataformas de redes sociales, para obtener información significativa para una mejor
comprensión de los fenómenos sociales en escenarios cambiantes. De esta manera, se
llevó a cabo la minería de textos, y el desarrollo de indicadores, y la aplicación de
técnicas de aprendizaje automático—además del enfoque cualitativo—, obteniendo

xv

conocimientos de diferentes orígenes aplicando métricas con datos recolectados de
Twitter y LinkedIn.
Esta tesis contribuye a la implementación del razonamiento deductivo, inductivo y
abductivo en escenarios diversos, la adopción de las redes sociales como barómetro de
preferencias de los usuarios, la literatura en lengua española en el análisis de
sentimientos, la combinación útil de marcos teóricos que permiten las capacidades de
cambio organizacional y el descubrimiento de información oculta subyacente en una
gran cantidad de datos. En resumen, este trabajo ha explorado la implementación del
análisis de redes sociales, ayudando a la comprensión en profundidad del
comportamiento de individuos y organizaciones, a través de los estudios examinados.

Palabras clave:
Análisis de redes sociales, Twitter, LinkedIn, minería de textos, aprendizaje automático,
procesamiento del lenguaje natural, análisis de sentimientos, desarrollo de indicadores,
cuantificación, proceso electoral, innovación, emprendimiento, servicios empresariales
intensivos en conocimiento, innovación abierta, teoría de las capacidades dinámicas.
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CHAPTER 1. INTRODUCTION
“Learn from yesterday, live for today, hope for tomorrow.
The important thing is to not stop questioning.”
-Albert Einstein
This is the introductory section of the thesis that comprises the problem setting and gives
the reader an overview of the research field that covers social media analysis. This
chapter introduces the problem, motivation, research objectives and questions. In the
end, the structure of the thesis is outlined.

1.1.

Prelude

The definition of social media, according to the Cambridge Dictionary, is the “websites
and computer programs that allow people to communicate and share information on the
internet using a computer or mobile phone.” Oxford Dictionary defined as “websites and
applications that enable users to create and share content or to participate in social
networking.” Based on the previous definitions, we noticed that social media is about
communication, and consequently, it has become a technological revolution in how
humans interact.
Kaplan & Haenlein (2010) describes social media as a “group of Internet-based
applications that build on the ideological and technological foundations of web 2.0, and
that allow the creation and exchange of user-generated content (UGC).” Moreover, social
media are defined as the means of interplays between people where they communicate,
collaborate and share knowledge in a social exchange as originators of UGC in an online
community (Sobaih et al., 2016). Contents flow from people that voluntarily provide data,
information, or media contents on the Internet, growing fast mainly because it is
inexpensive to obtain, giving recognition to suppliers or entertaining or knowledge for
consumers (Krumm et al., 2008).
Social media is somehow a cluster into a broader area where platforms, data, users, and
information technologies are all interacting. It has created a new social environment that
allows communication among users that are interacting in the cyberspace. Furthermore,
1

it has changed our ways to interrelate among ourselves and towards the rest of the world.
Hence, the appearance of social media has altered individual lives, business services, and
relational interactions within various communities remarkably, leading directly to the
development of academic research and studies on social media adoption (Ngai et al.,
2015).
Nowadays, hundreds of millions of users are contributing to social media sites such as
Facebook (FB), Twitter, and LinkedIn, that are growing with applications and gaining
presence in all kinds of activities and areas. These sites are relevant hallmarks of a social
phenomenon since its blizzard explosion. Likewise, social media is often seen as a
transformative progression that has shaped the web 2.0 from an absolute absence of
digital media into an unparalleled dynamic means (Mansour, 2013).
To have an idea of the magnitude of social media today, the data associated with it is
staggering. Currently, FB has more than two thousand two hundred million active users,
more than five hundred million “tweets” are generated every day, and 79% of marketers
believe that LinkedIn is a handy marketing channel1. The opportunity of communicating
among millions of users in real-time has given rise to the conception of very engaging
online content by users from diverse backgrounds. In a short time, social media have
transformed the way that we interact, live, and work.
Jarrahi & Sawyer (2013) had pointed out that Twitter, LinkedIn, and blogs, are capable
platforms for distributing informal knowledge and innovative ideas within and across
organisations through establishing expertise, socialising, and networking. The
understanding of actual media content may provide significant discoveries to bring new
opportunities concerning markets, business, politics, and many other sectors. New tools
and algorithms are helping to discover meanings from the source of data flows, and
research in this area is expanding swiftly. Notably, social media has been converted into
a source of high interest to be considered in several disciplines (computer science,
humanities, and social sciences), and the academic world.
In the same line, the analysis of peoples’ opinion in social media has been increasingly
attracting the attention of academic and industry researchers interested in their advantages
and scope. Furthermore, the investigation of social media comments had overflowed due

1

See: https://kinsta.com/es/blog/estadisticas-de-linkedin/
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to the enormous data treatment capacity that has completely altered how to analyse social
phenomena. The research in this field has created a new path of communication,
providing more value in the quantitative analysis, rather than traditional methods to obtain
helpful comprehension of the new paradigm in the socio-technological transformation in
recent years (Rathore et al., 2016; Toscani et al., 2018).
In the last decade, social media platforms have become a space of most considerable
interest in social collaboration and information sharing among its users. Above all, the
leading role of these platforms is related to users who were provided with new tools to
create and share content, ideas, and opinions, besides distributing it along with integrating
into their daily routine (boyd & Ellison, 2007; Hanson et al., 2010; Kim et al., 2010; Poria
et al., 2016), and this interaction has allowed engaging with their friends and communities
all over the world. Likewise, companies, politicians, artists, and ordinary people took it
the advantage of this context. They performed new types of interactions, disseminating
ideas, offering products and services, expressing concerns, and even business strategies.
Due to the massive increase in social media use, it has been created a useful data platform
to comprehend a vast number of topics and situations that researchers can learn and be
benefitted (Yahia et al., 2018). As Cambria et al. (2013) pointed out, “capturing public
opinion about social events, political movements, company strategies, marketing
campaigns, and product preferences is garnering increasing interest from the scientific
community (for the exciting open challenges), and from the business world (for the
remarkable marketing fallouts and for possible financial market prediction).” As a result,
organisations are dealing with new technologies that appeared as exceptional
opportunities to know better the current situation and their future.
Though, the wide range of possibilities related to technologies is also coming with new
challenges to face up them in innovative ways. As an example, the efforts regarding the
data collected from social media are focusing on the development of new products,
campaign performance, to distinguish the preferences and trends, or to consider the
behaviour of potential customers (Venkatraman et al., 2012). Moreover, data retrieved
from social media could give us responses to situations inserted in a certain environment.
Consequently, organisations and individuals, political parties, among other stakeholders,
should be aware of their data to make better decisions regarding their strategy and the
directions in which they are considering going further.

3

1.2.

Problem setting

Traditionally, surveys have been used as a primary tool to inquire about products or
services to obtain people's opinions (e.g., about product quality, campaign performance,
etc.). The problem regarding the survey method, in addition to the cost, is that it requires
vast amounts of samples to obtain valuable information (Ordieres-Meré & FrancoRiquelme, 2017). The expansion of a more sophisticated text processing shifted into new
opportunities to collect data, besides surveys, based on digital sources.
Computational text processing is one of the most significant tasks of social media
analysis, and some of them have been solved. Some examples are the spam detection, the
labelling of sentences, the recognition of entities, automatic translation, information
extraction, grammatical analysis, and others, which have achieved significant progress in
recent years (Hirschberg & Manning, 2015; Jurafsky & Martin, 2008; Manning &
Schütze, 1999). Nevertheless, if dealing with a non-standard Spanish (or other languages)
implies abbreviations and regionalisms, or the problems of phrase segmentation,
neologisms, names of deceitful entities, spelling errors, are yet issues to be solved. All
these effects are typical in social media, and they are part of the dynamics of human
language that these techniques must be able to be efficiently managed so that they are
effective.
The investigation of social media has been overflowed due to the challenging data volume
that has completely altered how to analyse social phenomena, taking it as a valid
alternative to surveys (Gupta et al., 2018). In this sense, the application of quantitative
methods to solve problems (Sánchez-Gómez & García, 2018) originally from the social
science field has converged in a hybrid approach to face the big data sources, is required
to be elucidated. Also, adequate resources for quantification in this field is still a pending
task (Senders et al., 2019). Furthermore, Ghiassi et al. (2013) identified four distinct
problem areas associating with social media analysis that require further investigation:
data gathering, determination of a sentiment scale to apply to the data, feature
engineering, and evaluation and classification of messages.
According to Warner-Søderholm et al. (2018), the unparalleled popularity of social media
for gathering massive data raises critical questions regarding acquiring trustworthy
information. Additionally, problems, such as biased sources, wrong techniques
application, sarcasm, bots, fake news, and users, among other concerns, could create some
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difficulties in obtaining a certain level of information, accurately (Jurafsky & Martin,
2008). The structured patters or categories classification and some issues were defined by
the lack of accuracy regarding data modelling in comparison to traditional research
(Oliveira et al., 2017). Under this circumstance, providing accurate outcomes is a
recurrent claim for organisations, business, campaigns, election results, etc.
Moreover, dealing with data coming from social media sources are not exempt from
controversy. It is well known the case concerned to Cambridge Analytica (CA) "affair"
(Bruns, 2019), which involved the illegitimate data acquisition of 50 million2 of FB
profile harvested by CA for Donald Trump’s campaign. This scandal had repercussions
in events of fundamental connotations such as the 2016 US presidential election, with the
consequent election of Donald Trump, as well as Brexit referendum result in the UK also
in 2016, to cite the most notorious cases3. The ramifications of the series of scandals
caused a severe restriction to the access of its API4s in two key platforms: FB and Twitter
that had political implications when it was revealed in 2018 (Venturini & Rogers, 2019).
Some studies addressed social media and open innovation (OI) as a source of external
knowledge for service and products developments (Roberts et al., 2016), human resources
(Corral de Zubielqui et al., 2019) or in the role to support sustainable tourism through
(Del Vecchio et al., 2018). However, its utility to understand social phenomena is has to
be tested, as a tool to foster innovation and to define the organisations' strategy (Mount
& Martinez, 2014; Teece, 2020).
In short, it is still needed to consider social media as a relevant source of knowledge to
understand the current and future situation, for those who are dealing with this data source
concerning the innovative and technological changing scenarios (Du et al., 2016; Scuotto
et al., 2017).

2

See: https://www.theguardian.com/news/2018/mar/17/cambridge-analytica-facebook-influence-uselection
3
See: https://www.theguardian.com/news/2018/mar/17/data-war-whistleblower-christopher-wyliefaceook-nix-bannon-trump
4
API is the acronym for Application Programming Interface, which is a software intermediary that allows
two applications to talk to each other.
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1.3.

Motivation to the research area

The way we are communicating is changing, and mobile phones, broadband internet and
social media have become common, and people share more than ever before. We have
hundreds of TV channels, we have fantastic high-speed computers, and we have mobile
phones, and not just to talk, but to send messages, to send pictures, to listen to the music.
In communications technology thing are moving incredibly quickly, and people are
expending more time communicating, connecting with people in different ways.
Nevertheless, all those all-new ways of communicating, I believe social media is the most
important. The rise of social media has considerably social and political implications. The
explosion of microblogging and professional networking sites and with the arrival of the
big data era has led to exciting changes in today's society.
The possibility of obtaining information in a flourishing research domain such as social
media analysis is a subject that attracted me five years ago, at the beginning of my
doctoral journey. Since I started to explore on political events, the possibility arose to
study the information flows in the electoral periods to try to offer a previous vision of the
intention to vote based on different variables (e.g., geolocation, gender, social group,
etc.). For that reason, I considered being useful to obtain knowledge about social media
users, and their behaviour regarding candidates and political parties, for the
comprehension of this area.
The research of computational social science that implies technological sources and the
extension to other fields such as business, commerce, and marketing, may result
interesting in the search for new research areas and topics. Indeed, digging into the social
media discourse of diverse types of organisations implies a significant advantage through
ground-breaking ways to extract information from vast amounts of data. Moreover, the
examination of studies focusing on social media, and choosing different research
environments, may contribute to an ideal setting to track or measure interesting
developments of social science ambit.
The social media analysis has application in areas such as behaviour analytics, locationbased interaction analytics, link prediction, customer interaction, and marketing, among
other fields (Prakash Verma et al., 2016). In this context, this type of analysis could be
beneficial to solve the problem of significant knowledge about social phenomena that
6

happens in the current technological field. Besides this analysis, it is possible to access to
relevant information about events, topics, artists, and companies, estimating preferences,
and marketing applications, predictive models, and new methods generated from massive
sources.
A question emerges: if the amount of data coming from social media could be quantified?
Taking advantage of this source requires researchers and practitioners, to deal with an
immense amount of data produced by platforms such as Twitter and LinkedIn. The
research in this field involved the quest for patterns, knowledge of preferences of those
who recurred use social media daily. Moreover, it becomes a space of the most
considerable interest in social collaboration and sharing information among its users,
which has been attracted to researchers of diverse areas. As a new resource, either for
academic reasons, business purposes or decision-making research, this work
encompasses the examination of social phenomena associated with the new technologies.
Furthermore, among its attributes pointed by Farzindar (2014), some examples that justify
the research in social media: conversation elapses in real-time, and geolocation is relevant
to define places, a topic related conversation including sentiments, neologisms, and
incentives. Also, the text is non-structured, presenting many formats, many languages,
and styles, the chat slang, and contributors are non-professional writers, contributes to
understanding research subjects in its environment naturally. In this sense, organisations
should consider a systematic study of social media that is bringing them a source of data
to turn them into adequate information to improve their business activity or other
purposes.
This thesis is in line with the necessity to the quantification of social media that converge
in different contexts and their nexus to the social phenomena. Moreover, to acknowledge
how organisations behave in an iterative process might provide an excellent proxy to
measure events and other topics interest using computational techniques dedicated to vast
quantities of texts. For that reason, it is sought to explore the state-of-the-art in social
media to understand the interplay between individuals and organisations in unstructured
contexts.
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1.4.

Research objectives and questions

Analysing the vast amount of data coming from social media can yield an invaluable
source of information, which cannot only be obtained through traditional outlets
(Farzindar, 2014). Foremost, dealing with extensive text collections can be resulted in a
complicated assignment and involves the context, problem domain, and certain actors to
do adequate research and the application techniques (Jurafsky & Martin, 2008; Sohangir,
Wang et al., 2018).
It is, therefore, essential to estimate whether additional, non-explicit information could
be gathered from facts, or emotional, and unstructured situations. If so, could
environmental factors affect the context of the investigation? These factors are playing a
pivotal role in semantic on social media analysis to understand the complex process
involving "feature engineering" to tackle the challenges for obtaining relevant
information. Moreover, to design indicators, and its consequent outcomes, may result
from the study of quantification and theoretical bases.
The research interest is the quantification of the interplay between individuals and
organisations in social media, which could be considered as an ideal framework to apply
social media analysis in different contexts.
Hence, the overarching research aim of this thesis is to investigate different
quantification strategies in social media. With this purpose, this study focuses on the
importance of measurement in social science and the exploration of diverse scenarios,
using two social media platforms: Twitter and LinkedIn.
Following the identification of the research aim, the following sub-objectives of this study
have been formulated:
1.

To reveal a social media-based indicator to measure users´ activity

towards political parties in an electoral process.
2.

To develop an indicator based on topics such as innovation and

entrepreneurship in social media.
3.

To understand the OI paradigm and measure through primary and

secondary sources, its strategical capabilities in social media.
To achieve these sub-objectives, the following research questions have been formulated:
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1)

How social media comments could be used as a barometer to measure

positive feelings regarding political parties?
2)

How could be defined employees´ influence in social media based on

topics, its correlation and polarity?
3)

How it could measure the companies´ openness degree, and it can be

explored its capabilities to face changing scenarios in social media?

1.5.

Thesis structure

The thesis consists of five chapters:
Chapter 1 introduces the focus of the thesis, sets the research problem, and the
motivation to the research area. It also presents the aim, the objectives and research
questions.
Chapter 2 provides the background of social media analysis, quantification strategies,
the main tools and computational techniques and the research scenarios.
Chapter 3 explains the overall investigation procedures and provides the methodological
approach designed to clarify the path of the research applications, which involves the
techniques applied in the three defined contexts.
Chapter 4 provides the outcomes regarding the different scenarios analysed along with
this work. In addition, the discussion regarding these results is given.
Finally, in Chapter 5, conclusions, limitations, and future research is given, followed by
the contributions and implications of the thesis.

9

10

CHAPTER 2. BACKGROUND
“What we know is a drop, what we don't know is an ocean.”
-Isaac Newton
This chapter presents an overview of the literature, that is provided in line with the
previous works that have been examined. This section contains social media analysis
approaches revision, the machine learning (ML) techniques, the large-scale text
treatment background, and the exploration of the research context identified in Chapter
1, to set proper support for the investigation.

2.1.

Data analysis and the social media context

Since the first decade of the XXI century, as a result of the data "deluge," originated by
smartphones, open data, sensors, web 2.0, social media platforms, have been created new
opportunities to obtain advantages of data coming from a broad range of sources (BelloOrgaz et al., 2016). These sources generated widespread research on digital traces, human
interaction, and its whole communication, leading to an exponential growth of
information produced by users in digital media (Batista et al., 2019).
Thus, big data could be defined as large volumes of widely varied data, that are created,
captured, and handled at high velocity (Günther et al., 2017; Laney, 2001). The data
source coming from social media has been considered as an instance of big data in the
literature (Arnaboldi et al., 2017; Jiang et al., 2017; Zhang et al., 2015). Indeed, data have
been exponentially overgrown and being mostly unstructured sources, given that it
increased the difficulty for the extraction, analysis, and understanding of the resulting
information. In addition, the increased availability of complex data that required the use
of new analytical approaches to be performed in a depth-wise manner. Focusing on
human-generated data, might be linked through activities on social media engagement,
online forums, and search activities, among other actions (Gupta et al., 2018).
Technology facilitates to capture abundant and profuse data in real-time, and data offer
behavioural understandings about social media users. Consequently, data should be
analysed and then transformed to become information, and after that, to be converted into
knowledge. About analytics, which is a crucial step for data transformation, “it generally
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refers to tools that help find hidden patterns in data” (Erevelles et al., 2016). Further,
despite the extended use of large-scale data derived from social media, still, there are
technical difficulties to keep in mind about the desired benefits. Although there are
evident advantages in the use of analysis of people’s comments offers such as immediacy,
cost reduction, and user involvement.
This situation led to the development of the scrutiny in social media, systematically.
Furthermore, a study conducted by the Gartner Group in 20105 revealed the ten strategic
technologies for 2011. Among them was the social (media) analytics, which is described
as "the process of measuring, analysing, and interpreting the results of interactions and
associations among people, topics and ideas." This process comprises four distinct steps,
data discovery, collection, preparation, and analysis (Stieglitz et al. 2018). It includes a
series of specialized analysis techniques such as social filtering, social-network analysis
(SNA), sentiment analysis, and other analysis that circulate through them and the study
of social media users. These tools are useful for exploring social composition and
relationships, aside from the behavioural patterns of individuals and organisations,
including data acquisition from various sources, identifying similarities, and evaluating
their influence, quality, or effectiveness.

2.1.1. Twitter
In July 2006 Jack Dorsey, Noah Glass, Biz Stone, and Evan Williams launched Twitter6.
Twitter, Inc. is based in San Francisco, California, and in the first quarter of 2019
employed 4,900 people7, it averaged 330 million monthly active users8. This
microblogging company consist of social networking service on which users post and
interact with short messages called “tweets.” Tweets were initially restricted to 140
characters but was doubled to 280 characters9 in length and can be viewed by the user´s
followers.

5

https://www.businesswire.com/news/home/20101019007069/en/Gartner-Identifies-Top-10-StrategicTechnologies-2011
6
https://en.wikipedia.org/wiki/Twitter
7
https://www.statista.com/statistics/272140/employees-of-twitter/
8
https://www.statista.com/statistics/282087/number-of-monthly-active-twitter-users/
9
Since September 26, 2017, Twitter extended the text limit of a post on its service to 280 characters, from
originally 140 characters: https://www.nytimes.com/2017/09/26/technology/twitter-280characters.html
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In Twitter, people express their emotions, and their likes (i.e., favourites) and retweets
(Cesteros et al., 2015), giving a source of metadata, available to be analysed. Researchers
and practitioners noticed the importance of a blossoming area of research about Twitter
in fields such as business intelligence and analytics, recommender systems, graphical
interfaces, and virtual assistance, and even social issues as a climate change, health issues,
and politics, where the information source and discussion are becoming commonplace for
users in general (Cody et al., 2015; Martinez-Camara et al., 2012). From its early years,
it became a prime platform for developing a framework that allows for IR to support the
analysis, and management of the massive volume of social media data (Bollen et al., 2011;
García-Crespo et al., 2017).
Twitter, has become a popular communication tool in the cyberspace (Pak & Paroubek,
2010) that implies the following reasons: (i) it is used by different people to express their
opinions about diverse topics; (ii) contains a large number of text messages that is
growing day by day; (iii) the audience varies from ordinary users to celebrities, company
representatives and politicians and; (iv) their users belong to many countries. However,
there is a restrictive factor that has limited in respectively post in Twitter, which forces
the conciseness and entails an expansive factor that allows tweets to reach far (Congosto
et al., 2011).
Likewise, Twitter users' have propagation capacity proportional to their number of
followers, but the followers of the followers can retransmit the message without
limitations. Additionally, it is possible to mention other users or classify messages by
hashtags. Hence, public information on Twitter as a data source of users' opinion analysis
expanded rapidly due to its significant volume of information (Agarwal et al., 2011; Pak
& Paroubek, 2010). This situation made it an attractive research field, getting interesting
business-oriented insights, recommendations, and analytical outputs, for diverse
organisations

2.1.2. LinkedIn
LinkedIn is a social media focused on business and employment service that operates via
websites and mobile applications. LinkedIn was created in December 2002 by Reid
Hoffman, and officially was launched on May 5, 2003, and as of March 2020, LinkedIn
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had 645 million registered members in over 200 countries and territories 10. It has more
than 16,000 full-time employees with offices in more than 30 cities around the world11.
In the 2019 fiscal year, LinkedIn brought in US$ 6.8 billion worth of revenue,
contributing to US$ 38.1 billion of commercial cloud revenue for Microsoft, which in
turn made up part of US$ 126 billion total revenue12.
This social media is mainly used for professional networking, including employers
posting positions and job seekers posting their resume. LinkedIn provides to workers and
employers the possibility to generate profiles and create a network with each other in an
online environment that may represent real-world professional associations. Therefore,
users can invite anyone to become a contact and connect to colleagues within and outside
their professional networks (Papacharissi, 2009).
Between the professional network sites such as LinkedIn, Xing, beBee, among others, the
first is the largest professional social media site in the world (Bridgstock, 2019; Tifferet
& Vilnai-Yavetz, 2018; Utz & Breuer, 2019). Differently than FB, Instagram, Twitter,
among other social media sites, where these are essentially employed for leisure
objectives, LinkedIn allows people to find a job, and to connect with others beyond
organisational barriers, in contrast to companies-internal networks.
LinkedIn is an attractive platform to obtain data from companies and users. For instance,
some reasons stated by Breitbarth (2017) for using LinkedIn include researching people
and companies (77%), reconnecting with past colleagues (71%), uncovering potential job
opportunities (41%), networking (39%), and increasing marketing presence (39%). Still,
LinkedIn has not been extensively examined (Kluemper et al., 2016), as in the case of
Twitter and other social media. However, massive amounts of data from LinkedIn allow
scientists and data-oriented researchers to extract insights and create outcome highlights
(Sumbaly et al., 2013)
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https://about.linkedin.com/es-es
https://news.linkedin.com/about-us#statistics
12
https://www.businessofapps.com/data/linkedin-statistics/
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2.2.

Machine learning usage for data treatment

In the 1940s and 1950s, research conducted by Alan Turing, among other scientists,
initiated a new field in sciences—artificial intelligence (AI)—and theoretical computer,
both the primary background of the future computational advances that shaped the world.
This markedly brought a formalisation of the concepts of algorithms and computation
with the Turing Test, ML, genetic algorithms, and reinforcement learning (Rusell &
Norvig, 2010). As a consequence of exponential growth in computer power calculation
(Denning & Lewis, 2017), and large amounts of data in quantitative research, analytical
alternatives such as ML has emerged (see Figure 2.1).

Figure 2.1: Data science Venn Diagram
(Sources: KD Nuggets and Drew Conway13).
ML is defined as a combination of several disciplines such as statistics, data mining,
information theory, algorithms, probability, and functional analysis, and it explores the
construction of algorithms for predictions, classification, through building models from
13

https://www.kdnuggets.com/2016/03/data-science-puzzle-explained.html and
http://drewconway.com/zia/2013/3/26/the-data-science-venn-diagram
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sample inputs (Munoz, 2014). The knowledge of mathematical optimization delivers
methods, theory, and application domains to this subset of AI. Intrinsically associated is
data mining, which is a field of research within ML and converges on exploratory data
analysis through algorithms modelling (Hastie et al., 2009). There are four ML wellknown implementations: supervised learning, unsupervised learning, semi-supervised
learning, and reinforcement learning. In its utilisation across business problems, ML is
also associated with behavioural analysis, predictive analytics, segmentation, sentiment
analysis, classification, clustering, regression, decision trees, inference, patron
recognition, probability, and many other techniques (Serrano-Cobos, 2014).
ML, data mining, statistics, and econometrics converged in the data analysis field centred
on collecting knowledge from data for businesses and organisations of all kinds, and this
situation has also been conveyed to the academic field (Bravo-Marquez, 2013). Indeed,
capturing input through data mining and modelling the information resulted using ML
techniques, have been intensively used in several academic works (Ghani et al., 2019; Li
& Wu, 2010; Stieglitz et al., 2018; Törnberg & Törnberg, 2016; Wang et al., 2014). All
these works have in common that the investigation has been conducted on social media.
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Figure 2.2: Different disciplines related to data mining
(Source: adapted from Beltrán Pascual (2015)).

2.2.1. Data mining
In a new paradigm where converge social media datasets that, due to their large size, is
difficult to manage them with the typical analysis, it might be considered the ability to
analyse inputs from a different perspective (Arnaboldi et al., 2017; Bifet, 2013). In this
situation, data mining provides a solution through an iterative process that combines
experience on a given problem with a variety of traditional data analysis techniques and
advanced ML techniques to discover relationships in knowledge to make valid
predictions. The goal of data mining is thereby, to discover underlying hidden structures
in databases.
Unstructured data represents a great source of real-time estimation because of its high
frequency of creation and low-cost acquisition, and data mining, helps to identify features,
and select the best of those features is the most challenging task to undertake, especially
in big data sphere (Sohangir et al., 2018). Besides, it plays a crucial role in the fields of
statistics, databases, hardware, IR, and AI, intersecting with areas of engineering and
other disciplines (see Figure 2.2). The set of tools incorporated in data mining has been
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revealed to be very efficient, fundamentally, when the volume of the data and the
variables involved are significantly voluminous (Hastie et al., 2009).
Analysing social media data using several traditional data mining in conjunction with ML
is an active domain of investigation (Ghani et al., 2019). Among the advantages of data
mining can be referred to as the extraction of tactical and strategic information from
databases and the generation of descriptive models and predictive models. Likewise, the
great diversity of mining tools is appreciated, which facilitates the application of this
process and increases the level of confidence in its results.
Additionally, data mining always tries to discover the present and significant patterns,
profiles, and trends hidden in the data, working with pattern recognition technologies.
Accordingly, this research field takes advantage of algorithms such as classification,
clustering, association rules, and many more in exploring and discovering new
information and relationships in textual origins (Younis, 2015).

2.2.2. Text analytics
Text data mining (or text analytics) is the computerised or partially automated treating of
text (Miller, 2005). This process consists of drawing high-quality information from
diverse text sources, and its techniques include categorisation, summarization, topic
detection, concept extraction, search and retrieval, clustering, among others. They are
often used in determining non-trivial information from a collection of documents
(Hashimi et al., 2015). According to Younis (2015), "text mining is the automated process
of detecting and revealing new, uncovered knowledge and inter-relationships and patterns
in unstructured textual data resources." Due to large quantities of text, which are created
in a variety of social media, web sites, and other information employment, there has been
an enormous need to design systems and algorithms to process a mixture of text
applications effectively (Aggarwal & Zhai, 2012). Furthermore, seeking proper
procedures of IR used on social media is essential to resolving problems related to text
mining.
Previous works (Khadjeh Nassirtoussi et al., 2014, 2015) illustrated a systematic review
about applications of text mining on the analysis of financial markets using available
information about crowd behaviour on the Internet, divided by sources, in order to make
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predictions. Moreover, Hashimi et al. (2015) had identified applications on broad areas
of research, including eLearning, social networking, bioinformatics, pattern matching,
user experience, intelligent tutoring systems, among others. Similarly, text mining was
conducted to experiment trend analysis in business intelligence in combination with
research in the social sciences to facilitate qualitative research, considering it as a
promising methodological opportunity (Rose & Lennerholt, 2017).

Figure 2.3: Text mining workflow
(Source: adapted from Kwartler (2017))

Figure 2.3 shows the steps, where is defined as the basic workflow of the text mining
procedure, stated by Kwartler (2017), where he identified:
•

The problem definition

•

The identification of sources.
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•

The text organisation

•

The feature extraction stage

•

The proper analysis

•

Insights and recommendations

In social media, text mining is used to gather inputs from online databases, basically in
streaming (sometimes, there are databases stored for training purposes or even those who
are coming from data warehouses), implementing pre-processing actions to retrieve
primary information. Usually, text coming from this source is unstructured data; it is
because of that, it must be treated and converted into a comprehensive manner. Also, the
search of characteristics has to be established systematically and retrieved from huge text
collection, known as a corpus (in plural: corpora), defined as a collection of authentic
machine-readable text (Xiao, 2010).

2.3.

Human language technology

Natural language processing (henceforward NLP) is a subfield of computer science that
comprises learning, understanding, and human language production content that help with
the scrutiny of vast text collections from numerous sources (Hirschberg & Manning,
2015). This discipline is also defined as a computational treatment of opinion, sentiment,
and subjectivity in texts (Pang et al., 2002).
The origins of research on NLP can be dated back in the mid of XX century (along with
the evolution of AI), based on a seminal work carried out by Turing (1950) in computer
science (see point 2.2). Nevertheless, its practical application can be dated to the 1990s,
with the generalization of the Internet. This discipline also is known as "human language
technology" or "computational linguistics" is based on algorithms to process language,
and the formal basis for those algorithms are the facts about human language that allow
these algorithms to operate (Hirschberg & Manning, 2015). In other words, it involves
teaching computers to understand, and therefore generate human language. Thus,
considerable progress in computational linguistics has been made in the last decade, due
to increased computing power, which allowed high mathematical complexity models and
the availability of large text corpora to be processed.
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A fundamental purpose in the NLP is to reveal the content of a vast amount of texts and
find the underlying information. According to Manning & Schütze (1999), the NLP
system must be correct in terms of the disambiguation of words, sentences, syntactic
structures, and semantic scope. Also, the detection of sarcasm, which might be a pitfall
in the analysis that is used specifically to correctly categorise opinions about products,
services, and political candidates, among other areas (Mukherjee & Bala, 2017).
Russel and Norvig (2010), pointed out that understanding natural language requires an
empirical investigation of human behaviour, which turns out to be complex and exciting.
For this reason, it is a significant challenge to develop tasks such as the theory of formal
language and the grammatical structure of sentences, semantic interpretation, ambiguity,
machine translation and voice recognition. Specific conversational agent applications
(i.e., "chatbots") are well known in this area, among which Siri, Cortana, Google Now
stand out in terms of voice processing. In terms of text processing, it could be quoted the
automatic translation, using the example of the Google Translator.

Tools for text data management
There are computational solutions to be implemented on social media sources or any text
in the cyberspace that must be processed efficiently and based on text mining, ML, and
NLP, among other resources. These tools catalyse the research requirements of
organisations. In this thesis, it has been reviewed some examples, starting by Natural
Language Processing14—NLP—a software from Stanford University, then, the software
developed by the European Union (EU) co-financed project “OpenER,”15 and the Natural
Language Toolkit (NLTK16) a platform for developing Python program to work with
human language data. Correspondingly, WordNet17, a lexical database for the English
language developed by the Princeton University, and the other mentioned resources
comprehensively provide the defined NLP assignments. However, these tools are limited
to English language databases, making it impossible to perform analysis in other
languages, including Spanish.

14

https://nlp.stanford.edu/software/
https://www.opener-project.eu/
16
https://www.nltk.org/
17
https://wordnet.princeton.edu/
15
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Among the multilingual tools, it is worth to mention FreeLing18 (Padró, 2011), developed
by the Universitat Politècnica de Catalunya (UPC), which is an open-source language
implementation suite that is used extensively in some languages (including English,
Spanish, Portuguese, and Italian) to conduct text analysis and facilitate the development
of this field while revealing its sound analytical outputs. Some authors (Pla & Hurtado,
2014; Santos Deas et al., 2015; Sidorov et al., 2013) who used this tool have performed
several NLP tasks with different results; however, this was not to achieve outcomes in
sentiment analysis but to support primary analytical tasks and data processing.
A comprehensive NLP tool, LinguaKit19 defined as a suite for analysis, extraction,
annotation, and grammatical correction, it also enables the performance of different tasks,
including sentiment analysis, which provides language detection in Spanish and English
(Gamallo & Garcia, 2017). Franco-Riquelme et al. (2019), researched about political
elections to find an activity indicator, performed their polarity approach, using this tool
with good outcomes, applied to the Spanish language.

Natural language processing in Spanish language
Several academic works (Gálvez Pérez et al., 2014; Gamallo et al., 2014; MartinezCamara et al., 2013; Santos Deas et al., 2015; Vilares et al., 2013) address the
implementation of NLP techniques in the Spanish language, and that feed on usergenerated content, posing challenges in accessing and interpreting multilingual data in an
efficient, fast, and affordable way. Such is the case of the TrendMiner project (Martínez
et al., 2014) that aims to generate summaries and large-scale social media mining. In the
case of Dubiau & Ale (2013), after classifying large quantities of text under supervised
and unsupervised ML methods, confirmed that the pre-processing stage is crucial for
good results. In other studies (Cesteros et al., 2015; Pla & Hurtado, 2014), performed an
automatic sentiment analysis to obtain the polarity of a defined Spanish corpus. All these
studies have in common the implementation of the good practices of the Spanish language
from social media sources through NLP.
As an alternative, other methods such as the SentBuk (Ortigosa et al., 2014), have
collected FB messages and classified them according to their polarity, showing results
18
19

http://www.talp.upc.edu/content/tools/freeling-open-source-suite-language-analyzers
https://linguakit.com/en/about
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through an interactive interface applied to the field of e-learning. Also, in the health area,
Revert Arenaz (2014) sought to extract information from forums, emphasising comments
about medicines and their adverse effects. In the hospitality sector, (Molina-Gonzalez et
al., 2014) worked with linguistic resources in Spanish to detect the polarity of the
messages on the TripAdvisor website, obtaining highly satisfactory results.
Likewise, models such as track-it! has also been implemented in organisations, and
consist in a scheme that automates the collection of information on web sites in Spanish
and allows the analysis of corporate reputation to be carried out (Villena-Román et al.,
2014). This model permitted knowing the organisational reputation in the market,
evolution, comparison with competitors to perform the necessary corrective actions.
In short, some pitfalls increase the difficulty of the analysis in the Spanish language, such
as regionalisms, slang, and the regional variations or the difference between Latin
American Spanish, and even the combination with a foreign language (which is the case
of the “Spanglish” popularisation, which is a mix of English and Spanish languages in
the Mexican border). I assumed that the existing sentiment analysis literature in English
is broad and has been discussed deeply; however, the non-English-language research in
this field has been somewhat limited (Medhat et al., 2014). Moreover, in the Spanish
language is scarce compared to English, and some authors even translated linguistic
resources from the latter to facilitate their analysis (Henriquez Miranda & Guzman,
2016).
Although, the problem is far from being well resolved and much more effort is required
to continue its development. As an example, the following cases are:
•

Recognition of proper names: «Citizens» or Ciudadanos in Spanish could refer to
the inhabitants of a city or a Spanish political party.

•

Expressions with double meanings or sarcasm: "Yes, they are certainly immune
to problems."

•

Disambiguation "We saw a movie and then we had dinner, it was a disaster." It is
not clear if he is referring to the fact that the film was a disaster, that dinner was
a disaster or that everything has been.

•

In certain social networks, the expressions are full of emoticons, the initials in
capital letters of the entities with their names are not respected, the syntax is not
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always followed, etc., and all this makes it difficult to interpret the message
correctly.

Opinion mining
Opinion mining (also known as sentiment analysis or emotion AI), is a field that aims to
extract opinions from natural text using computational methods from web sites and social
media primarily and emotions are used as a key indicator in the attitude of users (Liu,
2015; Pang & Lee, 2008). According to Liu (2010, 2012, 2015), it examines comments,
feelings, appreciations, attitudes, and emotions toward entities and their attributes
expressed in written text. Correspondingly, a significant task is to find the feelings of
authors concerning specific entities, that even affected the decision-making process of
people´s opinion formed by leaders and ordinary people (Feldman, 2013).
It is remarkable how the combination of opinion mining and data mining techniques—
that converge in the NLP area—, deal with large quantities of text and transform into a
useful source of information. Hence, this area of knowledge has exponentially increased
due to its application to the social sphere, as in the business field utilising unstructured
natural language text as the source where most of its implementations are performed
(Agarwal et al., 2015). Opinion mining research increased significantly in recent times
due to the wide range of communications technology applications and received
considerable attention from practitioners and researchers. As a result, social media is a
primary platform to develop a framework that allows IR to support organisational analysis
and management (García-Crespo et al., 2017).
The opinion mining approach emerged essentially for scrutinising and understanding
massive quantities of text and become an essential part of the social media analysis
(Neves-Silva et al., 2016). Thelwall (2017) stated that working with social media
databases typically has big data applications, and the large quantity of data must be
processed in a faster way, enabling sentiment-related insights that would be hard to
determine with small data amounts. This source has been used for interpreting data and
obtaining knowledge from the feeling and emotions behind users (Sun et al., 2017).

24

2.4.

Quantification of texts

Information technologies and the conjunction of large text quantities are crucial assets
when researchers are dealing with unstructured data to uncover insights, trends, and
patterns in social media. To understand the indicators behind the avalanche of
information, quantification of texts represents a new source for the extraction of
sentiments. Sebastiani (2014) defined quantification as the prevalence or “relative
frequency” of unlabelled data in textual documents. Different approaches in this area have
been analysed in previous works such as real state (Heinig, 2017), psychology (Kumar et
al., 2015), and education (Likens et al., 2018), showing examples that quantification
strategy is transversal to various disciplines.
To conduct text quantification approaches, Sidorov et al. (2013, 2014) employed NLP
techniques and introduced the concept of syntactic N-grams. Moreover, to highlight the
most available tools, some specific tasks it can be mentioned: labelling of sentences,
named-entity recognition (NER), IR, automatic translation, among others (MartinezCamara et al., 2013; Molina-Gonzalez et al., 2014).
The quantification tools usually include the following NLP tasks that have language
identification, sentence dividers, division of the text into words, morphological analysis,
recognition of compound words, treatment of contractions, phonetic coding, the before
mentioned NER, POS tagging, text tokenisation, and words disambiguation. Also, they
are feasible the recognition of numbers, dates, currencies, and physical magnitudes. Some
of these tools include different sequence identification techniques include a graphical
representation of semantic extraction of text content to perform sentiment analysis.
One of the typical applications of NLP is the analysis of “frequencies,” which consist on
the search for the most frequent expressions (or the review at the phrase level and
associating weights with specific words or expressions), which as pointed out by Kwartler
(2017), “sometimes merely looking at frequent terms can be an interesting and insightful
endeavour.” Another starting point for NLP analysis is to establish the keywords that are
necessary elements to define the nature of a delimited text. Although sometimes the
common words are foreseen inside a text mining outline, also giving other hints for new
findings. Defining these essential elements, it is a good start for fundamental exploratory
analysis to find preliminary results, before digging in a more sophisticated path.
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Figure 2.4: Implementation example of text mining approaches
(Source: (Kwartler, 2017))
There are two good examples of text analysis that have been extended lately. On the one
hand, the technique called “bag of words” (BoW) that handles every word or groups of
words, known as N-grams as a unique characteristic of a text collection. In this approach,
word order and grammatical word types are not carried out. On the other hand, semantic
using “syntactic parsing,” is a more complex approach than BoW, and is based on term
syntax. This technique uses POS tagging to identify the expressions in a grammatical
context. The POS tagging forms a sort of “blocks” that build a labelled sentence, and in
this manner, to determine the noun, the verb, the adjective, the named entity, the article,
that compound each fragment of a defined text document.
Figure 2.4 illustrates a toy example based on the sentence “Lebron James hit a though
shot,” extracted from Kwartler (2017) book: Text Mining in Practice with R, wherein the
left side this sentence is parsed syntactically with various annotations. In the right side,
BoW treats every word as a unique feature of the sentence.

Text representations
The text analysis and representation are starting from IR method, which is best
represented concisely with the help of visualisation tools. According to Feinerer (2008),
structured design is performed by computing a term-document matrix (TDM) from either
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the text corpus or the text database. The sentences of the document are split into a set of
words using the space or the punctuation characters (Psomakelis et al., 2014). Figure 2.5
shows a process model for text mining, where it can be seen starting from a determinate
text database, is crucial to create the TDM prior to the proper analysis.

Figure 2.5: A process model of text mining approach
before the text representations
(Source: (Feinerer, 2008))
The TDM is a BoW mechanism containing term frequencies for all documents in the
corpus. The extracted words form a virtual “BoW,” and there is no ordering or the
connections between them. As previously explained, the BoW model is a simplified
version of the NLP approach. This model represents a multiset of terms, which could be
divided by unigrams or bigrams.
The most used representations of BoW are the “frequency charts” and “wordclouds.” The
former one consists of it to count the most mentioned terms and show the scale based on
its repetition. In fact, Liu et al. (2005) proposed the assignment of the recurrence words
found in the comments as a central aspect of the opinion, comprehending this a necessary
procedure, but sufficient representation of opinion mining. In the latter one, the position
of terms indicates how it is connected, and according to the size, its magnitude of
importance in a form depicted as a cloud (Nulty et al., 2016).

Indicator development
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 concerning
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Twitter users’ activity and election outcomes (Borondo et al., 2012; Borondo et al., 2016;
Caldarelli et al., 2014).
Borondo and colleagues proposed an indicator—the relative support (RS)—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 indicator
consists of the ratio between the aggregate allusions to two political parties as a barometer
of their activities, performed within the RS parameter, which is defined as

𝑅𝑆𝐵𝐴 ,

according to the following expression:

𝑅𝑆𝐵𝐴 =

𝑚𝐴
𝑚𝐵

,

(1)

where 𝑚𝐴 and 𝑚𝐵 are the slopes for the accumulated mentions of the A and B political
parties, obtaining a decimal number that is considered the ratio of the A party.
This approach was applied to the 2011 Spanish general elections and, likewise, the 2013
Italian elections, for which evidence of correlation was found among Twitter users’
activity and electoral outcomes. However, this indicator might have some limitations,
omitting the fact that there are positive and negative mentions in comments,
differentiating supporters from those who were not. Moreover, the metadata weighting
was not considered, nor the possibility of determining users’ geolocation to establish their
behaviours by region.

2.4.1. Sentiment polarity
An essential task in sentiment analysis is to determine the polarity of comments. In this
sense, the orientation of an opinion a feature indicates whether the opinion is positive,
negative, or neutral. Polarity is also known as sentiment orientation, opinion orientation,
or semantic orientation (Liu, 2010). The examples of polarity annotations of emotions
are 1) Negative: anger, disgust, fear, etc.; 2) Positive: delight, joy, hope, etc.; 3) Neutral,
which refers to reactive words, and there are no emotional words, like news, etc. (Liu,
2015).
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Besides to establish polarity through social media, another task is to define feelings such
as "happiness," "joy," "excellent," "bad," "boring," to name a few, used as a key indicator
in the opinion of users (Agarwal et al., 2015). Moreover, one of the most typical ways of
analysing comments is to look for words that express human sentiment and understanding
the emotion related to it like "hope," "happy," "fear," "nervous," etc. and correlate the
words with specific topics, main events, or issues that are happening in the virtual
community (Maks & Vossen, 2012)

Practical implications in Twitter and LinkedIn
An example of sentiment quantification is the usage in the financial sector where a
methodology to manage and contrasting the frequency of sentiments of words posted on
Twitter and handle it as an input variable for the ML model Self-Organising Fuzzy Neural
Network to predict the movement of the stock market (Bollen et al., 2011). Following the
previous work, Vu et al. (2012) used a similar methodological approach to capture the
public mood-related to four tech companies Microsoft, Apple Inc, Amazon, and Google,
to predict up or down price movement using a decision tree. In the study of Bar-Haim et
al. (2011) used tweets to classify expert financial advice-givers on Twitter from nonexperts, using support vector machines (SVM) and ranking it using various combination
models.
Twitter-related research on feelings and emotions has been mostly used to examine
comments as a source of information-based methods and looking at different approaches
to reveal insights. Kontopoulos et al. (2013) introduced an original ontology-based
method for more useful classification of words, where instead of using a sentiment score
like other methods, they use a sentiment grade. Furthermore, the research carried out by
Liu et al. (2015) in order to apply social media metrics to find that the firm with official
Twitter accounts has more co-movements than the one with none, and the metrics can be
used to increase the accuracy of prediction. Arias et al. (2013) used Twitter sentiment
data in the form of a numerical time series to relate stock market movements and box
office revenues of newly released movies.
In LinkedIn, Dai et al. (2018) implemented unsupervised learning and SVM to classify
profiles according to their professional background, to find the trends of the workforce
professional orientation from an online viewpoint. In the same way, Piedboeuf et al.
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(2019) were able to extract the personality from profiles with reliable precision, using two
personality models in a way to understand employees or co-workers better: Myer-Briggs
(also known as MBTI) and DiSC (dominance, influence, steadiness, and
conscientiousness). Vinothini et al. (2018) performed sentiment analysis to define the
polarity, to investigate whether the text from LinkedIn updates is positive, negative, or
neutral. However, they were aware of the difficulty to analyse all posts and to evaluate
public opinion about the topic discussed in this platform.

2.4.2. Text classification
Text classification, also known as categorisation (Rusell & Norvig, 2010), provides a text
of some kind and it is decided which of the defined class is belong to, incorporating text
sources by topic (ChandraKala & Sindhu, 2012). For this purpose, I describe the main
tasks implemented in this study to extract the features from data. A collection of sentences
consists of words, and in linguistics and probability, and N-gram is a contiguous sequence
of “N” words from a given sample of text. Here it is described the main tasks implemented
to extract the features from data:
•

Unigrams: The one-word representation, to be used for terms frequencies.

•

Bigrams: The two-word cluster used to capture more context, in general instead
of a single word (unigram).

The categorisation of a vast amount of words resulted in the extraction procedures allows
establishing a set of techniques to deal with the information behind, through ML
implementations.

2.4.3. Unsupervised learning approaches
Wang (2016) describes unsupervised learning, “as a discipline of ML that aims at
discovering patterns in large data sets or classifying the data into several categories
without being trained explicitly.” Algorithms such as hierarchical clustering, K-means,
topic modelling are used to determine inputs with no pre-existing labels and with a
minimum of human supervision.
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K-means
K-means clustering has computational advantages for large datasets, but it has to be
defined as the number of clusters (Steinley, 2006). Utilising the K-means algorithm to
discover groups in LinkedIn public profiles, Dai et al. (2018) describes that this algorithm
is useful in “in determining the point where the graph that represents the number of cluster
versus the percentage of variance explained by clusters starts to rise slower.” Figure 2.6
shows a graphical example of clustering data, represented by three groups (k=3).

Figure 2.6: K-means clustering example
(Source: https://cmdlinetips.com/2019/05/k-means-clustering-in-python/)

Furthermore, this algorithm implementation is performed through the partition of disjoint
K clusters after several iterations grouped by centroids. Hence, it consists of a data
reduction approach that is used to identify homogeneous cases groups, previously based
on selected features (Jain, 2010). Besides, this type of clustering is often carried out for
classification, to discover competitive differentiation patterns in the information behind
data, based on a defined corpora text.
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Clustering analysis
Clustering is a basic method that requires less computational cost that can be beneficial
in data mining and knowledge discovery (Franco-Riquelme et al. 2017), and it is
increasing in importance regarding data analytics because of the exponential growth of
real-world data sources (Bouguettaya et al., 2015). Hierarchical dendrograms is a
relatively straightforward approach for clustering, and its representations is a tree-like
visualisation and are based on frequency distance of terms (Kwartler, 2017). This analysis
is an information reduction using the TDM approach.

Figure 2.7: Toy example of cluster dendrogram representation
(Source: https://www.datanovia.com/en/blog/types-of-clustering-methodsoverview-and-quick-start-r-code/)

The objective of creating hierarchical dendrogram according to Gironés Roig (2014)
consist of; i) Create k groups of observations maximizing both intra-groups similarity and
the intergroup difference; ii) The distance between the observations will allow groups of
homogeneous but heterogeneous with each other; iii) The average of the variables that
make up each cluster will help us to interpret each group; iiii) Drawing the results will
determine the number of clusters to choose. Figure 2.7 illustrates the cluster dendrogram
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depiction of United States of America (USA) arrest groped by States, as an example of
clustering analysis application.

Topic modelling
Topic modelling is an ML algorithm that assumes a document as a mixture of topics. In
other words, this method could learn the thematic structure from extensive document
collections without human supervision. Since its first publication (Blei et al., 2003) it has
played an essential role in a variety of text mining tasks, in fields like social and political
science, bioinformatics, digital humanities, among others (Tang et al., 2014). Figure 2.8
depicts a popular topic modelling explanation in the literature.

Figure 2.8: Graphical explanation of topic modelling used in the literature
(Source: https://towardsdatascience.com/the-complete-guide-for-topics-extractionin-python-a6aaa6cedbbc)

This algorithm consists of statistical modelling to discover the abstract themes that ensue
in an extensive collection of documents, and the case of this research, the database of
social media. As a result, topic modelling is broadly used as a conjuncture of text mining
and NLP tool to discover important unknown information in a determined text corpus
(Grün & Hornik, 2011).
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Besides, the algorithm latent Dirichlet allocation (LDA), is another way to implement
topic modelling approach and is a representation of it, mainly used to classify texts to a
defined topic. LDA is a Bayesian version of probabilistic latent semantic analysis, and it
uses Dirichlet priors for document or word topics, applying a considered better
generalisation (Blei et al., 2003).

2.5.

Research contexts

2.5.1. Social media in the political sphere
Politics in social media is blooming research for data analytics (Ceron & Mainenti, 2018;
Hong & Kim, 2016; Vilares Calvo & Alonso Pardo, 2016). Recently social media analysis
has jumped into the field of politics, and especially, to the study of electoral campaigns
on the Internet sphere. Due to a considerable amount of content that circulates in them,
has attracted the attention of political researchers that require to know the behaviour of
users to understand the online campaigns. Those researchers pursue their analysis to
reveal meaningful information to explore and track political preferences (Ceron et al.,
2014; Hanson et al., 2010). Additionally, the use of social media analysis in areas such as
political sciences offers numerous applications and opportunities for analysing trends,
evaluation of public opinions, forecasting results, among other advantages.
So far, a broad range of new tools and means of communication give us valuable research
opportunities to dig into data coming from political sources (Feenstra et al., 2017).
Politicians and political parties traditionally used to spread their message only through
the press, radio, and TV. However, the irruption of new technologies changed the way
that they handle campaigns using websites, forums, social media platforms, increasing its
presence and engagement with people, as part of a new trend of political strategy, focused
on Twitter, mainly (Baldwin-Philippi, 2013; Fox & Ramos, 2012; Sandoval-Almazan,
2015).

Twitter and politics
An overriding purpose of political analysts is to investigate the vote’s intention in a region
or country to get insights and trends. In this context, Vilares Calvo & Alonso Pardo
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(2016), considered Twitter an essential source for political analysis, providing a
“convenient source of data on users’ opinions, interactions, and reported behaviours”
according to McCormick et al. (2017).
In previous works (Lappas et al., 2016; Moro et al., 2013; Quevedo-Redondo et al., 2016;
Singhal et al., 2015), political events were widely analysed regarding sentiments and
patterns that emerge from them, on Twitter. Working in the adaptation of political parties
to the new communicational paradigm, Aragón et al. (2013) focused on the evolution of
the Internet and social media. They observed the evidence of Balkanisation (i.e.,
fragmentation) trends in the political sphere, a phenomenon that is consistently repeated
also in a virtual community like Twitter.
Some examples of social media analysis are valid to depict the new form of study in
different countries, such as the UK and Dutch general elections in 2010, where Graham
et al. (2016) found that Dutch politicians were more actives than their British
counterparts. Ahmed et al. (2016) noticed that before 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 2008 USA presidential election,
Bollen et al. (2011) handled public sentiment expressed in Twitter and its effect on the
stock market as well as socio-political events like “Presidential Election” and
“Thanksgiving Day.” They underlined to the fore a specific aspect in their study that
socio-political and cultural events affect human mood states.
The study made by Ceron et al. (2014) provided useful information for enriching
traditional offline polls to measure political preferences in Italy and France using
supervised sentiment analysis on blogs and social media, based on Hopkins and King
(2010) method. In 2014 elections in India, Ahmed et al. (2016) performed probabilistic
techniques to determine the political discourse and correlate electoral success with
Twitter, relying primarily on the use of observations of campaign updates and political
party promotions.
In other studies, are revealed patterns that prove the effectiveness of tracking events on
Twitter. Wlezien et al. (2017) studied electoral dynamics using measures such as betas,
R-squared, RMSEs, and MAEs, highly correlated with the results obtained. Moreover,
they conducted time-series analyses of pre-election polls of vote intentions that revealed
the evolution of preferences, based on an ample amount of historical data. In the 2014
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European Parliament (EP) elections, Nulty et al. (2016) found that politicians related to
party policy positions, discussions around EP elections, and the content of social media
communications. These communications 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 analyse the emotional tone and polarity of tweets.
Analysing dynamics regarding Twitter messages volume about political parties, Eom et
al. (2015) found a positive autocorrelation over a short time (i.e., daily tweet volume),
and a broad distribution like log-normal in political parties, identifying a statistical pattern
using geometric Brownian motion. Also, they detected the optimal averaging tendency of
tweets volume, suggesting a limited capacity of prediction, despite the intense fluctuation
of Twitter activity. This microblogging platform was also used to look into political
organisations, such as the Islamic State of Iraq and Syria (ISIS). Magdy et al. (2015)
researched into online polarisation and to measure engagement patterns to illustrate
underlying phenomena in organisations, classifying supporters and antagonists through
the comments.
During the 2012 USA presidential election, Mohammad et al. (2015) obtained
information—via an online questionnaire—about sentiments such as polarity, emotions,
and the purpose and style of comments. They measured the attributes of tweets by
crowdsourcing to Amazon Mechanical Turk20, reaching over 100,000 responses, and built
an annotated dataset for training and emotion prediction. Electoral-related tweets were
found containing rich emotions and conveyed the feelings of users themselves, like
aversion, followed by trust, appeared as the predominant emotions.

Two strands coming from political data on Twitter
It is essential to mention that in social media analysis, coexist two current thoughts
regarding its predictive capacity: one that says it can predict and the other that denies it.
The first comprises studies (Cameron et al., 2016; DiGrazia et al., 2013; Gaurav et al.,
2013; Singhal et al., 2015; Tumasjan et al., 2011; Yoon et al., 2016) that claim to have

20

https://www.mturk.com/
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predictive capabilities; it is argued that social media are even more accurate forecasters
of election outcomes than the traditional media.
Some authors have achieved a certain degree of success using different ML and lexiconbased prediction orientation on Twitter. For instance, Caldarelli et al. (2014) tackled this
research line, performing a multiscale analysis of the Twitter time evolution regarding
the 2013 Italian elections. They monitored the behaviour of users, claiming that a
numerical indicator—the RS parameter—(Borondo et al., 2012) implemented in their
data seemed fairly accurate regarding predicted votes. Nevertheless, they found
ambiguous evidence of its predictive capability regarding the trends of the final electoral
results.
Using data from the 2011 New Zealand general election, Cameron et al. (2016) found a
significant statistical relationship between social media and voting results. Despite the
good outcomes, the size of candidates’ online social media is not good predictors of
election results. In this sense, forecast based on Twitter data might be adequately
addressed with the help of polling information, such as that obtained from traditionally
conducted public opinion surveys, to improve projections.
Leading up to the 2015 United Kingdom (UK) general election, Burnap et al. (2016)
studied Twitter data 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. Thus, automated sentiment analysis was incorporated using software
developed by Thelwall et al. (2010). They organised the text into scales of positive and
negative tweets regarding nine political parties in the UK. Their results indicated that the
Labour party gained most seats, which proved inaccurate regarding the final electoral
outcomes. However, they correctly predicted the order of the top three parties regarding
vote share: Conservative, Labour and UKIP.
In contrast, some authors (Gayo-Avello, 2012b, 2012a; Gayo-Avello et al., 2011;
Jungherr et al., 2012; Metaxas et al., 2011) who were critical of Twitter’s predictive
capabilities about political data analysis found a low correlation between the analysis
performed on this social media platform and the election outcomes. Neither did they
determine it to be an accurate predictor of electoral success; instead, they argued that this
was a simplistic analysis. Therefore, critics (Gayo-Avello, 2013; McCormick et al., 2017;
Sloan et al., 2015) argued that social media users’ representativeness must be considered
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when considering the age groups of the majority of these users, most of whom are
between 16 and 29 years old.
Correspondingly, in a study performed in the context of the 2012 USA Republican
presidential primary—in which an approach based on the lexicoder sentiment dictionary
(LSD) was adopted—Murthy (2015) acknowledged that “tweets are reactive rather than
predictive” regarding the political context. After conducting an exhaustive literature
review, Gayo-Avello (2013) affirmed that electoral predictions based on Twitter data
could not replace traditional polls. He enumerated the main weaknesses of research
predictions based on Twitter and made recommendations for further research in this area.
In the 2009 German elections, a study conducted by Tumasjan et al. (2011), where they
assumed the prediction capabilities based on Twitter users’ activity, caused controversy.
The decisive refutation stated by Jungherr et al. (2012) describes that “the number of party
mentions in the Twitter-sphere is thus not a valid indicator of offline political sentiment
or even of future election outcomes.” The debate continued with the response of
Tumasjan et al. (2012) arguing that their conclusions were “well supported by both data
and analysis.”
In brief, concerning the use of Twitter in politics, Gayo-Avello (2012a) advise that not
everyone uses Twitter and only a minority of users’ comment about politics. Besides,
researchers in social media analysis must be aware of fake news and data and should
avoid simplistic conclusions regarding peoples’ opinion.

The importance of Twitter in Spanish politics
There are reasons to consider Spain as a case study for estimating the representation of
data retrieved from social media. Indeed, this country is based primarily on guidelines
regarding accessibility to traditional media and political party presence in the media, and
the high penetration of the Internet in the population. Hence, previous studies (Aragón et
al., 2013; Barberá & Rivero, 2015), pointed out that the main political parties have
received more coverage than newer parties based on previous electoral results.
In addition, the lack of state regulations for Twitter campaigning, and the rise of Spanish
popular movements such as “the Indignados,” the online political activism, and new
political parties, which have strategically implemented digital channels as a new way of
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spreading information, represented an ideal open scenario for online social media
analysis. For this reason, actions such as 15-M and organisations like Podemos in Spain,
significant innovations have been introduced to the field of political communications,
which has a preponderant role in a modern democracy (Feenstra et al., 2017). Hence, it is
worth mentioning some research on the interrelationship between social and political
media in electoral periods in the context of Spain.
Throughout the Spanish election process between 2011 and 2015, the voting results have
been analysed using mathematical modelling with sociological, psychological,
demographic, and economic variables based on a finite time-discrete compartmental
dynamic (Haddad et al., 2010). In 2015, De La Poza et al. (2017) 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. In
another example, Singh et al. (2017) conducted 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, predicting the results of only two
political parties.
Lopez-Meri et al. (2017) found hybridisation between new and old media usage of Twitter
by politicians, focusing them on innovative digital platforms for establishing links with
the mainstream media. To accomplish it, they processed 9,042 tweets applying
quantitative content analysis and digging into the communication strategies of political
actors. In the same way, Alonso-Muñoz & Casero-Ripolles (2018) contributed to
understanding the political interactions of the 2016 election in terms of the selfcommunication of parties and leaders, and the impact of citizens’ activities on Twitter.
They noticed different forms of political programs, a low grade of thematic
fragmentation, and a degree of dissonance in the agenda concerning politicians and the
interest of Twitter users.

2.5.2. Business services and social media
Knowledge-intensive business services (also known as KIBS), provide services based on
professional expertise. In this sector, transactions consist of information, and outputs are
often intangible (Leiponen, 2006). An overriding purpose in such organisations involves
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both knowledge and innovation, and they have the transformative potential because of
their close collaboration with customers across many sectors.
KIBS comprises services such as consulting firms, banks, telecommunication companies,
retail, insurance, tourism and primarily incorporate value through the accumulation,
creation, or dissemination of expertise for customers that have other businesses (Miles,
2005b; Miles et al., 1995). According to Miles (2005a), KIBS are firms locating,
developing, combining, and implementing different types of knowledge to solve
problems of their clients. Those "problems" could be considered as a regular claim of
their customers regarding the knowledge imparted by these organisations that involve a
wide variety of themes such as economics, taxation, management, consulting, audit,
among others, as part of their core functions. Different authors have studied the definition
and role of KIBS, and some views are summarised in Table 2.1.
Table 2.1: List of studies about KIBS and authors main contribution
(Source: Lemus-Aguilar et al. (2017))
Authors

Main contribution

Muller & Doloreux (2009)

Characteristics and the role of KIBS

Amara et al. (2008)

Features and measurements for
innovation of KIBS

Smedlund (2008)

The role of KIB for intellectual
development

Muller & Zenker (2001)

KIBS as activities for knowledge
production

Miles (2005b)

KIBS and the European Economy

Corrocher et al. (2011)

KIBS Typology

Consoli & Elche-Hortelano (2010)

KIBS as input and output for innovation

Derived from these studies, I assumed that there are three main perspectives about what
KIBS are:
•

Innovative organisations, being innovative agents within the system.

•

Sources of external information, among other references.
40

•

Knowledge facilitators are supporting their users’ innovation processes and the
knowledge transfers among organisations, industries, networks, and innovation
systems and their clusters.

As part of the KIBS innovation ecosystem, Twitter can be regarded as an extension of the
community of actors who are producing inter-organisational streams of continuous
innovation and entrepreneurial behaviour (Autio et al., 2014; Gastaldi et al., 2015). In this
unique system, KIBS and its clients could take advantage of this platform to share,
engage, and get information fostering their innovation processes.
To the best of our knowledge, few works have addressed the topic of innovation in social
media in their relation to KIBS (García-Crespo et al., 2017). In addition, not many of
them focus on KIBS nor the interlink between the firm’s innovation management and
their entrepreneurial innovation networks on social media (Franco-Riquelme et al., 2017).
Moreover, the impact of information technologies on business and innovation is
remarkable (Aral et al., 2013), and it has been considered critical to obtain knowledge
from the information available in their social media channels.
Retrieving posts from Twitter make it possible to know the perception, the awareness, the
importance, and trends in KIBS ambit, are conducted to understand its integration into
technological organisations in their environment (Franco-Riquelme et al., 2019; FrancoRiquelme et al., 2017; Lemus-Aguilar et al., 2017). In this sense, relevant topics such as
“innovation,” and “entrepreneurship,” might be an attractive starting point to dig into the
discourse of users in social media:
•

Innovation: Innovation could be defined as a novel idea, original thoughts, or
new things, and is also seen as the employment of better solutions for new
requirements, unarticulated lacks, or existing business needs. According to Tether
(2014), the commercial exploitation of brand-new concepts contributes to a
radically different service or incremental improvement of existing services.
In this context, Twitter could be considered part of the continuous innovation
ecosystem of KIBS, in other words, it is part of the community of actors
interacting with a unique system to produce inter-organizational streams of
innovation (Gastaldi et al., 2015).
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•

Entrepreneurship: Focuses on radical innovation driven by co-creation, having
multi-actor and level processes to foster the development of entrepreneurial
ecosystems (Autio et al., 2014). This approach of “entrepreneurship” concept is
more focused on what is referred as "entry behaviour" in the context of an
established organisation (e.g., the intrapreneurship, referred to entrepreneurs
within firms), which are performed by the employees. Also, "post-entry
behaviour," which are choices influencing the achievement of the previous ones
such as the creation of ecosystems network on social media. Olanrewaju et al.
(2020) argue the importance of social media usage for the entrepreneurial
development process either for marketing, information search, business
networking or crowdfunding.

Consulting companies’ sector
Consulting firms are considered as sources of external information. As part of the KIBS
environment, they are facilitators of activities knowing their primary input and output
(Desmarchelier et al., 2013; Toivonen et al., 2008). These firms are considered essential
sources for knowledge-based innovation because of their expertise, structure,
diversification, and continuous creation of knowledge (Anand et al., 2007; Miles, 2005a;
Wright et al., 2012). However, the use of social media in this sector has missed specific
attention (Kärkkäinen et al., 2010).
Hence, private companies or organisations are heavily relying on consulting companies
to co-produce innovations (Aarikka-Stenroos & Jaakkola, 2012; den Hertog, 2000;
Santos-Vijande et al., 2013). Moreover, they have been setting an ideal environment to
understand for about innovation (and other topics related) in services due to the firms’
innovation capacity that depends on its internal sources of information—R&D capacity,
use of advanced technologies, use of high value-added manufacturing practices—and its
sources of external information (Amara et al., 2008). However, innovation management
and entrepreneurship in this context might have been underexplored.
Because changes and developments in the information and communication technologies
(ICT) are rapid and dynamic, companies in this field need to be agile and innovative.
Therefore, technological consulting companies often have a culture that is distinctively
different from other traditional service providers. Also, they concentrate on affordable
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and cost-efficient Internet-based business models to deal with an established financial,
audit, human resources and more professional services (Gomber et al., 2017). Under this
circumstance, many of them have been using social media channels to communicate with
clients and partners.

2.5.3. Open innovation and social media
The OI paradigm describes the way how organisations are transformed by the
collaborations with other organisations (Greco et al., 2016). Henry W. Chesbrough coined
the OI term as “the use of purposive inflows and outflows of knowledge to accelerate
internal innovation and expand the markets for external use of innovation, respectively”
(Chesbrough, 2003; Chesbrough et al., 2006). In other words, it is as a novel path of
understanding the evolution of many companies looking for external skills and
collaborators to conduct their work more efficiently and flexibly. Indeed, leading
companies are tapping this new approach to continue innovating their sector through the
adoption of this model.
The conceptual model presented by Chesbrough (2003) is reproduced in Figure 2.9. The
“holes” exemplify the borders of the organisation to allow entering and exiting
information, technology, and ideas to capture opportunities in the market (both the current
market and new markets). This idealisation could be problematic if the company has a
single exit point for their activity, as it usually happens in traditional companies.
Furthermore, companies can exploit their intellectual property (IP) by licensing to preexistent companies or start-ups or promoting and funding the creation of spinouts
embedding the ideas of their employees.
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Figure 2.9: Open innovation model depiction
(Source: adapted from Chesbrough (2003))
In a new technological context, organisations acknowledged that they could not gain
inside all the expertise and what they needed to develop on-time products and services.
Moreover, OI brought us more flexibility to identify and gain an advantage of
complementary results and opportunities found by cooperating with external partners and
motivating their staff to launch a new way of doing business. Besides, a preponderant role
in the OI paradigm had the corporate incubators and accelerators (Moschner et al., 2019;
Shankar & Shepherd, 2019), where start-ups constitute a significant source of external
innovation (Kohler, 2016).
In the last years, organisations realised the growing importance of implementing the OI
strategy as a part of their planning activities (Vanhaverbeke et al., 2017). As an example,
a simple search of the term “open innovation” in Google obtained 812,000,000 results
(August 05, 2019). The vast number of these results implies the wide diffusion of this
term. Nevertheless, behind it, many differences and subtle variations are hidden.
Dong & Wu (2015) stated: “OI is growing rapidly as the emergence of social media
technologies,” assuming the importance of the opportunities and challenges for
organisations to transform their business in the light of the social media analysis.
Complementing other OI channels, Du et al. (2016) mentioned that social media drove
the OI concept, dedicating resources to cultivate a firm’s sustainability orientation and
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integrating it into the new product development process. According to Roberts et al.
(2016), social media can provide access to novel information about customer needs and
technological solutions unknown to the firm. Indeed, utilising inputs from social media
could increase innovation project performance, as firms obtain access to novel market
insights and innovative technical solutions.
In this circumstances, social media in innovation-driven companies as a business strategy
have been continuously growing, especially under the umbrella of the OI context,
leveraging digital communication, and community tools (Tirabeni & Soderquist, 2019).
As part of the communication channel of companies who are implementing OI strategy,
social media is a critical way to obtain valuable information regarding the opinion of these
companies, many of them with a presence on LinkedIn. About this social media platform,
Dai et al. (2018) pointed out that “it is distinctly known as a powerful professional
networking tool that enables its users to display their curricular information and to
establish connections with other professionals.” However, academic research has paid
little attention to the relation between OI and social media (Mount & Martinez, 2014),
resulting in a limited understanding of how organisations can be benefited from the
application of opinion mining across the innovation process.
Once established the benefits of social media, it seems that organisations are willing to
create a strategy that emphasizes the contribution of innovation and resources, sharing a
vision and goals, and giving an appropriate framework for change (Hitchen et al., 2017).
Moreover, this framework could be obtained digging into the discourse on LinkedIn.
Corral de Zubielqui et al. (2019) addressed levering new mechanisms to access
information from outside actors, customers, and other social media users lead to facilitate
the innovation process and firm performance. The OI paradigm, in addition to social
media sources, can be considered as an essential scheme to obtain insights about trends
that could help managers and organisations for decision-making.

Open innovation types
Some authors (Badawy, 2004; West & Bogers, 2014; West et al., 2014) categorised the
approaches regarding the use of OI strategy in organisations. There are two types related
to the orientation of knowledge flows across the firm's boundaries both outside-in
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(inbound innovation) and inside-out (outbound innovation) actions to stimulate internal
change and to increase business possibilities for external use of creation, in conjunction.
Relying on a case-based methodology, Tirabeni & Eric Soderquist (2019) identified
engagement practices in leading innovation-driven companies in the ICT sector. Through
examples, they recognise how operational integration interact between internal and
external resources in a dynamic environment. On the one hand, based on inbound
activities consist of investigating the environment as well as and combining outer
information for technology improvement and acquisition from outside system associates.
On the other hand, OI outbound activities include utilising technology capacities into the
commercialisation of inside generated ideas or technologies through external channels.
In addition, another type resulted from the combination of inbound and outbound OI
activities is known as "coupled OI," which describes an active collaboration with partners
to innovate and involves combining purposive inflows and outflows of knowledge to
develop and commercialise innovation, collaboratively (Gassmann & Enkel, 2004; Greco
et al., 2016) as an explanatory approach related to the OI types are depicted in Figure
2.10.
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Figure 2.10: Types of open innovation-related knowledge flows
(Source: Gassmann & Enkel (2004))

Open innovation implementation and benefits
The phenomenon of OI already has a long history, and that goes beyond its first mention
in 2003 (van de Vrande et al., 2009). It relates to the well-known process of strategic
alliances between companies, and very similar to “networking” where partners join
efforts to operate together for diverse purposes. An open approach to innovation allows
differentiated internal capabilities to increase these by leveraging external sources of
information, which are now more important and extensive than ever (Teece, 2020).
Respecting the OI implementation and innovation both are inherently related and
performing OI activities could be beneficial to innovation activities such as new
service/product innovativeness and success, customer and financial performance (Cheng
& Huizingh, 2014). Furthermore, OI inbound and outbound actions combined with
knowledge acquisition and sharing capabilities as statistical outcomes reveal a high
positive effect, according to Cheng et al. (2016).
The use of OI approach is being proposed as a firm’s growth strategy without relying
upon conventional organic growth approaches (e.g., hiring new employees, expanding
premises in other locations, purchasing equipment, accessing external IP) with the
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implicit trap of lack of adaptability to accommodate profound contextual changes.
Furthermore, considering the benefits of OI in organisations, the efforts of its
embracement are valid, especially in terms of the challenge to achieving levity and agility,
scalability, and innovation (Hall, 2019).
Emphasising in scalability—in conjunction with OI—, designed models through
organisational efforts have the potential to evolve and grow steadily (Granig & Sadr,
2018). Although, under the 4th industrial revolution umbrella in diverse sectors, Yun &
Liu (2019) proposed as a firm’s expansion strategy without relying upon conventional
organic growth approaches, which means a sustainable process. Conversely, whether a
firm embraces OI strategy performing some scattered small projects tested with a few
external partners in isolated units of the company and a small set of locations, is an
example of granularity, but increasing the number of potential partners. In both cases, if
successful, there is an institutional commitment to embed OI as a part of the institutional
strategy and to scale-up its use in the future to additional external partners, type of
research projects and geographical locations.
Nevertheless, previous studies (Felin & Zenger, 2014; Herzog & Leker, 2010).
scrutinised the concept of OI, arguing that companies were never using a pure “closed
model.” Then the division between open and closed innovation is subject to debate given
the narrow line that divides both models. In this sense, Chesbrough stated that some
factors that make the organisation have been profoundly transformed, influencing the
conditions under that innovation take place (e.g., increased mobility of workers, more
capable universities, declining USA hegemony, and growing access of start-up firms to
venture capital), giving rise to a new paradigm. It does not imply that individual elements
of OI were absent in the earlier paradigm, but rather that they now combine to form a new
paradigm to manage innovation (Chesbrough & Bogers, 2014).

Openness degree profiles
The profiling method implies that some dimensions are more relevant than others to
increase the success of the activity and prior knowledge of them constitutes the basis for
good management. The concept behind this profiling is the “openness degree,” where it
refers to the measure of the level of open activities found in one organisation (Lazzarotti
et al., 2010). The discussion regarding the old and new features of the OI term suggests
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defining and use the concept of openness degree in comparison with companies discourse
in social media.
As has been implemented by Tejero López (2019) to profile university-driven open
ecosystems, and proposed in the work of Öberg & Alexander (2018), are synthesised in
Table 2.2. The “openness” is the combination of several low-level dimensions
(Chesbrough & Appleyard, 2007; Henkel et al., 2014), and foremost is feasible to be
measured contrasting sources retrieved from organisations, and performing quantitative
or qualitative analysis.
Table 2.2: Dimensions of “openness”
(Source: Öberg and Alexander (2018)).
Openness

Description

Authors

Defined as:

Breadth

The more different the
Idrissia et al.
competences, the more
(2012)
open.

Heterogeneity in skills of
contributors (they are not
the same type of actors).

Depth

The deeper the
knowledge, the more
open.

Expertise of contributors is
high.

Idrissia et al.
(2012)

The freer
Herzog
the collaboration, the
(2008), Aslesen
less formalized, the
and Freel (2012)
more open.

Arrangement based on
voluntary participation.
Contracts not main deal.

Number of
phases

The more phases the
Lazzarotti and
parties are included in,
Manzini (2009)
the more open.

More than one phase
covered in the innovation
process.

Number of
actors

The more parties, the Lazzarotti and
more open.
Manzini (2009)

More than two actors
involved.

Freedom,
lack of
formalization

In addition to the five dimensions described in Table 2.2, three additional dimensions
have been proposed by León et al. (2020) to assess the impact of the use of OI schemes
on one given organisation, which are not included in the previous five ones:
•

Percentage of external funding sources. It refers to the money source to work in
an OI approach. Typically, this case occurs when one company is “forced” to work
in OI projects due to constraints imposed by public administrations funding the
project.
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•

Percentage of R&D projects framed in OI projects. It refers to the relative
importance in the firms’ activity. If only 1% of projects follow the OI logic, the
impact of the whole company is meager.

•

Percentage of R&D economic resources. It complements the previous one from
the economic volume involved. Only one OI project could affect a large
percentage of the R&D resources; then, its impact will be high.

The dynamic capabilities theory
The dynamic capabilities (DCs) theory has received considerable attention in the business
strategy literature (Eisenhardt & Martin, 2000; Pisano, 2017; Teece, 2007, 2020; Teece
et al., 1997; Zollo & Winter, 2002). From this perspective, DCs are considered as the
ability of an organisation to purposely create, extend or modify its resource base (Helfat
et al., 2007; Helfat & Peteraf, 2009).
The concept of DCs (Teece et al., 1997) has evolved from resource-based view (RBV),
an organisational framework used to determine the strategic resources a firm can exploit
to achieve sustainable competitive advantage (Barney, 1991; Wernerfelt, 1984). This
theory has powered the RBV arguments by transforming the essentially static view of
creating a more strategic improvement (Barney, 2001).
The DCs implies how companies can achieve their adaptation to new situations to expand,
modify or create common dimensions, through the access and recombination of expertise,
allowing success over time (Teece et al., 1997). Therefore, Eisenhardt & Martin (2000)
and Zollo & Winter (2002) acknowledged that DCs are essential resources in
organisations. For this reason, sustaining organisational competence depends mostly on
the ability of companies to integrate and internalise, both explicitly and tacitly, their
knowledge that constitutes a fundamental resource to contribute to the strategy,
encompassing the acquisition of skills, learning and accumulation of intangible and
indivisible assets in the organisation (Teece, 2007).

Model-based on the dynamic capabilities and open innovation
In order to establish a comprehensive discussion framework that addresses changing
scenarios, DCs bring to organisations the ability to integrate, build and reconfigure their
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abilities to tackle changing circumstances in which there is deep uncertainty (Teece et al.,
1997). Hence, in some situations where changes are much faster than traditional business
(e.g., technological start-ups, entrepreneurial ventures, FinTech firms, among others) the
support of a model based on the combination of IO and DCs, might be a handy tool.
According to Cheng et al. (2016), OI activities influence the effectiveness of ventures,
and toward radical innovation performance, building on knowledge-based capabilities.
Furthermore, about DCs implementation, Teece & Leih (2016) pointed out “with deep
uncertainty, good management must include the art of imagining a future and
endeavouring to build it. Reason and analysis are only one element of the process.
Awareness of available opportunities is important, and it is often aided by imagination.”
Since the emergence of OI concept (Chesbrough, 2003), has become one of the critical
strategies to technology management. A high percentage of technological-based
organisations have implemented in the way of another OI model to conduct their
corporate activities (or part of them) in cooperation with other external partners (Bogers
et al., 2019; Teece, 2020). Specifically, this knowledge management process allows the
development of organisational routines in entities that are implementing the OI paradigm.
Nevertheless, Teece (2020), indicates that it is surprisingly scarce the literature regarding
how OI provides outcomes into the broader strategic management of the organisations.
Table 2.3: Strong DCs make OI effective
(Source: Teece (2020))
RECOGNIZING external know-how OPPORTUNITIES
SENSING
LEARNING from external sources of know-how
AGILE DECISION MAKING once an external source is
identified
SEIZING

INITIATING COMBINATORIAL ACTIVITIES
ADOPTING hybrid BUSINESS MODELS
SELECTING GOVERNANCE MODE for external linkage

TRANSFORMING
INTEGRATING internal and external knowledge

A model based on DCs underlies the learning process and the evolutionary cycle of
organisational knowledge. It started from the creation and development of organisational
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routines, from the co-evolution between accumulation, integration, and codification of
knowledge (Zollo & Winter, 2002). In Teece (2007, 2020) model, this process is the result
of the interaction of three sets of organisational processes: sensing (opportunity
detection), seizing (opportunity valuation) and transforming (execution) capabilities (see
Table 2.3). These three clusters of DCs can help companies effectively reap the full
benefits of OI (Bogers et al., 2019).

Figure 2.11: DCs model
(Source: Garzón Castrillón (2015))
Alternatively, Garzón Castrillón (2015) proposed a model that establishes three basic
approaches: building, innovation, and contingency, and illustrate the hierarchy of DCs.
Figure 2.11 shows the proposed model, which was arrived at after a process of
integration, union, and fusion, to establish four DCs: “absorption capacity,” “innovation
capacity,” “learning capacity,” and “adaptability.” On the left side, the organisation
reveals its value creation process, on the top, the positive or negative strategic impact,
and the right side, the market, and the value proposition.

The analytical intersection
The implementation of proximity metrics of a partner selection process among
organisations in the OI area it may demonstrate as a reliable way that could lead to better
knowledge in the process management at different levels (León et al., 2019). In
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consequence, the rationale, types, experience, and potentiality of applying OI models in
organisations to conduct their research and development (R&D) and related activities,
could be possible with the help of social media analysis, in addition to the DCs theory
(see Figure 2.12).

Figure 2.12: The research connection between three domains:
OI, social media, and DCs
(Source: own elaboration)
In this conjuncture, DCs has initially associated with positively changing technological
environments (Teece, 2007); however, as a versatile approach, it could involve diverse
business activities. According to Bogers et al. (2019) in the DCs scene, a solution to
continuously growing is the capacity to set changing configurations resources and
organisational compositions as the business evolves and as markets and technologies
develop. The process entails the change, extension, and alignment of tangible and
intangible assets, and claims moving resources such as expertise, knowledge, and other
values where it addresses the most significant advantage.
McCabe (2017) addressed that social media such as LinkedIn is changing the corporation,
and became a powerful networking tool for companies and people related to the job
market that enables its users to display their curricular information and to establish
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connections with other professionals. Additionally, DCs could be linked to the activity
on this social media platform, opening through this research another way to measure, for
instance, discussing the effectiveness and the potential that its exploration entails.
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CHAPTER 3. METHODOLOGY
“[Science] is not perfect.
It can be misused.
It is only a tool.
But it is by far the best tool we have,
self-correcting, ongoing,
applicable to everything.”
-Carl Sagan
This chapter presents the implemented research method of the thesis, including the
particularities of the three analysed research applications. Then an outline of the
procedures for data collection, modelling techniques, and quantification strategy of the
examined environments are presented.

3.1.

Introduction

In this section, are presented the research scenarios, applying social media analysis in
order to provide a framework to develop the quantification strategies proposed in this
thesis. In this sense, to address the research towards the objectives and questions defined
in Chapter 1, it is necessary to delineate the quantitative approach to be conducted. Also,
the combination of qualitative approach would be an added value to enrich the proposed
study. Figure 3.1 provides an overview of the research methods and data collection
employed in this thesis.
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Figure 3.1: Methods overview
(Source: own elaboration)

Due to the multiple tasks involved, various tools are used for corresponding chores
depending on their features. In this thesis, three software are mainly used: Python, for
scraping messages from social media, LinguaKit to obtain polarity of comments, and R
for data processing, statistical computing, and ML modelling. I describe as follows, the
main aspects regarding the analysis to be conducted in three scenarios.
In the first study, about the Spanish general elections held on December 20, 2015, and
June 26, 2016, it has been scrutinised the support on Twitter concerning to political parties
in different provinces of Spain in three periods: before, during, and after the elections.
Through the comparison of the results between both dates, it is sought to explain the
evolution of the same, comparing the official election results and those obtained from the
tweets, to determine the trend that affects the main political parties in the election year
56

elected. The information has been enriched with geolocation, which gave a spatial view
of where events take place, thus providing an automated analytical view of the points
where events of interest occur.
The second study, regarding the KIBS, were analysed eleven Spanish and Italian
consulting companies on Twitter. I looked for the employees' activity inside the
consulting networks performing an indicator, to find the most influential Twitter users
regarding the two topics examined: innovation and entrepreneurship. Additionally, it has
been applied ML techniques to obtain insights from data and retrieving information
related or mentioning the companies. For this task, it was established the relationship of
networks regarding keywords, to carry out the exploration of terms associated with it, and
to identify the innovative entrepreneurship reflected by these companies in their social
media.
About the third scenario, it has been implemented the analysis to eight companies from
diverse activity and origin, that declare they use OI strategy. The goal is to find a
comprehensive method of how it can be building a DCs framework to address the
essential characteristics that have to be considered to faced changing scenarios. In the
first part, a qualitative analysis was conducted from secondary and primary sources. In
the second part, a quantitative analysis of LinkedIn updates was performed, including ML
techniques, to process the data from the selected companies.

3.2.

Study approach and design

There are two types of study approaches, quantitative and qualitative. The differences
depend on two aspects: for one side, the researchers' appraisal regarding the nature of the
examined phenomenon, and on the other side, the extent of awareness on a singular
subject. The quantitative approach usually follows the positivism paradigm, which
concerns objectivity and casualty and involves quantifiable data analysis. The qualitative
approach develops the interpretive perspective (Yin, 2018), mainly based on the inductive
view (Bryman & Bell, 2011). Additionally, there is a third way that is the mixed methods,
which consists of the combination of both approaches. In other words, mixed methods
are the branch of multiple channels of investigation that merges the use of quantitative
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and qualitative data collection techniques and analytical procedures (Saunders et al.,
2016).
Moreover, the research approach is divided into two categories, deductive and inductive
process (Hernández Sampieri et al., 2014). Therefore, it is necessary to define the path to
be implemented in this study. In the deductive process, the researcher develops a theory
and hypothesis, as well as designs a research strategy to test the theory. In the inductive
process, it starts from the observation of the phenomenon; the researcher would collect
data, and then develop an argument as a result of data analysis.
Furthermore, there is a third approach, the abductive reasoning (Moscoso & Palacios,
2019), which is a mixture of both deductive and inductive views. The rationale for the
abductive reasoning for theory elaboration and answering the research question, the type,
and availability of data and research constraints (Yin, 2018). Thus, when data is collected
to explore a phenomenon, identifying patterns, to generate or modifying an existing
theory, that is subsequently tested through additional data collection. Saunders et al.
(2016) pointed out that the researchers' responsibility would be to analyse the collected
data.
According to Hernández Sampieri et al. (2014), a case study aims to investigate a
phenomenon within a real-life context, collecting data, and for the approach presented in
this work, based mainly on quantitative data. In the one hand, exploratory studies have
let on to search for unknown outcomes and compare them with the existing theory and
previous studies. On the other hand, descriptive studies allowed to define and describe
events concerned to the users of social media platforms.
In addition, the nature of this research allowed for empirical studies, that include a
qualitative method to collect and contextual data, to add more information to the
quantitative approach. Indeed, the interpretivist process has also adopted the survey (as a
reinforcement of the quantitative approach conducted in this thesis). Therefore, the
organisations and individuals to be studied belongs to a socially constructed and
subjective world.
Due to the interpretative nature of the investigation undertaken, this study follows a
hybrid approach—where the computational analysis and the theoretical framework
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converged, with particular emphasis in the third study—, and it was designed to cover the
following research approaches:
Study 1 was conceived as an inductive process, and study 2 implied a deductive process,
both into a quantitative design. In study 3, a mixed method, which involves an abductive
process.

3.3.

Tools for text data processing

In this study, owing to several assignments concerned with data processing, the tools are
assigned based on their relevant characteristics. It has been considered to use open-source
tools and platforms to achieve the methodological challenges that involve the extensive
collection of text coming from social media. Indeed, open-source software has become
critical for almost every organisation, and the advantages are more beneficial compared
to paid equivalents (Thelwall, 2017; Younis, 2015). Some benefits are listed as follows:
minimised costs, substantial support community, more reliable security, flexibility, and
scalability.
According to Feldman (2013), commercial systems for opinion mining still are using
simplistic techniques to avoid open challenges, and their performance leaves a lot to be
wanted. Not to mention that it can be an expensive and time-consuming task using such
methods. This situation has led to researchers in this field, to look for creative solutions
in the community of open-source tools (Chen et al., 2012; Kim et al., 2010; Rose &
Lennerholt, 2017; Younis, 2015). Nevertheless, the learning curve and the efficiency
regarding the implementation is still a pitfall to solve.
The two-software selected for data processing in this work are Python and R, both open
source-based tools, and very popular among data analysis academics and practitioners.
Additionally, the LinguaKit, which is a multilingual open-source computational tool, has
been used to perform NLP tasks. In the follows, the details of these tools are described
shortly.
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3.3.1. Python language
Python21 is a multi-paradigm programming language. Object-oriented programming and
structured programming are fully supported, and many of its features support functional
programming and aspect-oriented programming, including by metaprogramming and
metaobjects (Russell & Klassen, 2018). For this thesis, it has been used for social media
scraping to gather data through interaction with an API, as access to the public content
under the privacy guidelines, detailed in Annex 1 and 2.
Therefore, users’ comments retrieval is usually performed using automated collection
tools known as “crawlers,” which begin with a set of defined web pages and explore the
links they develop to other content. Today, there are more specialised “crawlers,” focused
on social media platforms to retrieve data for the specific purposes of investigation.
Hence, data sources from social media platforms have been recovered by searching on
Twitter and LinkedIn and saving the searches using specialised scraper libraries to extract
the messages reliably. The process is commonly finished by writing an automated
program that queries a server and parses data to extract the information requested.

3.3.2. R language
According to the R Project for Statistical Computing web page22, R is a free software
environment for statistical computing and graphics. It compiles and runs on a wide variety
of UNIX platforms, Windows and macOS. The R language is widely used among
statisticians and data miners for developing statistical software and data analysis.
According to Wikipedia23, polls, data mining surveys, and studies of scholarly literature
databases show substantial increases in popularity.
Through a vast community of users, a variety of packages based on several statistic
methods and ML algorithms have developed, and many are expanding to new features
(James et al., 2017). In addition to its statistical features, R displays a broad range of
statistical and graphical procedures, including linear and non-linear modelling, classical
statistical tests, time-series analysis, classification, clustering, among others.

21

https://www.python.org/
https://www.r-project.org/
23
https://en.wikipedia.org/wiki/R_(programming_language)
22
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More than a simple statistical software, R is considered a complete environment for
mathematical calculation. Although, it is needed for the implementation of analytical
procedures, having a database, and set the correct parameters to perform statistical
analysis reliably. Hence, users of this software to process data flexibly, with computing
functions to make calculations, show graphics and data visualisations and express the
outcomes of analysis in a very comprehensive representation.

3.3.3. LinguaKit
LinguaKit is a multilingual open-source toolkit that performs NLP tasks. In its website
integrates, among other linguistic tools, a summary, a sentiment analyser or an extractor
of the keywords that give meaning to a text, is aimed at a wide range of users who make
the language a professional use, educational or general. It was selected, based on its
performance in the Spanish language to accomplish our sentiment analysis proficiently
(Gamallo & Garcia, 2017).
Also, this tool has been 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 (Vilares et al., 2017). The accurate detection of entities
(i.e., organisations, names, and references) and a practical method for finding text
polarities are among the essential means to achieve the proposed objectives using the NLP
process.

3.4.

Data preparation

In this section, it was established the guidelines to conduct the social media data
retrieving, which consist of the search of topics and the entities accounts on Twitter and
LinkedIn, as a previous stage before of database pre-processing.
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3.4.1. Data source collection
The data collection was built depending on the source, as the case of Twitter: “tweets,”
and in the case of LinkedIn, “updates;” that consisted of JSON24 files. Those comments
have denoted the individual expressions or emotions feasible to perform sentiment
analysis and constituted the primary element for our analysis approach, to be conducted
in further stages. The web crawling was implemented in the operating system Ubuntu
Linux 16.04 64-bit version and the crawler in Python version 2.7.
To conduct data treatment, and based on its reliability, I decided to implement the R
library “tm” (text mining), developed by Feinerer et al. (2008), that has allowed
performing the preparation for the pre-processing stage. For this study, all data were
processed with RStudio 1.1, and the R version x64 3.4+.

3.4.2. Data retrieval and variables definition
Exploring and tracking peoples´ comments on social media is an opportunity to establish
different quantification strategy lines. Moreover, there are research approaches based on
other methods to reveal non-explicit information about preferences, trends, topics,
interest, and more relevant information.
In the case of Twitter, data sources have been retrieved by searching on the Twitter page
and saving the searches using the Python computational language, using the library
Twitter Scraper25, used to extract the messages. Based on topics, companies, and events,
the database was built. As a first step, the analysis has been centred on eight variables:
tweet creation date, the text of tweets, favourites (“likes” on other social media), retweets
(which is the same as reposted tweets), followers, 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.

24
25

The acronym of JavaScript Object Notation
See https://github.com/taspinar/twitterscraper/
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Table 3.1: Twitter variables definition
(Source: own elaboration)
#

Variables

Description

1

Timestamp

Original date post

2

Text

Plain text corpus to be analysed

3

Favourites

The accumulated number of likes

4

Retweets

The accumulated number of repost

5

Followers

The accumulated number of followers of each account

6

Tweet ID

The unique number that identifies each tweet

7

User ID

The unique number that identifies each user

8

Username

The name of who is tweeting

All these variables gave us precise information about each tweet, addressing the base for
the analysis. It can be seen the variables in a tweet example, as detailed in Table 3.1.
However, the approach that it has been implemented to undertake this study focused on
five properties: 1) tweet creation date, which has used to divide our database into four
separate periods; 2) text, which provides the primary base for dealing with polarity and
entity recognition (e.g., PSOE, Rivera, Podemos); 3) favourites and retweets, which give
the method for creating the weighting to be used in our indicator proposed in this work;
and 4) username, which is crucial for obtaining the geolocations of the Twitter users.
Table 3.2: LinkedIn variables definition
(Source: own elaboration)
#

Variables

Description

1

Head

Plain text corpus to be analysed

2

Subhead

Metadata source embedded to the post

3

Timestamp

Original date post

4

Likes*

The accumulated number of likes
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Regarding LinkedIn data, it has been retrieved by searching on companies' public profile
and saving the searches using the Python language, through the library LinkedIn Scraper,
that was used to extract the post, known as "updates" in the LinkedIn jargon. About this
case, it has considered building the LinkedIn database focusing on four variables: the
head of news feed, the subhead (which usually is metadata: video, quiz, picture), the time
of post, and the number of likes—was not incorporated in this research.

Figure 3.2: Social media text processing stages
(Source: own elaboration)

3.4.3. Pre-processing stage
To perform text mining, I first chose posts dates to define the periods under study. Second,
I focused on the text, extracting all the information for our analysis based on the tweets,
and LinkedIn updates. The set of comments plays an essential role in providing the
material basis and a testbed for building NLP systems. Third, metadata, such as favourites
and retweets—in the case of tweets—, username, that is crucial for the analysis. In Figure
3.2, it can be seen all stages of text processing tasks.
Once periods were established, it has been carried out the text cleaning task from the
database of tweets and LinkedIn updates to establish the text corpora. After that, and
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having selected the computational programs for data processing, there are automated tools
available to perform some or all pre-processing steps (Ghiassi et al., 2013). I structured
the pre-processing steps based on the work of Dubiau & Ale (2013) and Jurafsky &
Martin (2008) as follows:
•

Regular expressions (RE): These consist of the standard notation for
characterising text sequences. For this research, it has been used RE for IR
applications and text search strings. RE became a particularly useful tool for
finding patterns in Twitter corpora and identifying and extracting them—for
example, pic.twitter.com/ (.*), (RT | via) ((?:\\b\\W*@\\w+)+).

•

Normalisation: The text needs to be coherent, unifying the same terms, whether
they are written in different formats or languages. Within the same data collection
process, there are peculiarities, which may differ depending on the location of the
tweeter; for example, the name of an organisation might be in Spanish or Catalan
languages, depending on the region. In the case of the political party referred to
as We Can, would be “Podemos” in Spanish and “En Comú Podem” in Catalan.
Similarly, political party Citizens would be “Ciudadanos,” and “Ciutadans” in
Spanish and Catalan languages, respectively.

•

Tokenisation: This refers to words or tokens, and in this case, they are separated
by white space. In the case of sentences, they are usually detached by certain kinds
of punctuation (e.g., periods, question marks, and exclamation points). Each tweet
is considered a sentence, and the tokens within it provided us with useful
information.

•

Filtering: This refers to refining text containing odd characters and removing
hashtags or Twitter jargon, such as “RT” (which means retweet), self-mentions,
and emoticons.

•

Stemming: In IR, it can be obtained the stem of a word (i.e., stripping off words’
endings). It is made with the help of the stemming algorithm called the Porter
Stemmer.

•

Lemmatisation: It is another way to unify terms that provide the same
information, replacing common words for the same lemma. For example, “come,”
“came,” and “coming,” are three forms of the verb “to come.” The word “to come”
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it is called the common lemma of these words, and mapping is the lemmatisation
task.
•

Other pre-processing: This process constitutes secondary tasks such as
eliminating repeated words or characters, numbers, and blank spaces; correcting
the grammatical errors in tweets; and converting the entire text to lowercase,
avoiding misalignments in the analysis with capitalised words.

In addition to these steps, I omitted some NLP tasks to achieve the best performance
during further text analysis. Techniques such as POS tagging, stemming, and
lemmatisation are among the omitted tasks. Furthermore, some words had no
informational value; these are called stopwords (i.e., “this,” “I,” “he,” “was,” “of,” and
so on). For our analysis, I retained them for the sake of improving analytical performance
in the Spanish language, based on LinguaKit computational tool.

3.5.

Research application 1

In this application scenario, the focus was related to Twitter posts about the main events
related to the 2015 and 2016 Spanish general elections. The dataset was divided into two
stages based on two electoral events: the first election date—December 20, 2015—and
the second election date—June 26, 2016. Due to practical reasons and considering the
huge number of tweets involved, it has been decided to arrange each event into four
periods, to study the representativeness and the flow of support in a tidy way.
Regarding the first electoral event, has been 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 post-electoral period between the day after elections
(December 21) and December 27, 2015.
Likewise, for the second electoral event, has been established the pre-electoral period as
of June 1 to June 25, 2016, which was divided into two sections: 30 days and 12 days
before election day—that is, the day of the repeated general elections (June 26, 2016)—
and the post-electoral period between June 27 and July 3, 2016.
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Figure 3.3: Twitter trending topic (TT) in Spain during the months of
December 2015 and June 2016
(Source: own elaboration)
For this research, it was necessary to identify the evidence 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. Therefore, I followed
the method by which the media and its users broadly identified the conversation regarding
these elections—that is, the Twitter hashtags #20D and #26J26, taken together with the
keywords assigned to each event. (see Figure 3.3). According to the trending topic in
Spain, much of the conversation about the election revolved around these hashtags.

26

Each hashtag represents the date when the elections were held. The #20D (December 20, 2015) and the
#26J (June 26, 2016).
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Figure 3.4: Twitter data acquisition and processing
(Source: own elaboration)
Data were collected from a sample of 250,000 public tweets in accordance with Twitter
policy (see Annex 1) as the motivation is research with non-commercial interest, in line
with its licensing. The process of how the database was selected and recorded is depicted
in Figure 3.4.

Geolocation
One of the purposes of this study centred in a political event is to achieve certain levels
of granularity regarding each municipality, province, and autonomous community
(CCAA) in Spain. This perspective enriched the information, giving us the view of where
it was generated and thus, providing an automated analytical view of where the event of
interest occurred. However, the vast majority of tweets did not indicate their location.
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Mahmud et al. (2012) pointed out that less than 1% of tweets are geolocated; therefore, it
is difficult to obtain information from users’ profiles.
Given this problem, I developed a technique for accurately determining the user’s
location, and in performing this task, one of the variables helps us to identify the location
of the user—that is, the user ID. With the help of R library “twitteR27” was performed
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 its profile.
The database was reduced because few users include their location in the personal
information section of their profiles. Nevertheless, I obtained 40% of the geolocated
tweets from the entire dataset. Having extracted the users with locations in their profiles
and comparing them, I merged the tweets and the locations. I obtained the places from
the National Institute of Statistics (INE) of Spain, which provided precise and reliable
information regarding political divisions based on more than 8,000 municipalities, 50
provinces, and 17 CCAA.

Information extraction
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 (Jurafsky & Martin, 2008). In this case, I
analysed 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, I undertook named entity recognition
(NER), which is also known as entity chunking or entity extraction. This analysis was
applied based on a set of rules for proper names used for entity identification, and
elements were labelled and placed into categories such as persons, organisations, and
locations (Collobert et al., 2011; Gamallo et al., 2014). As a result, it has been classified

27

https://cran.r-project.org/web/packages/twitteR/README.html
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the data based on keywords related to the four political parties on which I focused, as
shown in Table 3.3.
Table 3.3: Implementation of named entity recognition for a dataset of keywords
related to the four political parties selected for this research
(Source: own elaboration)
Political Party

Keywords samples

PP

“Partido Popular,” “PP,” “Rajoy,”
“Soraya,” “Mariano,” “Ppopular,”
“Génova,” “Cifuentes,” “Albiol,”
“Populars”

PSOE

“PSOE,” “Pedro_Sanchez,” “Susana_Diaz,”
“JoveSocialistesYa,” “Carme_Chacon,”
“PSC,” “Zapatero,” “Josep_Borrell”

Podemos

“Partido_Podemos,” “Pablo_Iglesias,”
“Errejon,” “Podemos,” “AdaColau,”
“EnComuPodem,” “JMKichi,”
“XavierDomenech”

Ciudadanos

“CS,” “AlbertRivera,” “Ines_Arrimadas,”
“Ciudadanos,” “Ciutadans,” “Rivera,”
“Naranja,” “Riveranosotros”

It is worth mentioning that names are referring to each political party that was researched
for this study; consequently, the parties themselves might be referenced by naming their
leaders: “Rajoy,” “Soraya,” “Sanchez,” “Iglesias,” and “Rivera,”; regionalisms:
“Populars” or “Ciutadans”; places: “Genova”; and references, such as “Naranja”.
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Figure 3.5: The quantification strategy proposed regarding general elections
(Source: own elaboration)

Quantification strategy in the political framework
This study established a criterion that helps to explain the evolution of the political parties
involved in this electoral process, identifying the sentiment behind tweets located in
different regions of Spain. I compared our data based on four periods: 30 days and 12
days before the election, the election days (which, in this study, correspond to 20D and
26J), and eight days after that. By analysing the relationship between the results of both
events, I aimed to explain the evolution, comparing the official results with those obtained
from tweets to determine the positive trends that affected the four main Spanish political
parties over the election year. The overview of our quantification approach in this case
related to general elections can be seen in Figure 3.5.
I established our database of the main political parties and candidates involved in the
election process. Subsequently, NER was defined based on the number of tweets
mentioning these political parties or candidates and the number of references made about
them (see Table 3.3). Moreover, based on Spain’s population representativeness, I
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focused on the three Spanish CCAA with the largest populations: Andalusia, Catalonia,
and Madrid. Thus, the database corresponds to the people of selected CCAA, from which
the majority of the tweets were retrieved.
Therefore, considering the dataset, I accomplished polarity recognition using LinguaKit
to establish the three categories for this phase: positive, neutral, and negative tweets. For
instance, we recognised 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). Hence, I 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 favourites and retweets. Altogether, our collected data
comprised the summation of positive and negative tweets, as well as their weighing,
divided by CCAA and periods. In this study, I focused on collecting the positive results
of occurrences and weighting values.
The positiveness ratio development: Inspired by the work of Borondo et al. (2012) and
Caldarelli et al. (2014), I established our primary goal, which was to find an effective way
to estimate the support for political parties. Thus, I centred on the positive tweets and
their weighting. In this sense, I proposed a new indicator—the positiveness ratio (PR)—
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. 𝐶𝐶𝐴𝐴). By doing so, I developed a more
accurate method to measure a parameter focusing on positiveness (i.e., estimated support)
on Twitter. Thus, I introduced our 𝑃𝑅 approach, which is expressed as follows:

𝑃𝑅 =

𝑚𝑃𝑜𝑠.

,

𝑡𝑜𝑡.𝐶𝐶𝐴𝐴

(2)

given as a decimal number that represents the support of a political party. In light of the
preceding, is expected to be a clear indicator of the positive tendency of an electoral event
performed, where it has been compared the support for a selected political party during
the elections.
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Measures of central tendency: In addition to the use of the indicator proposal, to
measure the degree of support in the context of political parties in Twitter, it has been
examined the distribution of the data flow of the combined electoral events. According to
Saunders et al. (2016) central tendency measures values that occur frequently (mode), the
middle value after the data have been ranked (median), and the average, which includes
all data values in its calculation (mean). In this sense, the arithmetic mean is one of the
most common representations of measures, and it is computed by summing all scores
(∑X) and dividing by the number of scores (N):

x̄ =

∑𝑿
𝑵

,

(3)

where X is the mean, ∑x is the addition or summation of all scores, and N is the number
of cases. Similarly, measures of central tendency help us to identify the users’ data
behaviour by estimating positivity using the PR indicator but summarised by time in this
instance, the four periods, which were divided into 20D and 26J. Identifying the sum
defined in a period could give us some evidence about the overall performance concerning
the positivity track. Thus, this represented most of the data coming from the Twitter
dataset that defined users’ average behaviour and their interquartile range.

3.6.

Research application 2

In this section, the KIBS sector is examined based on consulting companies. It has been
performed social media analysis focusing on Small and Medium Enterprises (SMEs) and
large consulting organisations—of Spain and Italy, taking into consideration some
similarities in the election of both countries in Europe. The samples have been selected
based considering if they have an active Twitter account, including the number of
followers and their last years’ activity. After the analysis of twenty-five companies,
having the selection criteria in mind, our data collection consisted of eleven companies:
Accenture, Altran, Beeva28, BIP, Codex Società Cooperativa (Codex SC), Deloitte,

28

Since 2019 its name is BBVA Next Technologies
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Grupo Gesor, KPMG, Grupo Oesia, Tecnocom29 and Vector ITC. These eleven
accomplished a representative number of Italian and Spanish consulting companies, their
participation in tech-based projects and a reasonable number of tweets to deal with the
ML approach.
Table 3.4: Consulting companies’ activity and tweets retrieved
(Source: own elaboration)
#

Company name

Consulting activity

Retrieved tweets

1

Accenture

Professional services & ICT

4,340

2

Altran

Engineering and R&D services

1,651

3

BBVA Next Technologies
(formerly Beeva)

Software

1,350

4

BIP

Strategy & operations

538

5

Codex Società Cooperativa
Strategy & operations
(Codex SC)

72

6

Deloitte

Strategy & operations

3,690

7

Grupo Gesor

Strategy & operations

130

8

KPMG

Accounting

9

Grupo Oesia

Professional services & ICT

477

10

Indra
(formerly Tecnocom)

Professional services & ICT

4,420

Professional services & ICT

413

11 Vector ITC
Total

5,402

22,483

It has been defined a period of one year to retrieve tweets, starting on March 1st, 2016 till
February 28th, 2017. Table 3.4 shows the consulting activity of the selected companies,
and the total amount of tweets collected, which consisted of 22,483 public tweets.

29

Acquired in 2017 by Indra
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Information extraction
Once performed the analysis of the results of all tweets based on the companies´ Twitter
account, it has been established the relationship of networks regarding keywords in topics
such as innovation, entrepreneurship and other terms related to new technologies. To
explore terms associated with it has filtered through keywords that are given in Table
3.5.
Table 3.5: Keywords used to filter tweets
(Source: own elaboration)
Topics

Keywords

Innovation

Innovation, Innovative, innovate

Entrepreneurship

Entrepreneur, entrepreneurship, start-up,
opportunities, projects

Others

Technology, digital transformation,
digitization, Internet of Things (IoT),
Cognitive Systems, Big Data

On the basis of the data obtained, samples were assigned based on the specified keywords
(see Table 3.5) and divided by the companies Twitter accounts. The total amount of the
filtered tweets was established to 3,977 tweets, as detailed in Table 3.6.
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Table 3.6: Consulting companies’ filtered tweets based on keywords
(Source: own elaboration)
#

Company name

Filtered tweets

1

Accenture

716

2

Altran

455

3

BBVA Next Technologies (formerly Beeva)

235

4

BIP

538

5

Codex Società Cooperativa (Codex SC)

20

6

Deloitte

486

7

Grupo Gesor

19

8

KPMG

9

Grupo Oesia

1,048
54

10 Indra (formerly Tecnocom)

325

11 Vector ITC

81

Total

3,977

Quantification strategy in the KIBS framework
Topics exploration of social media and its impact on the relationship between consulting
companies, associates, and clients, implies another route to understanding the perception
about specific topics. Online social and technological systems are producing real changes
in the traditional networking paradigms and the way that people communicate with each
other (Borge-Holthoefer et al., 2011), and quantification could be the way to analyse their
employees and its relation to topics about innovation and entrepreneurship. The rapid
diffusion of messages in Twitter has been made it suitable to be used for ML, modelling,
and sentiment analysis.
In addition, the statistical concept of correlation is similar to the association, when, as in
this case, it has been proceeding through text mining approach (Feinerer et al., 2008). The
exploration of words relationships can generate engrossing connections among broad
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words assortment with diverse outcomes. In this situation, the analysed terms: innovation
and entrepreneurship, could give us interesting remarks to know about consulting
companies towards entrepreneurial innovation field. Moreover, clustering analysis for
categorising purposes, it is useful to define the subgroups and to find the term's
associations from the entire text dataset, to generate agglomerative affinity between the
terms, that compose the eleven consulting.
Regarding analytical outputs, the classification of polarity is a good proxy to explore how
communication in a determined sector is perceived. For this work, it has been selected
the BLEL lexicon (Hu & Liu, 2004) in order to perform the relations of terms of the
corpus getting the polarity based on 6,787 words, which 2,005 are positive and 4,782 are
negative. The “treemap” design is a multidimensional representation of the corpus
attributes. Where colour represents polarity sentiment, each tweets collection is a small
square, and its area is related to the number of terms document length. Finally, the larger
grouping is based on LDA or topic modelling algorithms.
The influence ratio development: The database resulted in a reduced number of tweets
sample, ready to perform the measuring composed by two variables: favourites and
retweets. To determine the weighting of each tweet, I based its development in these
variables. First, I considered that retweets have more value, based on the visibility of the
reprint of tweets, and then multiplying per two. Second, for the favourites, I only
considered the amount of it. Third, I obtained a number after the sum of retweets and
favourites, considering as the weighting value, defined as:

W = (Ret. ∑ x 2) + Fav. ∑,

(4)

where, the number of retweets is represented as Ret., the number of favourites as Fav.,
and the weighting score is an integer, characterised as W.
Finally, to develop indicator—the influence ratio (InfR)—, I based on the resulted
weighting value divided by the accumulative number of followers of the Twitter account,
expressed as follows:
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𝐼𝑛𝑓𝑅 =

𝑊
𝐹𝑜𝑙𝑙.∑

,

(5)

where, the weighting is represented as W, and followers as Foll., resulting in decimal
notation (𝐼𝑛𝑓𝑅). Hence, I have established a measurement indicator to obtain the ratio of
each tweet, giving us a parameter of the impact in the consulting company. Then, the
𝐼𝑛𝑓𝑅 is assigned to each tweet establishing a scale per company, and once consolidated
in the consulting database, is compared between the number of tweet accounts, to find
out at the more proactive users inside the network.

3.7.

Research application 3

In this study, it was considered the examination of companies, who alleged that are
currently using OI strategy. From an initial number of thirty companies, and having
conducted documentary research, based on their LinkedIn activity, the surveys answered,
technological-based organisation and diverse origins, it was determined to focus on eight
companies: Accenture, BBVA, IBM, Intel, LG, NASSCOM, Telefonica, and Vodafone.
In this case, I conducted a mixed-method, starting with a social media analysis and
implementing ML approach. The qualitative approach consisted of a survey to compare
their “openness profile” regarding the information provided by the LinkedIn profiles of
each company. Also, the discussion framework was centred on the DCs theory to find a
comprehensive answer to the strategy together with OI.
In this analysis, it has been determined by two sources types. The primary sources—
surveys and LinkedIn post (i.e., updates); and secondary sources—based on the web,
reports, etc.
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Table 3.7: The list of eight companies analysed, HQ, activity, and the
number of updates retrieved from LinkedIn
(Source: own elaboration)
#

Company name

HQ

Activity

Updates

1

Accenture

Ireland

Consulting services

75

2

BBVA

Spain

Banking

208

3

IBM

USA

IT services

139

4

Intel

USA

Microelectronic

104

5

LG

South Korea

Manufacturer

60

6

NASSCOM

India

Innovation services

209

7

Telefonica

Spain

Telco operator

209

8

Vodafone

UK

Telco operator

100

Total

1,104

Information extraction
Regarding the quantitative analysis in LinkedIn, I performed text mining to the eight
selected companies, starting with the corporative page in this social media. After applying
the LinkedIn scraper, it has been retrieved a total amount of 1,104 updates. The social
media analysis was conducted for one year, between February 2019 and February 2020.
In Table 3.7 are listed the company names, the country of origin (HQ), their main activity,
and the number of updates retrieved during the research period. For this database, I have
focused on the text, extracting all the information for the analysis based on the LinkedIn
corporate accounts. Under LinkedIn policy regarding data privacy and protection, data
were collected from public posts, as detailed in Annex 2.
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Comparison of OI models of the companies
The profiling process means that some dimensions are more relevant than others to
increase the success of the activity, and prior knowledge of them constitutes the basis for
proper management. For that reason, it has assumed that the innovation profile dictates
the most appropriate management structure. One of the intuitive concepts behind this
profiling is the “openness degree,” which is referred to as the quantification of the level
of open activities found in a determined organisation. This profiling concept could be
suggested that openness is a combination of several low-level dimensions.
Based on eight dimensions previously identified in the literature, the “open innovation
profile” of a specific R&D department or entire organisation can be represented due to
the values assigned to the variables. The values associated with each dimension
corresponds to the result of a qualitative process; for instance, these values could be
obtained by using a standard method where several persons with different backgrounds
and positions could provide their views.

Primary source: Survey
With the purpose to enrich the knowledge—and to get a more accurate picture from
inside—about the OI approach that companies who are implementing this innovation
paradigm, it has been determined to conduct a brief survey.
Besides, it implied to receive a piece of better information about their implemented OI
models, to be then compared with the data coming from LinkedIn. For the case of primary
sources, it was designed a questionnaire, that was submitted to CEOs or Innovation
Managers. From the initial number of companies (thirty samples), considered for
qualitative research, it was received eight replies, who are those finally designated to be
implemented for the quantitative approach. The questionnaire sample is detailed in
Annex 3.
Accordingly, the openness dimensions described in Chapter 2, and based on the work of
León et al. (2020) and Tejero López (2019), who facilitated the “openness degree”
development, where the definition of the variables and the measuring values, are detailed
as follows:
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•

Breadth

Is referred to an assortment of competencies and know-how that usually have the
participants of innovation projects. Thus, the higher number of competencies and knowhow of the contributors in innovation projects (e.g., more heterogeneous, or wider), the
more open the innovation model is.
-

Maximum value = 5; The amount of skills and competences of the contributors in
innovation projects is usually very high.

-

Minimum value = 1; The amount of skills and competences of the contributors in
innovation projects is usually very low.

•

Depth

Is described to the level of expertise of the contributors to innovation projects, when they
are specialised, they have more knowledge, and thereby, they have more options to
participate inside the project. Hence, the higher level of expertise of the contributors in
innovation projects are more in-depth, the more open the innovation model is.
-

Maximum value = 5; The level of expertise of the contributors of innovation
projects is usually very high.

-

Minimum value = 1; The level of expertise of the contributors of innovation projects
is usually very low.

•

Freedom

The freer the collaboration in innovation projects, the more open the OI model is. This
means, when they are less formalised, the arrangement is based on voluntary participation.

•

-

Maximum value = 5; Innovation projects are usually formalised at a very high level.

-

Minimum value = 1; Innovation projects are usually formalised at a very low level.

Number of R&D development phases covered

The more phases the parties are included in innovation projects, the more open is the
innovation model.
-

Maximum value = 5; The number of phases included in innovation projects is
usually very high.

-

Minimum value = 1; The number of phases included in innovation projects is
usually very low.

•

Number of actors involved

The more parties involved in innovation projects, the more open is the innovation model.
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-

Maximum value = 5; The number of actors involved in innovation projects is
usually very high.

-

Minimum value = 1; The number of actors involved in innovation projects is usually
very low.

•

Percentage (%) of external funding sources

It refers to the source of the money to work in an OI way. Generally, this case occurs when
one company is “forced” to work in OI projects due to constraints imposed by public
administrations funding the project (e.g., putting as a compulsory condition to be supported
to conduct the research work in cooperation with an academic institution).
-

Maximum value = 5; The amount of external funds in innovation projects is usually
very high.

-

Minimum value = 1; The amount of external funds in innovation projects is usually
very low.

•

Percentage (%) of economic resources

It complements the previous one from the economic volume involved. Only one OI project
could involve a large percentage of the R&D resources; then, its impact will be high (the
OI model is more open).
-

Maximum value = 5; The percentage of the R&D resources framed in OI projects
is usually very high.

-

Minimum value = 1; The percentage of the R&D resources framed in OI projects is
usually very low.

•

Percentage (%) of R&D projects

It implies the relative importance in the firm’s activity. If only 1% of projects follow the OI
logic, the impact on the company is very low (so, the OI model is less open).
-

Maximum value = 5; The percentage of R&D projects framed in OI projects is
usually very high.

-

Minimum value = 1; The percentage of R&D projects framed in OI projects is
usually very low.

Once defined the variables and the values, they can be assigned to the dimensions of each
company, and their respective profiles were drawn, as shown in Figure 3.5, using the
information gathered from the survey.
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Secondary source: Documentary analysis
The qualitative part of this study also included secondary sources of information, together
with the rationale, types, experience, and models applied by organisations. To serve as
inputs and to compare with the other different approaches, it has been analysed the OI
strategy used in accordance with the selected companies who embraced this paradigm.
Moreover, the information on corporate information was extracted from public sources,
like the companies' websites, reports, among other sources.

Quantification strategy in the OI framework
In the previous section, it has been delineated a qualitative approach, based on a survey
of selected companies, and documentary analysis from secondary sources. Regarding the
quantitative method, and to quantify the values resulted, it has been carried out the NLP
process to create our LinkedIn updates database, starting with the exploration of terms
frequencies, divided by the eight companies analysed. This procedure, having the TDM
structure, to develop a type of visualisation scale, it could be achieved by well-known
examples such as bar charts or wordclouds among other depictions.
The text-based clustering K-means (Steinley, 2006) method, is useful to characterising
groups of profiles, which may lead to conclusive results where the proximity definition
could lead us to understand the data observed from the corporative LinkedIn update
database. These data could be compared at the same time as the other approaches to be
performed in this case study.
To this end, it has been decided to look at the DCs theory (Eisenhardt & Martin, 2000;
Teece et al., 1997), proposing an analysis supported by this theoretical basis that allows
the study of aspects related to companies that are implementing OI paradigm, their degree
of openness, and their discourse on social media. Through developing a DCs framework,
to understand the strategic management in combination with OI, it could be explained the
organisational advantages (or flaws) and managerial outputs.
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CHAPTER 4. RESULTS AND DISCUSSION
“Future belong to those who prepare for it today.”
-Malcolm X
In this chapter is presented the findings and discussion of the three environments
considered in this thesis. First, is given the outcomes of the political framework, offering
the insights of the indicator development and its application in Twitter regarding two
electoral events. The discussion focuses on the scope by obtaining a positivity indicator.
Second, the effects of the social media analysis performed to KIBS—mainly based on
consulting companies—on Twitter, to understand its relation build upon the content of
innovation and entrepreneurship, through an influence indicator. The discussion was
based on the peculiarities of the firms analysed, and the ML approach carried out.
Finally, the results of the documentary research and the survey performed to get the
openness degree of selected companies who implemented the OI paradigm, in addition to
the quantitative analysis to LinkedIn database implementation was presented. The
discussion was based on the openness attitude and comparison from primary and
secondary sources, and the strategic capabilities quantification in conjunction with the
OI paradigm was proposed.

4.1.

Results of the political framework

In this section, I present the outcomes based on our analysis of Twitter and the results of
the 2015 and 2016 Spanish general elections and the implementation of quantification
strategy. The implemented social media analysis shows the sequence: “30 days before the
elections,” “12 days before the elections,” “election day,” and “8 days after the elections.”
Then, it has been focused on three CCAA—Andalusia, Catalonia, and Madrid—and the
four main national political parties: “PP,” “PSOE,” “Podemos,” and “CS.”
The results are displayed based on two events—20D and 26J—, and the indicator is
depicted using scatter plot visualisations to enable a better understanding of the electoral
events. The figures illustrate the results of our indicator approach compared with the
official electoral outcomes, tracking the support for each political party.
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The advantages of this implementation include the measurement of findings by
contrasting the electoral outcomes against the data collected from Twitter. Because the
official data were expressed as decimals after the elections occurred, I consider that the
results can be compared by normalising the scales from these sources. For this reason, it
has been divided our results into two dates according to the Spanish electoral calendar.

4.1.1. Electoral findings per region
Through the official sources provided by the Ministry of the Interior of Spain, the
outcomes per party in decimals divided by regions were established. The implementation
to validate the indicator involved examining the results of the December 20, 2015, and
June 26, 2016 elections according to region. Hence, it has been selected three Spanish
regions—Andalusia, Catalonia, and Madrid—and related these election outcomes,
expressed as decimals, to standardise the data based on the proposed indicator in this
work.
Regarding the December 20, 2015 (20D) election, the results are detailed by CCAA, and
the three national-level political parties analysed in this study, as shown in Table 4.1.
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Table 4.1: The December 20, 2015 (20D) election results of the four analysed
political parties, shared by the party’s percentage expressed in decimals
(Source: Ministry of the Interior, Spain, 2015)
CCAA

Political Party

Results (20D)

Andalusia

PP

0.29

Andalusia

PSOE

0.32

Andalusia

Podemos

0.17

Andalusia

CS

0.14

Catalonia

PP

0.11

Catalonia

PSOE / PSC

0.16

Catalonia

Podemos / En Comú

0.25

Catalonia

CS

0.13

Madrid

PP

0.33

Madrid

PSOE

0.18

Madrid

Podemos

0.21

Madrid

CS

0.19

Similarly, we focused on the June 26, 2016 (26J) election, and the results of this event
are shown in Table 4.2.

87

Table 4.2: The June 26, 2016 (26J) election results of the four analysed political
parties, shared by the party’s percentage expressed in decimals
(Source: Ministry of the Interior, Spain, 2016)
CCAA

Political Party

Results (26J)

Andalusia

PP

0.34

Andalusia

PSOE

0.31

Andalusia

Podemos

0.19

Andalusia

CS

0.14

Catalonia

PP

0.13

Catalonia

PSOE / PSC

0.16

Catalonia

Podemos / ECP

0.25

Catalonia

CS

0.11

Madrid

PP

0.38

Madrid

PSOE

0.20

Madrid

Podemos

0.21

Madrid

CS

0.18

These data provided an analytical basis upon which to compare our proposed indicator,
contrasting this with the social media analysis and the electoral outcomes.
Is important to note that in Catalonia, 35% of participation share was not captured. This
effect is because the prevalence of the regional parties is very high compared to the other
analysed Spanish regions. I recall that this study is focused on the main Spanish nationallevel parties (see Figures 4.1 and 4.2).
Additionally, I determine to retain the data without applying the mathematical
transformation (i.e., a normalisation 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. However,
I recognised that such a decision has an impact on the indicator values in the case of
Catalonia region electoral results.
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Figure 4.1: Visualisation of the December 20, 2015 (20D) election results
and the PR in the four periods analysed
(Source: own elaboration).

4.1.2. 20D election indicator performance
For the December 20, 2015 election, the outcomes and the support were analysed based
on the four periods represented by scatter plots, as depicted in Figure 4.1 (A, B, C, D).
First, Figure 4.1 (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 lowest support in Catalonia,
by poor electoral outcomes. Regarding PSOE, the highest yields and PR correspond 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—
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corresponding with its electoral result— followed by Madrid (with average support), and
the lowest support and results were evident in Andalusia. CS had poor electoral outcomes
in Catalonia, but high PR. Andalusia had low electoral results, and medium support
reflected in tweets. Still, there were better vote results in Madrid, contrasting with the
lower PR of their supporters received across the regions.
Second, concerning Figure 4.1 (B), for the “12 days before the elections,” minor changes
in this period were reported 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 reliance on Twitter,
whereas, in Catalonia, there were both poor electoral outcomes and low PR level. In the
case of PSOE and the behaviour of users regarding their support, it reached a peak in
Andalusia. Still, 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 behaviour, 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 marks in Catalonia, retained high
support. Its PR dropped in Andalusia, but in Madrid, it increased its PR.
Third, in Figure 4.1 (C), more changes in the behaviour of Twitter users regarding the
“December 20, 2015” election, became noticeable. PP retained its high PR level and
voting outcomes in Madrid, as in Andalusia, and dropped in Catalonia corresponding with
its low results. PSOE showed low support, considering the high electoral effects in
Andalusia. In Madrid and Catalonia, there was also low PR concerning electoral results
in both regions. For Podemos, high support was observed, demonstrating its
correspondence with the electoral outcomes in Catalonia and the insufficient support in
Madrid and Andalusia. Differing from the previous periods, CS yielded its support in the
same way as its poor outcomes in Catalonia. Additionally, its PR decreased in Madrid
and Andalusia.
Finally, as Figure 4.1 (D) shows, in the period “8 days after the elections,” changes in
the behaviour of Twitter users became evident. Regarding PP, support in Madrid
surprisingly decreased, as in Andalusia, while it reached a considerably high support level
in Catalonia, contrasting with the low outcomes. PSOE got a high PR in Andalusia but
maintained low levels of PR in Madrid and Catalonia as depicted in the previous intervals.
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After having high support in the earlier stages, Podemos’ PR decreased in Catalonia,
maintaining low support levels in Madrid and Andalusia. In this period, CS substantially
increased its support in Madrid (by its best performance in this region). In Catalonia and
Andalusia, as on election day, the low PR continued with its electoral outcomes.

Figure 4.2: Visualisation of the June 26, 2016 (26J) election results and
the PR in the four periods analysed
(Source: own elaboration).

4.1.3. 26J election indicator performance
In the election held on June 26, 2016, it has been followed the same outline performed
for the previous election, as shown in Figure 4.2 (A, B, C, D). First, in Figure 4.2 (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 outcomes. In Catalonia,
a coherent low level of support and results were observed. PSOE reached its highest PR
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in Andalusia, corresponding with the electoral outcomes. In Madrid and Catalonia,
however, the support on Twitter was deficient, in comparison to its electoral performance,
with medium and low vote percentages, respectively. Podemos displayed a high PR in
Madrid and Catalonia following its high vote results but had low support in Andalusia,
which did not coincide with the electoral outcomes. Instead, CS experienced a peak in its
PR in Catalonia with its low electoral results and similarly short PR and outcomes in
Madrid and Andalusia.
Second, in Figure 4.2 (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,
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. 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. In contrast, support in Andalusia
had a medium increment.
Third, in Figure 4.2 (C), on the “June 26, 2016” election, PP high support was observed
in all regions, which was consistent with its positive electoral outcomes (excepting
Catalonia). In the case of PSOE, supporters’ behaviour on Twitter was consistent: its PR
was low, especially in Catalonia and Madrid, considering the average electoral outcomes,
but its PR was surprisingly lacking in Andalusia considering its high voting performance
and the performance shown in the previous periods. Podemos ostensibly decreased its
support in Catalonia, considering the last time intervals compared with its results. In
Madrid, there was a regressive trend of its PR, showing lower performance on the election
day. Andalusia 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 poor
electoral outcomes, and similarly, decreased its support in Andalusia. Except for Madrid,
there was continuous low support and electoral results in the previous periods.

92

Finally, in Figure 4.2 (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 areas,
especially in Catalonia, where its low support was noticed during all periods. Similar to
election day, Podemos retained the downward 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, especially in Catalonia,
the support for CS dramatically fell on the election and the days after, continuing a
regressive trend, as seen in low support and electoral voting results in Madrid and
Andalusia.

4.1.4. The support flow quantification on the elections
Data distribution has been explored, based on the positive results of accumulated values
that converge on the proposed indicator. Without any political party differentiation, I
estimated the levels of measures of central tendency delineated into the four periods
established in the 2015 and 2016 Spanish elections. Consequently, 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.
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Figure 4.3: Support flow during the 2015 Spanish general election
(20D) divided into four periods
(Source: own elaboration).
Figure 4.3 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.
Finally, the period “after 20D” witnessed a small upward median and a dispersion of the
support range, where most positive comments are in the Q1 area.
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Figure 4.4: Support flow during the 2016 Spanish general election
(26J) divided into four periods
(Source: own elaboration).
Figure 4.4 shows some differences regarding the flow of the 2016 election using the same
approach for the measures of central tendency and the indicator results, whereby the
dispersion of the positivity is lower compared with the 2015 election in the “30 days
before” period. A similar behaviour shows concerning the median, with a high PR. Then,
the “12 days before” period displays a downward trend regarding positivity, which is
similar behaviour 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)—
like the context of the previous elections but less dispersed concerning the median—the
higher appearances are 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.
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4.2.

Discussion based on political framework findings

The quantification of the people´s choice is always a concern with events such as political
elections. Hence, I developed a feasible set of techniques for quantifying preferences.
According to previous recommendations (Gayo-Avello, 2013; Z. Wang et al., 2014), I
emphasised the good practices of handling data retrieved from social media platforms.
Thus, unlike previous studies (Borondo et al., 2012; Caldarelli et al., 2014), in which
measures of political events have been characterised based on cumulative mentions
regarding two political parties, and separated tweets into three categories: positive,
neutral, and negative. The approach was to focus on users’ support based on positive
tweets.
In this work, it has been highlighted the trend evolution on Twitter and elections intending
to propose new alternatives to measure political events such as the electoral process. I
confirmed evidence of correspondence after the comparison of our indicator and the
election outcomes, finding a more coherent behaviour of supporters in traditional parties,
rather than the emerging parties. Consequently, preferences emerged regarding what was
expected based on election outcomes. I also observed optimistic users’ attitude regarding
the emerging political parties, especially during the periods before either election day.
Nonetheless, considering the fluctuation of users’ behaviour situations, contradictory
results have also been reported.
In the election of 20D (see Figure 4.1 [A, B, C, D]), correspondence between the parties’
behaviour can be seen during 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 and
Madrid—as opposed to Catalonia, having regional majority parties’ votes—are
considered areas where traditional parties such as the PSOE and PP, respectively,
predominate (Balfour, 2015).
However, different attitude concerning emerging parties was reported, and their trends
fluctuated depending on the region. Podemos retained its high support levels in Catalonia
(following its electoral outcomes), but that support dropped after election day. Its PR
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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 next
days, by its low electoral performance. In Madrid and Andalusia, support remained
relatively low during all periods but unexpectedly increased after the election in Madrid.
Concerning the 2016 election (see Figure 4.2 [A, B, C, D]), high support can be seen in
the case of PP, which maintained high PR during all periods under their good electoral
results (excepting Catalonia). The support of PSOE was always high, particularly in
Andalusia, before election day; however, it decreased, especially on election day and after
that, despite the good electoral outcomes in this region.
In this case, 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 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.
I demonstrated that due to their structure, traditional parties’ supporters are more active
with their attitude. It can be more prevalent, as Figure 4.1 (A, B, C, D) and Figure 4.2
(A, B, C, D), shows 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. Besides, I compared these traditional parties with their supporters—in the
influenced areas—who demonstrated greater discipline in terms of their behaviour,
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 performance in the 2015 election.
Visualisations of measures of central tendency (see Figures 4.3 and 4.4) represent the
accumulative support during the election periods to enable an understanding of the
attitude of political party followers. Thus, using these measures of support flow during
elections, I confirm the same trends in our indicator, carried out in the 2015 and 2016
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elections, with peaks in support 30 days before the elections, on election day, and in the
days afterwards. Hence, I realised that the support decreased mainly in the period just
before election day. This situation might underpin the influence 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 different way from that
during the previous 2015 election, which might corroborate that the victorious party (PP).
It is known that the PP party hired the services of The Messina Group (TMG30) in 2016,
considering the news published in the Spanish media31. This consulting company
specialises 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. I argued that this
might have influenced Twitter users’ behaviour in this election; for example, in the days
following the election, a positive downward trend is noticeable (see Figure 4.4). This
result suggests that the company contract had ended, based on the decline in positive
activity overall, which might be reflected in the analysed period.

4.3.

Results of the KIBS framework

The analysis conducted on social media in the context of KIBS consulting firms, helped
us to identify the innovative entrepreneurship—based on eleven Spanish and Italian
firms—, converged on the quantitative approach, mainly based on the Twitter database. I
carried out the influence indicator based on Twitter followers and using data
interpretation techniques such as clustering and topic modelling, and getting the polarity
of the corpus, where was accomplished the quantification strategy.
In this study, it has been established the association of innovation and entrepreneurship,
exploring the outcomes of the perceived potential of social media and the entrepreneurial
behaviour in the context of business-to-business (B2B) environment.

30
31

As they published on their website: https://themessinagroup.com/industries/politics/
See “The San Francisco guru who won the elections for Mariano
Rajoy”http://www.elmundo.es/cronica/2016/07/03/57779fc0ca4741301d8b4609.html
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4.3.1. Innovative entrepreneurship network influence indicator
This study reveals a strong relationship between consulting firms and social media posts.
It is interesting how these firms and their associates are looking for the visualisation of
the actions and events related to them—including live and virtual experiences. In the one
hand, large corporations are the ones who have greater use of this type of social media
for innovation-related diffusion. On the other hand, in the case of SMEs, their visibility
is more discreet. Tweets also reflect the KIBS' innovation approach that they have been
implementing; although, it seems that not all consulting firms have shown the same level
of innovative entrepreneurship.
The results include the identification of the leading players inside the companies—
represented by the influence scale—, the term's association related to innovation and
entrepreneurship, the interrelations among the more relevant terms into the network, and
the differentiation of the entrepreneurial behaviour among consulting companies.
As a general remark, I identified from our Twitter database that only 17.6% (3,977 out of
22,483 tweets) were considered as related to the innovative entrepreneurship ambit (see
Table 3.6). Additionally, only the name of seven out of eleven consulting firms in the
sample are mentioned in at least one of the following analysis results, and only five appear
in all the examinations.
Table 4.3 shows the top twenty-ranked scale to whom it has been considered as
“influencers,” after the terms filter and who tweeted about entrepreneurship and
innovation, as a result of the InfR development in this study. It was found that these
“influencers” rank is coherent with as in literature is described as “intrapreneurs,” or
beyond motivated employees, who are more active than the other “normal” workers
(Smith et al., 2016). In this case, they showed their activity in his company networks,
spreading messages related to the two topics examined in this work.
Moreover, to acknowledge the "influencers" chart to the users in Twitter, I looked their
usernames, their Twitter profile information, and the web pages associated to their public
corporative profiles, to know more about them. Surprisingly, twelve out of twenty
"influencers," are mainly BIP Italia associates at the entry and middle management levels.
Other consulting companies such as Altran, Accenture and Vector ITC have one
influencer belonging to the middle to top-management class.
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Table 4.3: Top Twenty “influencers” in KIBS Twitter network
(Source: own elaboration)
#

Username

Influence ratio

Entity

Location

1 Stigmergy

1

IT News

USA

2 Mickytata

0.875

BIP

Italy

0.8

News

Spain

4 Gloria Sbrocca

0.782

BIP

Italy

5 Marcial Fernández

0.636

ICEA

Spain

6 Silvia

0.575

BIP

Italy

7 Paolo

0.526

BIP

Italy

0.5

BIP

Italy

9 Alessio

0.461

BIP

Italy

10 Carlos

0.406

Altran

Spain

11 Bruno

0.395

BIP

Italy

12 Luis del Río

0.384

N/A

Spain

13 Luigi Sambuco

0.382

BIP

Italy

14 Ludovico Cestari

0.375

BIP

Italy

15 Alex Borrell

0.307

Accenture

Spain

16 Andrea Casati

0.278

BIP

Italy

17 Luca Di Traglia

0.262

BIP

Italy

18 Rafa Conde

0.258

Vector ITC

Spain

19 Umberto Petrone

0.24

BIP

Italy

20 Stephan Wennekes

0.235

Altran

Luxembourg

3 AcciónAntiBancaCGT

8 Filippo.Pieruzzi

4.3.2. Innovation and entrepreneurship associations
To identify the link that could demonstrate the underlying structures, through the
interrelations of “entrepreneurship” and “innovation,” I established a term’s association
based on our Twitter database. With the aim to discover the proximity ecosystem of the
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most related words, I implemented a correlation scale, exploring the associations based
on their coefficient.
In the one hand, Figure 4.5 shows the words associated with the term “entrepreneurship”.
The words related to academia and universities are the most frequent: urjonline, laupm,
ilcbarcelona, ieuniversity, universitario, actuaupm, mooc, lab, among others.
In addition, other words are related to actors and actions is the innovative ecosystem such
as government (bilbaoekintza, patrocinio, analizando, ayudando, kbidigitalgracias,
impacthub, fundacion, wanajump, temprana, edad, eneste, apoyamos, transferir,
momentos, apoya, impulsan, fomentan, tecnológico) or the links with a geographical
region (latinoamerica, colombia).

Figure 4.5: Association of words: “Entrepreneurship”
(Source: own elaboration).
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In the other hand, Figure 4.6 shows the words present in the tweets that are correlated
with “innovation,” which is related to concepts such as innovation management (index,
center, actitud, sostenible, nuevo, creativa, prioridad, economico, turistica, fiscal), key
actors (garrigues, larracoechea, altranes, pablolinde, altran, promarcasspain) and venues
(centro, ulmp, torre, picasso, innsite, traslada, abrirá).

Figure 4.6: Association of words: “Innovation”
(Source: own elaboration).

4.3.3. KIBS clustering network
Figure 4.7 distinguishes the KIBS clustering analysis on the unigrams extracted from the
database, related to the innovative entrepreneurship behaviour of the eleven companies
selected for this study.
It is possible to identify two main groups into the hierarchical dendrogram; the right-side
cluster clearly shows the substantial use of social media related to innovation by Altran,
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Deloitte and Accenture. Meanwhile, the left side cluster shows the focus on digital
transformation by BIP Italia, KPMG, Tecnocom and BEEVA. The latter group has a
broader spectrum of topics related to other terms such as digital transformation,
technology, projects and so on.

Figure 4.7: Hierarchical dendrogram implementation
(Source: own elaboration).

4.3.4. Polarity and topic modelling implementation
In this section has been implemented “treemap” based on the Twitter consulting corpora.
The visualisation of topic modelling represents the tweets polarities by colours. Also, the
headlines represented the most cited words of each group originated by the algorithm,
and the size of the squared grouped collection terms is related to the number of terms
document length.
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Figure 4.8 represents a visualisation of the results of opinion mining performed in our
collected data from Twitter. The findings show that the majority of tweets are neutral
(white), followed by positive tweets (green and light green). Few negative tweets have
been noticed (light pink) showing the nature of the data retrieved from the consulting
companies. This outcome is no surprise since social media is an unusual channel to solve
conflicts and problems between consulting companies and their clients, followers, and
suppliers. Note that the sentiments have a strong positive relationship in the upper left
concepts related to the presentation of digital transformation projects and businesses by
Tecnocom, BIP Italia and KPMG; as well as in the upper right corner associated with the
use of AI and design as part of the consulting teams in BIP Italia and Accenture.

Figure 4.8: Treemap visualisation of topic modelling and the polarity of tweets
(Source: own elaboration).
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4.4.

Discussion based on KIBS consulting framework

findings
The present study provides an understanding of the interlink between entrepreneurship
and innovation in the context of KIBS and social media, specifically when it comes to the
creation of innovation networks and ecosystems. Moreover, “entrepreneurial innovation”
involves the disruption of existing industries and the creation of new ones. Autio et al.
(2014) proposed a framework of entrepreneurial innovation and context. They stated that
entrepreneurial behaviour also happens in the social context.
This study might contribute to the development of the use of digital footprints in
entrepreneurship research that is one of the new theoretical gaps that need to be fulfilled
(Obschonka et al., 2017). For this reason, I extended the development of an innovative
entrepreneurship indicator—the InfR—that measures social media impact in the
consulting KIBS ecosystem, as suggested in other related studies (Low & Isserman,
2015).
In this study, this social context refers to the networks between the inner company
entrepreneurs—that is referred as “intrapreneurs,” to whom first coined this term by
Pinchot (1985)—and the stakeholders surrounding the KIBS firms where knowledge is
shared, and collaboration is set to create and discover new ideas and assets. The present
results have implications for the entrepreneurial behaviour that might be present in BIP
Italia, whose entrepreneurial employees appearance (the “intrapreneurs”) have been
accounted for 60% of the Top 20 influencers rank on this area (see Table 4.3), in
accordance to our InfR outcomes.
It has been needed to distinguish that these employees are not top managers, as it was
found in other consulting companies such as Altran, Vector ITC or Accenture. Thus, they
are mainly junior, and senior consultants in BIP were located in different cities (Rome,
Milan, Venice), which according to their behaviour shown are eager to communicate what
they and their firms are doing concerning to innovation, and creating this sharing
knowledge ecosystem that enables them to innovate. The evidence suggests that BIP
employees have “entry” and “post-entry” entrepreneurial behaviour as defined by Autio
et al. (2014).

105

Moreover, it would be interesting to know what makes this company different from other
KIBS that does not show this type of attitude. This finding is supported by previous work,
indicating that this behaviour of creating frenzied activity in social media is in line with
the theory of entrepreneurship proposed by Leyden et al. (2014) —this social aspect of
entrepreneurship increases innovation and reduces uncertainty. It is performed by the
same actors that started the entrepreneurial action, in this case, the consulting firms; the
intrapreneurs mentioned forehead and whose names appear as an influencer in the
different quantitative procedures that I conducted along with this study. The interpretation
for this outcome is similar to the one given by Smith et al. (2016), which describes
intrapreneurs actions where “the businesses are largely run by intrapreneurs who have
taken over the role of running the business.”
Finally, addressing the call by Autio et al. (2014), it has been explored the link between
entrepreneurial behaviour and social context in an innovative way. Indeed, it is needed
more studies using opinion mining and ML algorithms to discover more peculiarities and
insights in the innovative entrepreneurship field (Jussila et al., 2014; Kärkkäinen et al.,
2010). This study supports the notion that there is a relation of firms who are more
innovatively compromised, as the activity in social media indicates. However, the use of
tweets for social media analysis and polarity has been relatively limited, due to people—
in this consulting ecosystem—tend to post more positive comments and neglect the
publication of complaints and negativity (see Figure 4.8). Based on these outcomes, I
confirmed that it is not an adequate channel to perform reliable sentiment analysis if the
research is conducted to find issues regarding this sector.

4.5.

Results of the open innovation framework

In this section, I present the findings regarding eight selected companies that implemented
the OI paradigm on their business. The results are shown in two segments: the qualitative
approach, based on information coming from the comparison of a survey conducted to
CEOs and Innovation Managers, and the secondary source, consisted on data collected
from web sites, reports, articles mainly, about the selected companies. Then, the
quantitative approach was based on LinkedIn updates database, where the
implementation involved ML techniques.
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I illustrate the “openness degree” visualisations, comprising the comparison between both
sources: primary and secondary. Besides, a terms frequency analysis was performed for
the interpretation of the discourse of the analysed companies in social media, in
conjunction with the OI framework and the DCs theory, which is explained based on the
three sets of the organisational process: sensing, sizing and transforming capabilities.

4.5.1. The qualitative approach: profiles comparison
In this part is performed the analysis of the OI profiles based on eight companies selected
for their relevance and activity regarding their innovative related activities in 2018. By
comparing the profile of a given emblematic organisation, the purpose is to understand
their openness degree, to compare with social media outcomes and to establish their DCs
in their context.

“Openness degree” visualisation
This process started with data collected from secondary sources. In this stage, from an
initial number of thirty worldwide companies who are implementing OI strategy. The
number decreased to eight, who were the companies that answered the survey. This
documentary task was based on corporate data extracted from public sources, like the
companies' websites, reports, blogs, articles, and among other sources.
In the second stage of the data collecting process, it has been used primary sources of
information to do the process more objective and adjusted to the reality of the evaluated
companies. Once it has been collected all the data coming from the questionnaire, a matrix
with numerical value was assigned based on the responses collected.
Furthermore, the definition of the comparison of the company’s profiles was established
on the eight variables considered in this study, as follows:
1. Breadth
2. Depth
3. Freedom
4. Number of R&D development phases covered.
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5. Number of actors involved
6. Percentage (%) of external funding sources
7. Percentage (%) of economic resources
8. Percentage (%) of R&D projects
I proceed to represented in a “radar chart,” where the values are associated with each
variable are in function of the performed qualitative process. The company´s profile is
represented by this depiction where is observed the comparison resulted from primary
and secondary sources superposed. Based on these variables, the eight companies can be
seen in Figure 4.9, to determinate the contrast between sources and, therefore, to
determine their openness degree.

Figure 4.9: Radar charts of eight companies and their “openness degree”
comparison, of primary and secondary sources
(Source: own elaboration).

Companies profile comparison
The outcomes are listed, in the first place, with Figure 4.9 (A) corresponding to
Accenture, where it is noticed some discrepancies between primary and secondary
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sources. Indeed, the profile is coherent, indicating that it is more oriented to a variety of
skills, with higher expertise, in the half path of formalised collaboration, and similarly
with more phases and parties involved in innovation projects.
Second, in Figure 4.9 (B) where the comparison of BBVA based on both sources are
slightly similar, showing above midterm-based organisation regarding innovation, less
oriented to external funding’s, but having more resources assigned to projects with skills
and expertise, and many actors involved.
Third, in the case of IBM, depicted in Figure 4.9 (C), is noticed a company oriented to a
range of competencies, with a high level of expertise among its collaborators, and less
formalised approach, regarding its projects, according to primary sources. However,
based on the secondary sources is more oriented to R&D projects, economic resources
and multiple actors and phases involved.
Fourth, regarding Intel, as shown in Figure 4.9 (D), the information from primary sources
has dramatically changed, establishing an organisation focused on their OI collaborators
capabilities and skills, with limited external funding’s. On the contrary, the secondary
sources display an organisation more oriented to economic resources, external financing
and actors involved, in the same line with their freedom and the expertise of contributors.
Fifth, in Figure 4.9 (E), about LG, discrepancies between sources are evident. Based on
primary sources, it seemed a less formalised organisation, having average skills and level
of expertise based on their collaborators. Although, secondary sources depicted a
company oriented to R&D projects, with more economical sources, more professional
and high level of knowledge among its collaborators, in the same line with the phases
involved.
Sixth, in Figure 4.9 (F) regarding NASSCOM, the differences between sources are not
that obvious, but according to primary sources is focalised to their collaborator’s
expertise, as well as the external funding. In secondary sources is shown an organisation
more oriented to the multiple actors involved in OI projects.
Seventh, in Figure 4.9 (G), Telefonica shows a very similar comparison of primary and
secondary sources, with an orientation to the level workers expertise and high impact on
R&D projects, and multiple actors involved in the OI ambit.
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Finally, in Figure 4.9 (H), in the case of Vodafone, the difference among sources are
relatively equivalent, with an average openness degree in almost all variables. According
to secondary sources, it is more oriented to R&D projects.

4.5.2. The quantitative approach: LinkedIn data quantification
The evaluation of LinkedIn updates is conducive to allow us to compare and remark on
the companies’ discourse, showing perceptions of how they can communicate with their
clients, and the terms that they use more frequently. The text mining application to the
LinkedIn database consisted of 1,104 updates retrieved. Once performed, the text
classification resulted from the analysis of each company; it has been obtained the BoW
representation. To capture more context, instead of a single word, I choose the bigrams
implementation. Moreover, the compound terms make more sense to understand the
reason and correlation among the concepts to be analysed (Lemus-Aguilar et al., 2017).
In order to proceed with the quantification outcomes regarding the selected companies, I
started the exploration of the term’s frequencies, which is basic, but interesting
rapprochement to look at the most frequent terms scale. For this reason, I counted the
number of bigrams based on its appearances to seek for the orientation of their discourse
in social media. Due to the analysis performed for one year, as an indication of the main
topics for these companies, the frequency is divided by each company.
In addition, I considered the implementation of the algorithm K-means to carry out a textbased clustering experiment, that has a considerable advantage to explore large quantities
of data coming from our LinkedIn source.

Frequency terms analysis
In this segment, are explored the simple frequencies of bigrams associated with the
updates database of each company. The accomplish the visualisation of frequencies, I
implemented bar charts graphic representation, wherein an ascending scale order is
defined the most cited bigrams, coming from each company tweets database and the
number times that are appeared.
In Figure 4.10, in the case of Accenture, more appearances are related to the name of
the CEO (Pedro Moreno) and other collaborators (such as Gloria Lomana and Mercedes
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Oblanca), also having terms such as “agile competitive,” “investments value,” “United
Nations,” “digital transformation,” and “Human Resources.”

Figure 4.10: Bigrams frequency of Accenture corporate LinkedIn site
(Source: own elaboration).
According to Figure 4.11, regarding BBVA, the list of bigrams frequencies are listed,
leading the name of managers, and terms such as “Artificial Intelligence,” “big data,”
“talent and culture”, “sustainable finance,” “open innovation,” and “quantum
computing”.
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Figure 4.11: Bigrams frequency of BBVA corporate LinkedIn site
(Source: own elaboration).

Figure 4.12 shows the bigrams related to IBM, and the most frequencies are “IBM
cloud,” “open source,” “supply chain,” “on demand webinar,” “cloud migration,” and
“sap hana”.
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Figure 4.12: Bigrams frequency of IBM corporate LinkedIn site
(Source: own elaboration).
In the case of Intel, Figure 4.13 illustrates the most frequent bigrams, stating with the
name of the Intel’s Chief Diversity and Inclusion Officer “Barbara Whye” and “diversity
inclusion,”. Also appeared “intel chief” names (Darryl Adams, Bob Swan), “autonomous
vehicles,” “state university,” “software engineer” “social justice,” “shares insight,” “learn
tech,” “innovation centre,” “edge computing,” among other terms.
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Figure 4.13: Bigrams frequency of Intel corporate LinkedIn site
(Source: own elaboration).

In the case of Figure 4.14, the most frequents bigrams related to LG are “innovation
centre,” “workplace,” “business solutions,” “LG cloud,” “solar energy,” “future work,”
and the brand own products.
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Figure 4.14: Bigrams frequency of LG corporate LinkedIn site
(Source: own elaboration).

Figure 4.15 presents the frequencies of NASSCOM bigrams in order of appearances,
such as the NASSCOM president Debjani Ghosh and other collaborators, “panel
discussion,” “data foundation,” “technology leadership,” “scaled agile,” among other
terms.
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Figure 4.15: Bigrams frequency of NASSCOM corporate LinkedIn site
(Source: own elaboration).

In Figure 4.16, the recurrence of the terms of Telefonica LinkedIn corporate account is
referring to the CEO, followed by “digital transformation,” “news Telefonica,” “social
media,” “digital work,” “Telefonica foundation,” and “fake news”.
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Figure 4.16: Bigrams frequency of Telefonica corporate LinkedIn site
(Source: own elaboration).
Finally, Figure 4.17 displays in order of appearance the most frequent terms related to
Vodafone, such as “Vodafone foundation,” “mobile technology,” “instant network,”
“network schools,” “domestic abuse,” “digital competences,” “armed forces,”
“autonomous university,” “project lab,” “digital society,” and “gender gap”.
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Figure 4.17: Bigrams frequency of Vodafone corporate LinkedIn site
(Source: own elaboration).

K-means implementation
Table 4.4 shows the concept of the clustering K-means coming from LinkedIn updates.
The K-means algorithm grouped the terms by clusters that represent the proximity
between each other. In order to have a concise explanation of the clustering algorithm, I
focused on a few samples, considered the most representative terms from the eight groups
(k=8), that was indicated to be the grouping designed number. For each company, the text
updates have been analysed, showing the following results:
In the case of Accenture, the clusters are representatively defined for “companies,”
“future concern,” “people (Gloria Lomana),” “world,” and “Spain.” BBVA, clusters
present more focus on “finance” and “business,” “development,” “digital,” “data,”
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“people (Carlos Torres Vila),” and “global.” IBM terms group has a strong presence of
two concepts: “cloud” and “enterprise.” Also, “webinar,” “development” and “learning”
are present in the clusters. According to the cluster in Intel, the terms are more spread in
their nature, reflecting terms such as “data,” “computer,” “team,” “technology,”
“inclusion,” and “diversity,” as relevant words in the text of the LinkedIn updates. LG
showed the terms “solutions” and “work” as a primary interest. Also appeared, “energy,”
“centre,” and “sustainability,” in the clusters.
The NASSCOM updates texts were more focused on “digital” and “technology,” and
also, some terms that appeared are “business,” “start-ups,” and “people (Debjani Ghosh).”
Regarding the clusters, Telefonica is referred mainly to the “Internet,” “people,” and
“data,” and names such as the CEO “José Álvarez Pallete,” and location: “Spain.” Finally,
Vodafone mostly mentioned in the clusters, terms such as “technology,” “access,”
“woman,” “Spain,” “university,” and “foundation.”
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Table 4.4: K-means algorithm conducted to the companies
from data retrieved in LinkedIn
(Source: own elaboration)

#

Accenture

1

BBVA

IBM

Intel

LG

NASSCOM

Telefonica

Vodafone

empresas
comparte
españa
futuro
mayor

global
responsable
negocio
financial
head

cloud
explore
business day
register

computing
data
business
experience
experiences

cloud lg
soluciones
anual coste

data digital
world
chairman
forum

telefónica
españa datos
internet
mundo

network
vodafone
support
foundation
country

2

estudio
ceos
nuevo
claves
compañías

data
business
part datos
talent

data cloud
business day
ibm

helping
future learn
team
technologies

solar lg
energía
paneles
descubre

digital
global
leadership
shares
chairman

digital
telefónica
españa
mundo clave

equipos
queremos
edición
tecnología
digital

3

claves
descubre
informe
futuro
tecnología

datos
negocio
desarrollo
director
españa

learn
research
data helped
ibm

learn work
make
technology
software

trabajo
puesto
soluciones lg
business

india
discussion
industry day
future

vida personas
tecnología
todo mundo

lives
technology
part
education
mobile

4

lomana
gloria
nueva
edición
mundo

banco
españa
equipo
estrategia
año

watch
webinar
applications
cloud learn

chief officer
people
technology
world

soluciones
centro
innovación
lg visita

register
business
dont
industry
miss

telefónica
digital
álvarezpallete
españa josé

vodafone
hoy españa
mundo
digital

5

mundo
compañías
digital
españa
negocio

digital
customers
business
global
world

ibm services
register
business
development

employees’
opportunities
work
company
culture

centro
climatización
lg v business

experience
hear share
forum tech

vez clave
mundo
personas
internet

technology
partnership
working
access
country

6

informe
empresas
claves
españa
ceos

business
investment
director
employees
discover

cloud
business
ibm
applications
services

inclusion
barbara
whye chief
culture

lg sostenible
información
business
enlace

technology
hashtagtlf
business
ceo future

año datos
españa maría
tecnología

vodafone
proyecto
españa
fundación
universidad

7

tecnología
juan
moreno
pedro
mundo

descubre
equipo año
personas
madrid

webinar join
data time
development

diverse
workday
culture
inclusion

trabajo
puesto lg
soluciones
cloud

tech
technology
day visit
world

ser datos
internet news
álvarezpallete

vodafone
digital
vodafones
million
technology

8

hashtagía
valor ceos
futuro
compañías

carlos
torres vila
chairman
sustainable

ibm learn
business
cloud saber

experience
learn
leadership
team love

lg soluciones
descubre
negocio
solutions

debjani
ghosh
startups
technology
catch

josé
telefónica
álvarezpallete
maría españa

vodafone
women
people
technology
access
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4.5.3. The dynamic capabilities perspective and the open
innovation approach findings
Through the examination of DCs theory (Teece et al., 1997), as detailed in the background
chapter, this framework gave us the base to find the capacity of organisations to change
and adapt their primary resources. According to this perspective, the aptitude must be
tailored to new situations, and their attitude should be very active regarding changing
scenarios. In short, this framework must be assumed by the entire organisation, for its
evaluation, the necessary actions, and consequently, its success.
Thus, based on this premise, it has been considered to associate to three batches of DCs
where can be summarised the organisational processes: sensing, seizing and transforming
capabilities (Teece, 2007). To recap the concepts disaggregated from this theory, are
enlightened in Table 2.3, giving a brief explanation of these concepts. Hence, this scheme
helps to perceive opportunities and threats—sensing—, take advantage of these
opportunities—seizing—, and finally, maintain the competitiveness of the company by
improving, combining, protecting, and when necessary, the reconfiguration of the
business and its intangible and tangible assets—transforming—(Bogers et al., 2019;
Teece, 2007, 2020).
Table 4.5 summarised by the DCs batches, the findings of the text classification by
companies, represented on each set by two words associated (bigrams), after its
organisational processes’ definition. To this end, after looking at the results of the
unigrams (i.e., single word) charts and the bigrams charts, I decided to present the results
of the bigrams because the compound terms made more sense to understand the reason
and their relation among the concepts presented in the database.
The outcomes are resumed enumerating the process pointing out sensing, seizing, and
transforming capabilities, respectively to each company. Regarding Accenture, are
defined by its social values, and human resources responsibility, in addition to
technological competencies. BBVA shows the orientation to new technologies,
sustainability, and culture. IBM, to supply chain, their current business model, and—
possibly—new business perspectives. Intel displayed social responsibility, technology,
and innovation. LG delineated its strategy focused on its business, solutions, and
innovation. NASSCOM showed tech-based skills. Telefonica, social networks, and
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relation to the digital world. Finally, Vodafone focused on digital society, mobile tech,
and projects.
Table 4.5: The bigrams of the selected companies retrieved from LinkedIn and
classified according to DCs batches
(Source: own elaboration)
Company
name

Sensing

Seizing

Transforming

Accenture

“pacto mundial”,
“experiencia cliente”

“valor inversiones”,
“recursos humanos”

“agilidad
competitiva”,
“transformación
digital”

BBVA

“inteligencia
artificial”, “big data”,
“computación
cuántica”, “cambio
climático”

“sustainable
finance”, “open
innovation”, “nivel
global” “inclusión
financiera”

“global head”,
“talento cultura”,
“positive impact”,
“areas negocio”

IBM

“supply chain”

“IBM cloud”, “open
source”, “webinar
learn”

“cloud migration”,
“watch OnDemand”

Intel

“diversity inclusion”,
“explore
opportunities”,
“autonomous driving”

“autonomous
vehicles”, “software
engineer”, social
scientist”, “diverse
ability”

“innovation centre”,
“edge computing”

LG

“LG business”,
“energía solar”

“business solution”,
“soluciones LG”,
“LG cloud”

“centro innovacion”,
“cloud device”

NASSCOM

N/D

“Technology
leadership”

“data foundation”,
“scaled agile”

Telefonica

“redes sociales”

“mundo digital”

“Transformación
digital”

Vodafone

“digital society”

“mobile technology”

“competencias
digitales”, “project
lab”
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4.6.

Discussion based on the open innovation

framework findings
In this work, it has been conducted a mixed approach to explore the quantification of the
OI paradigm (Chesbrough, 2003) and DCs (Teece et al., 1997) strategical advantages. In
the first part, I validated the “openness degree” of eight selected organisations based on
primary and secondary sources, to perform their “innovation profile.” This profile helped
us to understand their attitude towards changes. In the first place, regarding the “openness
degree” association to companies profile (see Figure 4.9), I found different outcomes,
considering that companies with a more “open” attitude are expected to be more
susceptible to changes, leveraging their resilient ability faced with changing scenarios.
As in the literature was previously identified, the process that leads in OI implementation,
culture, the timing, and requirements is crucial, so the difference in the perception could
be a factor to mitigate the innovation process (Mortara & Minshall, 2011). Also, diverse
approaches and internal constraints could harm the entire vision to face the willingness
to change, characterised by bureaucratic process or lack of resources, expertise, etc.
(Kratzer et al., 2017). In some of the companies, the documentary research showed that
they are more involved in the OI paradigm. However, in the survey conducted, some of
them showed themselves even more conservative in the variables assigned, considering
their innovation profile.
This first scope gave us some hints to prepare the scenario where DCs could be a crucial
strategy, in conjunction with the OI paradigm. To highlight three visible cases showed
coherent outcomes. The case of BBVA, with a consistent discourse from its inner, and
exogenous sources, it evolved from a financial institution to be embarked in tech and
innovative projects. Alternatively, IBM old computer manufacturer, leading tech services
and open source solutions. Moreover, Telefonica, evolving from the Telco sector to
offering technological-based services, producing films and series, and implementing their
AI technology integration—Aura32. Conversely, a disparity in their profile results is LG,
from white line and electronic manufacturer, opened its innovation centre, oriented to the
service. Nevertheless, this could be explained, considering that the person in charge is
only dependent on the latter business orientation.

32

https://aura.telefonica.com/es/
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Grimaldi et al. (2013) addressed that companies with robust sensing, seizing, and
transformation capabilities are more inclined to OI. Although, we considered that this
also could be valid to the reverse mode. The research findings of this study have provided
some evidence that in the LinkedIn database, the scale of frequencies the results have
shown several terms referred primarily to the head or references of these organisations
(Accenture, BBVA, Intel, NASSCOM, and Telefonica), that means the influential
personality who re in charge to lead the process. Also, their business orientation and their
new features are presented (IBM), or even some recent developments are diverged about
their original sector (BBVA), displaying terms such as “AI” and “Big Data.” In the case
of the new direction of strategy (Telefonica), it could be found “Digital Transformation,”
or the fact of a different business opportunity (LG), represented by the “Innovation
Centre” that is offered to the B2B sector, rather than to the same to traditional customers
or final consumers. The reference to social responsibility is also presented in the case of
foundations and gender gap (Vodafone), by diversity inclusion and social justice (Intel),
or the incursion in new technologies like autonomous vehicles, and quantum computing
(BBVA).
In order to sum up the quantification of terms, I retrieved from the text database through
the K-means implementation (Steinley, 2006), and it can be inferred that the capacity of
organisations adaptation to new situations shows evidence, as the arguments appeared in
the eight proximity clusters regarding each company analysed. These findings are
following the frequency application and the bigrams classified to the strategical
capabilities analysed in each company (see Table 4.5).
This research is based on the extensive literature existing in the innovation management
area regarding DCs (Eisenhardt & Martin, 2000; Helfat et al., 2007; Teece, 2007, 2020;
Teece et al., 1997; Zollo & Winter, 2002). According to the theory and findings, the DCs
and the OI strategy are complementary, and there is an overlap that interrelates them and
is divided into three categories scrutinised along with this study (Bogers et al., 2019;
Teece, 2020). Furthermore, the concept of OI embraces a wide range of possible models.
During the implementation process, individual entities should define their approach and
consequently determine the right internal structures and management procedures.
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In summary, having learned from both theoretical facets, the results obtained are based
on previous research regarding the ability to adapt to changes for the acquisition of new
skills, learning, initiatives and even new business models in organisations (Teece, 2007;
Teece et al., 1997), and unfailingly to be benefited from external partners that contribute
value-added knowledge (Badawy, 2004; Chesbrough, 2003; Chesbrough & Appleyard,
2007).
Our findings are in line with the literature and the corporative discourse on LinkedIn,
which emphasises that information management is a vital instrument in achieving
managerial effectiveness (Gold et al., 2001; Zheng et al., 2010). Thus, in the most open
organisations, the processes of accumulation and integration of knowledge promote the
creation of competitive advantages based on learning that improves their ability to
innovate, coordinate efforts, quickly market new products or services, and thus respond
to market changes and maintaining the ability to anticipate unexpected changes (Nonaka
et al., 2000). These processes, according to Teece (2007, 2020), are evidence of the
development of the DCs in conjunction with the OI paradigm.
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CHAPTER 5. CONCLUSIONS AND FUTURE
WORK
“In God we trust, all others must bring data.”
-W. Edwards Deming
This chapter concludes the study presented throughout the three studies by articulating
the argument of the thesis and how it addresses the objectives and questions. Hence, it
briefly discusses the main findings, and it argues the research limitations. Finally, is
outlined the directions for future work.

5.1.

Conclusions

This thesis relies on the implementation of different types of metrics and the social media
analysis, in order to obtain insights for the comprehension of individuals' and
organisations' interplay, through the examination of three studies. Analysing the
quantification strategies entail the investigation of the advantage of the massive quantity
of text coming from Twitter and LinkedIn, as well as understanding the social phenomena
that occur in these platforms.
The research studies covered three different environments to conduct procedures
presented throughout this work. In the case of the first context analysed, it was scrutinised
the Spanish general elections in their political environment. In the second place, the KIBS
focused on consulting companies, covering topics such as innovation and
entrepreneurship. In the third place, the companies who alleged that are currently using
OI strategy.
This thesis offers the following conclusions:
- First conclusion: This study revealed that the support for political parties could be
measured and tracked through social media sites, such as Twitter, to obtain intelligence
information before the election. To contribute to the state-of-the-art regarding social
media analysis about politics in the Spanish language, I proposed the development of an
indicator as a tool to measure positivity during political events. To our knowledge, the
electoral process is a rich source from the emotions that could be mined for the sake of
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understanding the information value (Mohammad et al., 2015). Thus, regarding analytical
outputs, I can conclude that the classification of polarity is an excellent proxy to explore
the trends in polling procedures, that also can be shifted to other knowledge areas.
The research findings provided evidence related to the indicator functionality—the PR—
in this specific case regarding support (and their variations) in the field of human activities
based on Twitter. Therefore, it would be worthwhile to investigate how different event
types can be measured regarding decision support systems for products or services and
marketing campaigns, among other fields.
Another additional purpose that emerged from this case study has been to provide
practical resources for the Spanish language in extension to previous studies to this area
(Fernández Montraveta, 2010; Pla & Hurtado, 2014; Santos Deas et al., 2015; Vilares
Calvo et al., 2015; Vilares et al., 2017). With the help of open-source tools and
establishing new experimentation in keeping with a lexicon-based approach and NLP, it
is worth combining the best practices to achieve steady improvement over time.
- Second conclusion: In this research, I defined an indicator to measure the impact
regarding consulting firms’ employees—the InfR—contributing to the entrepreneurial
innovation research. I required the combination of extraction features related to the term's
association and polarity of comments, to carry out a scale of "influencers."
I highlight certain aspects that emerged in some of the analysed consulting companies:
•

Formulation of entrepreneurship programs to motivate and select ideas from their

employees for further development, this is related to the appearances of inner innovators
(i.e., intrapreneurs). This result leads to the question, could it be a sound trend or just
another system to motivate/rewarding employees?
•

Alliances with other organisations reflected on the cooperation between

consulting and their B2B partners, as a source of innovative generation knowledge.
Besides, this investigation contributes to the understanding of innovation management,
and terms related, in addition to the entrepreneurial approach in the context of KIBS and
social media, mainly when it comes to the creation of innovation networks and
ecosystems. Based on the findings, this work contributes to understanding the discourse
about innovation and entrepreneurship, which depicted distinct lines of discourse into
public information streams. Also, it can be noticed that most of these firms have adapted
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their speech, and interest to the international public, in line with some adaptation to local
contexts.
This case study also sheds light on the use of text mining, and other ML techniques in the
case of consulting firms, under the KIBS umbrella. Furthermore, it adds knowledge to the
use of novel quantitative methods in entrepreneurial and innovation related studies,
although it has been less analysed in social sciences scope. In short, this work contributes
to the body of knowledge regarding the usage of computational methods applied to the
business services arena.
- Third conclusion: The most significant findings of this study are in line with the OI
quantification from diverse sources and determining the analytical intersection between
DCs and social media—LinkedIn. It can be summarised that when organisations are more
open, in accordance to their “openness degree” they can include the OI and the business
model process configurations and culture, to stimulate the idea generations, autonomous
teams, and innovation accomplishments.
This study provided some evidence that profiles comparison describes the main aspects
of their respective OI programs from internal and external founts and align with their
discourse in social media and its adaptation capabilities. Indeed, it is useful to analyse the
situation in some selected companies that have heralded their OI strategies as part of their
positioning in the market, from LinkedIn and surveys. Nevertheless, the OI models
implemented by firms around the world are very different, and it is not possible to cover
all of them.
The eight selected companies for this case study are large multinational corporations, but
it does not mean that its size is a pre-condition for the present study. Some SMEs have
been active in this field, even when the rationale behind them is different. However, the
OI model recognises that smaller firms take an increasingly prominent role in the
contemporary innovation landscape (van de Vrande et al., 2009). However, they do not
have internal R&D departments as large multinational companies (Lee et al., 2010).
Based on their activity and origin of the organisations analysed, I postulate that the list is
diverse enough to capture the diversity of the OI phenomenon in the large multinational
corporations’ field. The innovative process configurations, in the case of the nontechnological root organisations, is imperative that they can be continuously adapted.
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Thus, it can be highlighted the contribution of this study to the literature and theory
construction, regarding the use of social media analysis to measure to some degree the
application of strategies and make an evaluation in contrast to DCs theory.
The analysis made in this work reflects some additional features:
•

The interest lies in the identification of some themes, revealing some cutting-edge

elements present throughout the LinkedIn updates, such as AI and big data, as an example.
•

The idea the companies’ services/products and corporate image associated with

references and CEO’s it might attract the interest of potential clients and partners is
widely used.
The results contribute to the literature by showing that OI (Chesbrough, 2003) paradigm
and DCs (Teece et al., 1997) can be measured in LinkedIn (and compared with surveys
and documentary research). They are complemented and coexist as a referent strategy in
the companies that adopted it, to face changing scenarios—in some cases, even
reinventing the companies’ traditional business model.
In order to boost the benefits from social media and to obtain knowledge from the DCs
(Teece et al., 1997), firms need to take into account acquiring new skills, procedures, and
competences to interpret and evaluate the information derived from these sources. Thus,
exploring social media without having these capabilities might reduce its performance.
Hence need to make social media part of their strategy (Du et al., 2016; Roberts et al.,
2016).
- General conclusion: This thesis proposed investigating different quantification
strategies in social media focused on drawing metrics regarding three studies. The
importance of the quantitative approach to explore these cases converged in different
types of research approaches were examined, deductive, inductive, and abductive. This
implementation allowed us an in-depth understanding of different environments such as
the political context through the positiveness about political parties, or detecting the
innovative "influencers" and highlight the intrapreneurs, or to measure the openness
degree and to explore the strategical capabilities (in addition to a qualitative approach).
In addition, this thesis contributes to the adoption of social media as a barometer towards
preferences such as the indicator of positivity, the usage of the Spanish language in
sentiment analysis, and to discover interesting "actors" or facts that are underlying into a
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massive amount of data revealed through ML techniques. Also, the useful combination
of theoretical frameworks that allows the organisational change capacities and sensitivity
estimation to cutting-edge concepts, or the combination of mixed methods to quantify
data, to trace it, to find the associations and compare it to find the strategical approaches
of diverse organisations and scenarios.
This thesis opens a field of particular interest and relevance for computational social
science investigation, in which it may become possible to replace surveys, which until
now have been a reliable source of knowledge for researchers and organisations. Through
this work, an exhaustive review of the literature was conducted where the analytical
intersection of practical research and theoretical framework was crucial, to identify
significant trends and indicators. Furthermore, this work has paved the development of
insights into social media research in diverse contexts and study process. As a closing
remark, the results obtained in it will contribute new studies in this discipline regarding
the analysis of social media, monitoring the activity on Twitter and LinkedIn, and indeed
with the contribution of procedures, in order to understand how organisations continually
adapt to change.

5.2.

Research limitations

The present study has some limitations, and their identification should facilitate our
efforts to conduct further research in the domain of social media analysis. First, despite
the limited availability of resources in non-English languages, the interest and importance
of literature in other languages has been increased in recent years; however, it has also
been considered the English language and the Spanish language, treated with the solutions
based on the resources and techniques implemented and explained in the previous
sections of this Thesis. Second, it is known, that it is difficult to extract from public
information (articles and web pages), and to surveys to managers and corporate CEO´s,
and that influenced the limited number of samples. Although, the text treatment in huge
quantities coming from social media, followed by its corresponding processing is a
monumental task that requires computational power and time.
Regarding the political event case study, it is necessary to find a method to improve
generalisability—that is, including all age groups—to manage our database, as I could
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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 Sloan et al. (2015),
referring to those who are active in social media platforms.
Also, it was necessary to rely on the indicator presented in this work but to do so in realtime, thereby giving us a stream of results, and at the same time, having the progression
of a determined electoral or business event. In the case of future events, it would be
desirable complementing the elections with traditional polls or surveys to enable us to
compare whether our method could help to forecast or track future trends.
Regardless of these limitations, the results of indicators were consistent, suggesting that
the proposed methodology may be an effective method of researching events based on
Twitter users´ 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’ behaviour on social platforms, the research findings revealed measurable positive
tendencies during electoral periods. Indeed, due to the pre-eminence of regional parties
in Catalonia, there could be some dissimilarities considered about the indicator proposed.
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.
In the case of KIBS or OI companies, the results are restricted to data collection of a
limited number of organisations; this approach constrained the generalisation of the
findings. Indeed, I cannot extrapolate from these cases the whole range of potential
business types and initiatives existing today. It would require more exhaustive research
than the scope of this thesis. Nevertheless, the commonalities found, and their differences,
offer some hints about the existing landscape. For that reason, for new studies, it becomes
imperative to expand the number of companies and sectors.
In the case of LinkedIn corporate accounts, there is a limitation for reliability in the use
of posts for sentiment analysis because people tend to post more positive comments and
neglect the publication of complaints and negativity. Also, in Twitter, the study is
performed to corporate accounts (or in the B2B environment), moderators usually delete
negative comments, or corporate clients prefer to use other channels to complain (see
Figure 4.8).
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Even when some commonalities could be found, the selected cases showed diversity in
approaches, and implementation hints did not indicate us to what extent the introduction
of those models has improved the firms’ performance and competitiveness. In the case of
KIBS and OI firms, it had not implemented a follow-up method or tracking activities for
comparison, like the Stock Market, or any other performance guide.

5.3.

Future work

Future research may focus on the “negativeness” approach and how political opponents—
termed as “haters”—could affect the performance of parties on political campaigns. 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. A future research line would be
the application of this measurement process to associate the behaviour of Twitter users in
other areas beyond politics, such as brands and corporations. Moreover, it may be
desirable to complement new information sources—that is, interviews or surveys—to
supplement the input data to provide details that were not explained because they were
outside of the scope of this work. For the analysis, complementing the experiment with
models such as supervised learning to categorise data and to search for differences and
similarities among political groups, will give another point of view.
Further research should take into consideration the development of an organisational
model to generate knowledge for entrepreneurial and innovation networks based on social
media analysis. Additionally, it would be essential to estimate the relationship between
social media and new innovative entrepreneurship projects and alliances in the B2B arena.
Besides, having investigated one of the studies in this thesis the OI paradigm, I have found
that this domain is vast, and would require more studies and a more significant number
of companies to be analysed, given the complexity in which organisations that have
adopted this paradigm are operating. Moreover, it would be interesting to know how
social media could benefit corporations and start-ups and how it could be possible to
attract new ideas for the activities that they develop within the OI framework.
It would be valuable to reproduce new mixed methods in other types of firms related to
Twitter, LinkedIn, and other social media databases. Also, this study might contribute to
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further development in organisation models to generate knowledge for innovation and
other topics such as SDGs, helping firms to evaluate their discourse based on social media
analysis. Another topic for future research includes the use of longitudinal studies to
assess the impact of social media in the entrepreneurial activities related to networking,
performance, communication, and engagement, not only for the innovative purposes but
also how to measure performance for diverse types of organisations—FinTechs,
automotive, pharmaceuticals, and other areas.
In the same line, it would be interesting to conduct more mixed methods studies having
an international social media database as well as other types of KIBS (e.g., Telco’s,
Banks, just to name few). To develop an organisation model further to generate
knowledge for decision making based on social media analysis, it could estimate the
relationship between a service provided by KIBS and innovation or marketing campaign
used to disseminate information.
A different way to complement this research would be to contrast the results among
diverse countries or regions. This work is limited to certain countries and areas, but these
outcomes could be applied to other European countries or regions like Latin America? In
order to complement this approach, future studies could use other analytical tools such as
deep or reinforcement learning and other application to find trend relations (Stieglitz et
al., 2018).
In addition, it would be interesting to investigate how social media may foster current
concerns such as social and environmental innovation and motivation. Alternatively, how
to quantify and track the support of movements like Fridays For Future, with
comprehensive types of metrics.
Finally, new studies should be conducted in how the entrepreneurial discourse in
innovation differs between large and SMEs companies, as well as how social media
support the entrepreneurial process from opportunity recognition and business planning
towards project execution and launching.
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ANNEXES
ANNEX 1. Twitter developer term policy
As the motivation is research with non-commercial interest in accordance with its policy
(section F.2.b.i), the license to use Twitter33 states:
1. Follow the guidelines for using Tweets in broadcast if you display Tweets offline and
the guidelines for using Periscope Broadcasts in a broadcast if you display Periscope
Broadcasts offline.
2. If you provide Twitter Content to third parties, including downloadable datasets of
Twitter Content or an API that returns Twitter Content, you will only distribute or allow
download of Tweet IDs, Direct Message IDs, and/or User IDs.
a. You may, however, provide export via non-automated means (e.g., download of
spreadsheets or PDF files, or use of a “save as” button) of up to 50,000 public Tweet
Objects and/or User Objects per user of your Service, per day.
b. Any Twitter Content provided to third parties remains subject to this Policy,
and those third parties must agree to the Twitter Terms of Service, Privacy Policy,
Developer Agreement, and Developer Policy before receiving such downloads.
i. You may not distribute more than 1,500,000 Tweet IDs to any entity
(inclusive of multiple individual users associated with a single entity) within any given 30
day period, unless you are doing so on behalf of an academic institution and for the sole
purpose of non-commercial research or you have received the express written permission
of Twitter.
ii. You may not distribute Tweet IDs for the purposes of (a) enabling any
entity to store and analyse Tweets for a period exceeding 30 days unless you are doing
so on behalf of an academic institution and for the sole purpose of non-commercial
research or you have received the express written permission of Twitter, or (b) enabling
any entity to circumvent any other limitations or restrictions on the distribution of Twitter
Content as contained in this Policy, the Twitter Developer Agreement, or any other
agreement with Twitter.

33

See: https://developer.twitter.com/en/developer-terms/policy.html
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ANNEX 2. LinkedIn developer term policy
In the API Terms of Use34 referred to LinkedIn’s Data Processing Agreement, the point
about data protection mentioned the following:
4.7 Data Protection
The term “Covered Data” has the meaning given to the term “personal data” under the
European Union General Data Protection Regulation, Regulation (EU) 2016/679
(“GDPR”). To the extent either party processes Covered Data received from the other
party, the parties agree that the LinkedIn Data Processing Agreement, currently located
at https://legal.linkedin.com/bd-dpa, shall govern such processing and is expressly
incorporated by reference herein.
In addition, LinkedIn Data Processing Agreement35, mentioned:
This Data Processing Agreement (the “DPA”) is incorporated into the agreement(s)
entered into by you (“Partner”) and the LinkedIn company identified on the agreement(s)
(“LinkedIn”), that govern data sharing between Partner and LinkedIn (but excluding
customer agreements between Partner and LinkedIn that govern Partner’s purchase of
LinkedIn products and services) (“Partner Agreement”).
This DPA governs the processing of: (1) personal data that Partner uploads or otherwise
provides to LinkedIn in connection with the Partner Agreement; and (2) personal data
that LinkedIn (or its members) uploads or otherwise provides to Partner in connection
with the Partner Agreement.
Collectively, the DPA (including the SCCs, as defined below) and the Partner Agreement
are referred to in this DPA as the “Agreement”. In the event of any conflict or
inconsistency between any of the terms of the Agreement, the provisions of the following
documents (in order of precedence) shall prevail: (a) the SCCs; (b) this DPA; and (c) the
Partner Agreement. Except as specifically amended in this DPA, the Partner Agreement
remains unchanged and in full force and effect.
2. COMPLIANCE WITH LAWS

34
35

See: https://legal.linkedin.com/api-terms-of-use
See: https://www.linkedin.com/legal/l/bd-dpa
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The parties shall each comply with their respective obligations under all applicable Data
Protection Requirements.
3. JOINT PROCESSOR SCENARIOS
Each party, to the extent that it, along with the other party, acts as a Data Processor with
respect to Personal Information, will (i) comply with the instructions and restrictions set
forth in its agreement(s) with the Joint Customer; and (ii) reasonably cooperate with the
other party to enable the exercise of data protection rights as set forth in the General
Data Protection Regulation and in other Data Protection Requirements. Partner and
LinkedIn both acknowledge and agree that each is acting as a Data Processor for the
Joint Customer and neither party is engaging the other as a Sub processor.
4. CONTROLLER-TO-CONTROLLER SCENARIOS
Each party, to the extent that it, along with the other party, acts as a Data Controller with
respect to Personal Information, will reasonably cooperate with the other party to enable
the exercise of data protection rights as set forth in the General Data Protection
Regulation and in other Data Protection Requirements. Where both parties act as Data
Controller with respect to Personal Information, and the transfer of data between the
parties results in a transfer of EU Personal Data to a jurisdiction other than a jurisdiction
in the EU, the EEA, or the European Commission-approved countries providing
‘adequate’ data protection, each party agrees it will (a) provide at least the same level of
privacy protection for EU Personal Data as required under the U.S.-EU and U.S.-Swiss
Privacy Shield frameworks; or (b) use the Controller-to-Controller SCCs, which are
incorporated herein by reference. If data transfers under this DPA rely on Controller-toController SCCs to enable the lawful transfer of EU Personal Data, as set forth in the
preceding sentence, the parties agree that the following terms apply: (i) Data subjects for
whom a Partner processes EU Personal Data are third-party beneficiaries under the
Controller-to-Controller SCCs; and (ii) Schedule A to this DPA shall apply as Annex B
of the Controller-to-Controller SCCs. The parties acknowledge and agree that each is
acting independently as Data Controller with respect of Personal Information and the
parties are not joint controllers as defined in the General Data Protection Regulation.
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ANNEX 3. Original survey used to measure the openness degree
Questionnaire form used for the selected companies who applied OI strategy.
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