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Resumo

A racionalidade dos investidores no processo de decisdo de investimento tem
sido tépico de discussdo nas tltimas décadas devido ao conflito entre duas linhas
de pensamento diferentes. Vdrias anomalias que ndo iam de encontro com a
hipétese do mercado eficiente deram origem a uma nova escola de pensamento
em relagdio a racionalidade dos investidores chamada de finangas
comportamentais. Andlise de sentimentos é um dos ramos desta nova linha de
pensamento que estuda a influéncia das emogdes dos investidores em diferentes
varidveis econdémicas. Nao existe consenso entre académicos se estas emocgoes
conseguem enviesar as decises de investimento ou ndo. O objetivo desta tese é
observar se o sentimento presente em tweets consegue fazer prever os retornos
das acdes de uma empresa de energias renovdveis do mercado portugués. Este
estudo analisa a segunda maior empresa portuguesa por capitalizagdes, a EDP
Renovdveis (EDPR), no periodo temporal entre o dia 1 de junho de 2021 e o dia 1
de julho de 2022, e ndo encontrou evidéncia com significincia de uma relagdo
entre o estado de espirito do Twitter e os retornos das agdes da EDP Renovdveis.
As razdes que justificam estes resultados podem ser o facto da EDPR pertencer a
um mercado muito pequeno e concentrado como o portugués, indo de encontro
com a evidéncia empirica, assim como a composi¢do dos proprietdrios das a¢oes
da empresa ter uma percentagem muito reduzida de investidores individuais,
que sdo o tipo de investidor mais facilmente influenciado por heuristicas
presentes nos tweets. Este resultado tem implicacdes para o desenvolvimento da
teoria de andlise do sentimento, dando mais detalhes da influéncia deste em
mercados mais pequenos e concentrados, no ramo das energias Renovdveis, no
periodo de tempo do inicio da guerra entre a Ucrania e a Rissia e a recuperagao

financeira mundial pés-Covid-19.

Palavras-Chave: Financas Comportamentais, Sentimento,  Anadlise

Sentimental, Twitter, Energias Renovédveis, Retornos.
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Abstract

Investors’ rationality in the decision-making process has been topic of
discussion in the last decades due to conflicts between schools of thought. Several
anomalies in the Efficient Market Hypothesis (EMH) led to a new line of thought
in the matter of rationality called behavior finance. Sentiment analysis is one
branch of this new school of thought who studies investors” emotions influence
on economic variables. There is no consensus between academics if these
emotions can make the investment decision biased or not. The aim of this paper
is to observe if the prevailing sentiment in tweets can predict the stock returns
for a renewable energy company of the Portuguese market. This study looks at
the second biggest company by capitalizations of the Portuguese market, EDP
Renovdveis (EDPR), in the period from the June 1% 2021, to June 1% 2022, and finds
no significant evidence of a relationship between Twitter mood and EDP
Renovdveis stock returns. The reasons for this result might be explained by EDPR
belonging to a very small and concentrated market, corroborating the existing
theory, as well as the stakeholder composition of the company only having a very
small percentage of individual investors, being this kind of investors the most
influenced by biases and heuristics present in the tweets. These findings have
implications for the development of the sentiment analysis theory, giving more
details of the influence of sentiment in smaller and concentrated market, in the
renewable energy branch, and in the period of the beginning of the war between
Ukraine and Russia and the worldwide economic recovery from the Covid-19

pandemic.

Keywords: Behavioral Finance, Sentiment, Sentiment Analysis, Twitter,

Renewable Energies, Returns.
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1. Introduction

1.1. General Background

Fama (1970) developed the Efficient Market Hypothesis (EMH), which was
considered a universal assumption in all financial fields by many researchers, in
which stock prices can’t be predicted because future prices are random, markets
are efficient, and investors possess all the necessary information to make financial
decisions. However, the EMH was not sufficient to explain the financial crisis,
market collapses, and speculative bubbles that followed it (Sharma & Kumar,
2019). In the 1980s, behavioral finance began to emerge as a response to the
limitations of modern financial models in explaining financial markets.
Proponents of behavioral finance argue that the modern finance theory does not
accurately represent real-world scenarios because individual behavior differs
from rational theory, and individuals are subject to psychological biases (Le Bon,
1896).

Behavioral finance encompasses a variety of research topics, including biases,
heuristics, investor psychology, market anomalies, decision-making behavior,
prospect theory, herding, and investor sentiment (Barberis & Thaler, 2003). The
concept of investor sentiment was first introduced in Graham & Dodd's (1934)
book, which was published shortly after the 1929 market crash. They suggested
that market prices could be influenced by investors' emotional behavior.
However, it was not until the 1980s that investor sentiment gained more
recognition and was studied more frequently by behavioral researchers who
believed that investors were influenced by their emotions and sentiments in the
decision-making process (De Bondt & Thaler, 1985; Shleifer & Summers, 1990).

Investor sentiment is a branch of behavioral finance that is constantly evolving
with new authors and research gaps. Notable authors such as Barberis & Thaler
(1985), and Shleifer & Summers (1990), mentioned in the previous paragraph,
have proposed theoretical frameworks to understand better the role of sentiment
in the markets and to relate sentiment to market anomalies and inefficiencies.
More recent but equally notable authors include Malcolm Baker and Kent Daniel,
who have published several papers on the role of investor sentiment in financial
markets and have contributed to the evolution of this branch (Baker & Wurgler,

2006; Daniel et al., 2002). Nowadays, sentiment analysis continues to be a hot



topic in finance research, particularly with the rise of social media (Stieglitz &
Dang-Xuan, 2013) and cryptocurrencies (Aste, 2019). Inside the social platforms,
there are more relevance into some particular media like Twitter, for being a
microblog with a low character limitation in which posts tend to be less
ambiguous and subjective. These are relatively new areas of research that have
expanded beyond the generic analysis of investor sentiment and stock returns, to
include sentiment analysis over other platforms and its influence on more recent
financial markets or its effects on corporate financial decisions (Gryglewicz, 2011)
or risk management (C. Chen & Hafner, 2019).

EDP Renovdveis is a subsidiary of the EDP Group, created as a spin-off from
that group in 2008, and operates in the field of renewable energies. It is the third-
largest renewable energy company in the world and the second-largest wind
energy operator, with operations in Europe, North America, and South America.
Even though both enterprises operate independently from each other, the two
companies are connected because EDP Group own a significant stake of EDPR
and it is its main shareholder, having influence over EDPR strategic decision and
operation, even sharing some resources, staff, and know-how. EDP Renovdveis is
a company that seems relevant for sentiment analysis because it belongs to a
small and concentrated market, for being the second biggest Portuguese
company by market capitalizations, and for being one of the biggest renewable

energy company of the world (Yahoo! Finance, 2023).

1.2. Research Gaps

While the focus of investor sentiment research is primarily on the stock
market, there is a lack of research on other asset classes such as bonds,
commodities, utilities, or real estate. It remains unclear if these asset classes
follow the same patterns as the stock market or if they have unique characteristics
that alter the relationship between sentiment and the market (Huang et al., 2014).
Additionally, most research examines the impact of sentiment on the stock
market, but not how it influences corporate decision-making. This information is
crucial for companies to understand better how to respond to particular investor
sentiment (W. Chen, 2013). Finally, the majority of research has been conducted
in the United States, overlooking the potential influence of cultural differences

on how investors act based on their sentiments (Tran & Tran, 2023).



When studying the sentiment present in social media, there is no consensus in
which is the most effective sentiment analysis method. Each method can produce
different results, analysis, and accuracy levels, leading the results to be different
from each other, even though the data is the same (Volkova et al., 2013).
Moreover, a major challenge in social media sentiment analysis is identifying the
polarity accurately. Analyzing tweets individually can be time-consuming and
costly, so most studies rely on automated sentiment analysis tools. However,
even with the use of artificial intelligence, there can be discrepancies in
interpreting the sentiment of a tweet, and experts can disagree on whether a
tweet has a buy or sell signal or a positive, negative, or neutral sentiment.
Additionally, individuals themselves can be inconsistent with their own
sentiments, further complicating the accuracy of sentiment analysis (Younis,
2015).

Studies on Twitter sentiment analysis for financial purposes rely on analyzing
web text messages. However, despite the high quality of available databases, the
correlation between the stock price time series and web time series is limited due
to the complexity of their relationship (Ranco et al., 2015). Furthermore, the
majority of studies in this field have focused on large markets, indexes, or well-
known companies. The US market, including NASDAQ, DJIA, and S&P-500, has
been the most extensively studied (Fudholi et al., 2022; Mendoza-Urdiales et al.,
2022). However, there is a lack of research on smaller or less well-known markets.
In addition, the research is limited to English tweets, ignoring non-English tweets
which may contain valuable information about the sentiment as well (Barriere &
Balahur, 2020).

1.3. Research Question

The primary objective of this dissertation is to examine whether Twitter
sentiment can predict the EDP Renovdveis stock returns by analyzing tweets from
June 1st, 2021, to June 1st, 2022. This is a relevant question considering the
previous research gaps for various reasons. First, even though the research is
about a western European country, Portugal is a country with just a few research,
leading to new discoveries in terms of cultural differences dealing with investor
sentiment. Second, the polarity of the tweets will be both analyzed by a machine

and a human, thanks to the few data available, leading to a better analysis of the



information and a more accurate study. Also, the relationship of the different
data sets will be normalized to avoid the simple measuring correlation leading
to more precise results. Moreover, it is important to have more studies about
peripheral market like the Portuguese because most research are around main
markets. Finally, the study about EDPR give us better comprehension of the
effects of Twitter on renewable energy companies, as well as firms from small and

concentrated markets.

1.4. Originality

Previous literature on forecasting stocks through Twitter sentiment has mostly
focused on American indexes such as Bollen et al. (2011) and Mao et al. (2012), or
large markets such as the American industrial industry (Teti et al., 2019). When
considering only the renewable energy industry, almost every investigation has
centered on companies or indexes from the United States (Herrera et al., 2022;
Song et al., 2019). This paper is, to the best of my knowledge, the first to consider
a renewable energy company from a small market like Portugal and the first to
examine a small market with data from the actual war period, specifically in the

context of the Ukraine-Russia conflict.

1.5. Contribution to Knowledge

This dissertation is another empirical study that offers important insights into
the relationship between Twitter sentiment and stock returns in the Portuguese
renewable energy market. By studying the effects of investor sentiment on stock
returns using Twitter as a proxy, this research can provide a better understanding
of how human behavior influences the stock market. Furthermore, this thesis can
provide valuable insights into how not only Twitter sentiment, but also general
sentiment, can affect the renewable energy sector, as well as the energy sector in
general.

The findings of this study can be particularly valuable for CEOs, who can use
the results to assess the impact of customer satisfaction on stock returns and
consider using social media to keep shareholders informed. For investors, this
work can provide guidance on how to create trading strategies based on the

polarity of tweet sentiments. Finally, market regulators may benefit from this



research by gaining a better understanding of the potential impact of Twitter on

stock returns and developing new policies to prevent market bias.

1.6. Outline of the Following Chapters

The following of the paper is structured into four chapters. Chapter 2 provides
a comprehensive review of the relevant literature in the field of sentiment
analysis and behavioral finance. Chapter 3 outlines the methodology employed
in this study. Chapter 4 presents the empirical results. Finally, chapter 5

concludes the study by summarizing the main findings.






2. Literature Review

2.1. Definition of Sentiment in Finance

The term "sentiment" first emerged in finance in the 1980s when behavioralists
began testing whether stock prices could be mispriced (Baker & Wurgler, 2007).
These scientists examined words and sentences, revealing signs of sentiment
within text.

Behavioral researchers have generally agreed on the definition of sentiment.
For instance, Kaplanski & Levy (2010) describe sentiment as a misperception that
can lead to the mispricing of an asset. D’ Arms & Jacobson (2000) define sentiment
as "any occurrent, object-directed, affect-laden mental state" (p. 3). They
distinguish mood from sentiment because a mood is an affective state that lacks
an object, whereas sentiment does not. Pang & Lee (2008) definition of sentiment
also includes other related terms. For example, they describe opinion as a
conclusive thought that can be debated and may differ among individuals.
Meanwhile, sentiment, according to the authors, is a “settled opinion reflective
of one's feelings” (p. 5).

However, the sentiment definition we have is still too vague. In order to
achieve a more detailed classification, we turned to Kearney & Liu (2014)
exhaustive study on sentiment in finance. They divide sentiment as a subject of
behavioral finance research into two distinct types: investor sentiment, which
refers to beliefs about future investments that are not justified, and text-based
sentiment. Yu & Hatzivassiloglou (2003) defined textual sentiment as a written
statement, whether direct or indirect, that conveys the Holder's opinion, whether
positive, negative, or neutral, about the claim related to the topic, which aligns
with Kearney and Liu's definition. Textual sentiment can be further divided into
three segments: corporation-expressed sentiment, media-expressed sentiment,
and internet-expressed sentiment. Corporation-expressed sentiment comes from
official releases by insiders about the company, while media-expressed sentiment
is the polarity expressed in news stories, commentaries, or analyst reports.
Internet-expressed sentiment refers to feelings expressed in internet posts.

Every definition of sentiment described before aligns with other scholars'
characterizations of sentiment as an opinion that carries either a positive or a

negative connotation (Hu & Liu, 2004; Melville et al., 2009). Therefore, the general



definition of sentiment is easily and accurately defined by a wide range of
behavioralists. Thus, as we delve more specific classifications, we begin to see
variations from the general definition. For instance, investor sentiment and
textual sentiment main difference is that while investor sentiment analyzes the
subjective behavioral characteristics of investors, textual sentiment can also
include the subjective behavior of investors as well as more objective reflections.
Similarly, the distinction between corporation, media, and internet sentiment is
based on the source and location of the sentiment.

In our study, even though Pang & Lee (2008) definition is precise, it is very
generic, so we will adopt Kearney & Liu (2014) definition of sentiment as we are
specifically investigating the textual internet-expressed sentiment present in
tweets, which are analyzed from textual posts by various individuals on the
internet. In addition, the data we analyze are less accurate, clear, formally
written, and noisier which usually do not happen in corporate disclosures or

media articles.

2.2. Modern Finance Theories

2.2.1. Efficient Market Hypothesis

The Efficient Market Hypothesis (EMH) emerged in the 1960s, with Samuelson
(1965) being one of the first to formalize the hypothesis, and Fama (1965) being
the first to use the term "efficient markets." The martingale model and the
random walk hypothesis were considered implications of the EMH, marking the
beginning of the EMH literature (A. W. Lo, 2007).

Fama (1970) published the definitive Efficient Market Hypothesis. He defined
an efficient market as “A market in which prices always ‘fully reflect’ available
information” (p. 383). According to Lo (2005), the market incorporates all
available information into the market price “fully, accurately, and
instantaneously”. This implies that when new information arrives, it is quickly
incorporated into the stock market without delay.

Fama (1970) not only presented the Efficient Market Hypothesis but also
proposed three different forms of market efficiency. The weak form of efficiency
suggests that stock prices are unpredictably random, making technical analysis
ineffective, all current information is reflected in stock prices, and past

information has no relationship with current market prices. The semi-strong



form suggests that prices reflect both historical and publicly available
information, meaning that an investor cannot outperform the market based on
public information alone. Lastly, the strong form proposes that stock prices
reflect all possible information, including insider information, making it

impossible for investors to earn excess profits by trading on inside information.

2.2.1.1. Efficient Market Hypothesis Critics

At the beginning of the 21st century, the Efficient Market Theory lost its
universality as economists began to recognize the impact of psychological and
behavioral factors on stock-price determination. They argued that past stock
price patterns and valuation metrics could be used to predict stock prices.
Furthermore, several events have occurred since the 1960s that challenge this
theory, despite the considerable evidence supporting the Efficient Market
Hypothesis. Therefore, there are a few but significant anomalies that are
inconsistent with the EMH.

Table 1 shows that the anomalies in the EMH might be rare but significant. If
the market behaved in the way Fama described, these anomalies would have
faster corrections. However, most of these, like seasonal patterns, size effects and
over and underreactions are spread out across markets, industries and even
through time. Shiller (2000) observes that EMH illustrates the ideal world, but it
does not describe the actual financial markets, has the anomalies do not

corroborate their theory. These questions lead to the rising of Behavioral Finance.

10



DESCRIPTION

VALUE LINE Low price-earnings stocks (value stocks) have higher returns than high price-earnings stocks
ENIGMA (growth stocks) (Copeland & Mayers, 1982; Nicholson, 1960).

VOLATILITY OF Majority of the produced frozen orange juice comes from Florida. The weather is a main
ORANGE JUICE factor for the orange juice crop, so anticipating the weather in central Florida can help us
FUTURE PRICES predict the price of orange juice (Roll, 1984).

MARKET CRASH “Black Monday”, investors panic drove the market to a breakdown (French, 1988).
1987

INTERNET Irrational valuation of Internet and related high-tech companies (Shiller, 2000).

BUBBLE 1990S

FINANCIAL Predatory lending and taking excessive risk increased the systematic risk, leading to a burst
CRISIS 2008 in the United Stated market that spread globally (Chernomas & Hudson, 2017).

SIZE EFFECT Small companies tend to outperform big companies in terms of returns (Banz, 1981; Keim,

1983; Roll, 1983)

SEASONAL Patterns that occur regularly and are widely known, such as the "January Effect" (Haugen
PATTERNS & Lakonishok, 1988), weekend seasonality (French, 1980), patterns around holidays (Ariel,
1990), and around the turn of the month (Lakonishok & Smidt, 1988).

OVER AND Investors sell stocks that are losing value or buy stocks that are increasing in value, causing
UNDERREACTION | prices to exceed their actual market value or underreact to new information, especially with

regard to future earnings announcements and short-term momentum (Lo & MacKinlay,
1999; Malkiel, 2003).

Table 1 — Anomalies in Efficient Market Hypothesis. Self-Made

2.2.2. Behavioral Finance

The modern theory of finance, specifically the Efficient Market Hypothesis and
its concept of the "random walk" and the rational investor, has been criticized for
numerous failures. As a result, a new branch of finance has emerged: Behavioral
Finance. This field originated in the 1980s through various academic journals,
although its roots can be traced back much further. For instance, Selden (1912)
applied the psychology of stockholders to the stock market, while le Bon (1896)
analyzed how crowd characteristics can unconsciously influence individual
decisions. The key difference between economics and psychology at the time was

that economics treated human behavior as rational, while psychology considered

11



both rational and irrational aspects of behavior. They recognized that people
have motivations and goals to achieve, and that they use reasons (either well or
poorly) to respond to those motivations (Simon, 1986).

Behavioral Finance seeks to explain the emotional processes that occur in the
decision-making process of individuals, groups, and entities. Humans tend to
overestimate their own predictive abilities for success and often fail to learn from
their past errors. Langer (1975) argues that decision-makers are irrational and
overestimate their ability to control events, which explains why individuals often
take higher risks. Behaviorists also contend that the decision-making process is
influenced by psychological factors and emotions, which suggests that market
behavior is not synonymous with the fundamental value of an asset (Peterson,
2016). Furthermore, prices do not always follow a random walk, and therefore
can be predictable (Bollen, Mao, & Zeng, 2011), which contradicts the EMH. This
led to the development of a theory that not only analyzes investor decisions but
also the reasoning behind these decisions and what influences the investor's
subjective representation of the decision model.

The key models of behavioral finance that explain the non-rational decision
making of investors focus on biases and heuristics. These are mental shortcuts or
rules of thumb that allow us to process information and make decisions quickly
and efficiently (Busenitz & Barney, 1997). However, these biases and heuristics
can also lead to errors in judgment and decision making. They are considered
one of the reasons for market irrationality.

Cognitive biases can be divided into three categories. The first category relates
to biases influenced by investor emotions, such as overconfidence, overreaction,
confirmation bias (the tendency to justify previous ideas with preconceptions),
hindsight bias (the belief that one predicted an event after it has occurred), and
regret. The second category relates to the way in which investors interpret
information differently depending on how it is presented, leading to different
conclusions, also known as heuristics. This includes the Prospect Theory
(Kahneman & Tversky, 1979), representativeness (making judgments based on
how something matches our stereotype), anchoring (estimate based on an initial
point of reference), framing (interpretation changes depending on how the
problem is presented), availability (rely on easily recalled information when
making decisions), and affect (when emotions influence the judgment). The final

category of biases is influenced by interactions between investors and entities,
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such as herding (the bandwagon effect), contagion effect, and informational
cascade (an investor ignores private information and follows the common market
belief).

2.2.3. Sentiment Analysis

2.2.3.1. Context

As behavioral finance gained popularity and the internet expanded, a new
field of research emerged in the early 21st century known as sentiment analysis.
This approach, also referred to as subjectivity analysis, opinion mining, and
appraisal extraction (Pang & Lee, 2008), employs text and data mining tools,
computational linguistics, and language processing techniques to examine how
individuals perceive and evaluate data. Such data can consist of words, phrases,
sentences, or even entire documents. The emergence can be attributed to the
advancements in computational linguistics and natural language processing
(NLP) techniques during the late 20th and early 21st centuries. However,
analyzing and classifying opinions involves more than just determining polarity,
but also determining whether the text is objective or subjective, who holds the
opinion, what it is about, the position of the holder, the target of the opinion, and
whether the author's intended opinion is accurately conveyed (Liu, 2006; Yu &
Hatzivassiloglou, 2003).

The investor sentiment paradigm experienced a significant shift in the late
2000s and early 2010s, with the introduction of social media platforms such as
Twitter, Facebook, and MySpace. Initially, sentiment analysis on social media had
its limitations, such as manual monitoring of social media feeds, the use of basic
text analysis tools, small datasets, and manual sentiment analysis techniques
(Paltoglou & Thelwall, 2012). Sentiment analysis in finance was first employed to
forecast stock prices (Tetlock, 2007). Currently, sentiment analysis is employed
in diverse financial areas such as investment decision-making (Hasselgren et al.,
2023), risk management (Cao & Chen, 2022), and fraud detection (Goel & Uzuner,
2016).
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2.2.3.2. Theoretical Analysis

To Russel (2003) emotions are constructed psychological experiences that
arrive from the combination of cognitive appraisals, contextual factors, and
conceptual knowledge to a non-specific feeling state that people experience. The
polarity of the sentiment depends on the valence and the arousal form the specific
emotion location in a two-dimensional circular space. High valence and arousal
represent a positive sentiment, while a low valence and arousal are associated
with negative sentiments. Additionally, the human mind associates a non-
specific feeling with specific concepts or objects in the environment, leading her
to associate a specific emotion to that concept over time.

Damdsio (1995) neuroscientific case study suggest that sentiment is not
separate from reason, guiding our decision-making process helping us make fast
and intuitive judgments based on the emotional valence associated with certain
choices or actions based on past experiences, helping us correct cognitive bias.
Barrett (2017) goes further explaining the emotion is constructed by the brain
combining sensory input, past experiences, and contextual information to
generate emotional experiences. To her, the brain generates predictions about
incoming sensory information based on past experiences and bodily sensations
and updates them based on feedback received. Cultural and social contexts
influence the way individuals interpret and experience emotions due to
differences in conceptual frameworks, learned associations, and interpretation of
bodily sensations.

The emotions can be influenced by a wide range of factors. One such factor is
the occurrence of events that affect the economy or specific groups. The polarity
of these events (whether positive or negative) can influence investor sentiment
and their subsequent decisions, especially among individual investors who rely
on publicly available and cost-effective information, unlike institutional
investors (Tetlock, 2007). The quality and quantity of news reported can also
influence the trading behavior of both individual and institutional investors. (Wu
& Lin, 2017). In addition, market trends, such as bear and bull markets (Hanna et
al., 2020) can also influence investor sentiment.

Another set of factors are past experiences like encounters, memories, and
associated events, influencing the perception and response of an individual to

various situations, cultural and social norms, values, beliefs, and practices which
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provide framework for understanding and expressing emotions, as well as
personality traits like neuroticism, extraversion, and agreeableness, which can
affect the intensity, frequency, and duration of emotional experiences (Barrett,
2017). Moreover, assessing the personal significance, relevance, and meaning of
a particular situation can influence the resulting emotional response. Social
interaction, support, acceptance, and quality of relationships can also shape
sentiments, as well as biological factors like genetics, hormones, and neurological
processes. Besides, the physical environment such as the presence of nature, light
and noise can evoke emotions from relaxation to stress. Additionally, media and
social media can shape and influence attitudes, values, and emotional responses
(Mesquita & Fridja, 1992).

Investors can also be influenced by biases and heuristics, which may lead them
to conform to the actions of others, disregard information that contradicts their
beliefs, or hold onto their beliefs even when presented with evidence to the
contrary. Confirmation bias can occur as users engage with others who share
their views and ignore those who contradict them affecting sentiment by leading
individuals to selectively focus on and interpret information that aligns with their
existing sentiments (Nickerson, 1998). Additionally, the availability heuristic,
which is the tendency to rely on easily accessible information, can lead to some
ideas being over-represented, relying on their readily available emotional
experiences or vivid memories to assess the intensity or prevalence of a particular
sentiment (Tversky & Kahneman, 1973). In-group bias can also influence
sentiment, as individuals tend to prefer opinions from those in their own
community, leading to a more positive sentiment towards insiders and a negative
one towards outsiders.

Furthermore, people may feel pressured to follow the opinions of their
community or the people they follow, rather than considering different points of
view (Maitland & Sammartino, 2015). The affect heuristic, where opinions are
formulated based on emotions rather than facts, can also influence sentiment
analysis, especially in strongly worded posts, biasing individuals to perceive and
express sentiments that align with their current emotional state. Moreover,
clickbait titles can persuade individuals, and anchoring can lead people to form
their opinion based on the first headline or tweet they see. Also, herding behavior

of the investor follow the crowd and investor overconfidence where they believe
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they are more skilled than what they are can influence investor sentiment and
the decision-making process (Gigerenzer, 1991).

Likewise, emotional contagion, where individual’s emotions are influenced by
others” emotions, can influence the sentiment the individual adopt for being
exposed to the emotion of others (Barsade, 2002). Implicit biases, which are
unconscious attitudes, directly affect sentiment by automatically shape emotion
responses that may be inconsistent with an individual's consciously held beliefs
or values (Greenwald et al, 1998). Stereotyping can also shape sentiments
towards individuals or groups based on preexisting biases, formatting a positive
or negative emotional reaction (Devine, 1989), and representative heuristics
where people judge an event by a familiar prototype can create certain
sentiments to express their sentiments or interpret the sentiments of others
(Kahneman & Tversky, 1979). Finally, the way information is framed, the framing
heuristic, can influence judgments and decisions, shaping how individuals
perceive their emotional experiences, leading to different sentiments based on

the framing context (Tversky & Kahneman, 1981).

2.2.3.3. Impact on Financial Markets

Sentiment analysis has a significant impact on trading strategies as it provides
investors with valuable insights into the current mood of the market. Sentiment
analysis can also serve as a useful tool for developing trading strategies. For
instance, investors can choose to follow the trend based on the polarity of the
sentiment, either by following the crowd or going against the trend by buying or
short selling stocks, respectively (Hurst et al., 2017). Additionally, contrarian
investing, which involves buying past losers and selling past winners or buying
after prices go down and selling after prices go up, is another popular strategy
based on sentiment analysis. This strategy is based on the belief that sentiment
will eventually shift, enabling investors to avoid market corrections or take
advantage of rebounding stock prices (Kim & Park, 2015).

Investor sentiment serves as a tool for risk management as it provides valuable
insights about target organizations or executives, which can help industries
manage risk and make strategic or long-term decisions. Aggressive customers,
advocacy groups, and company insiders can create risks related to business ethics

and corporate social responsibility. Sentiment analysis can assist in mitigating
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these risks by organizing data and understanding public perception,
vulnerabilities, and how to adjust security postures (Kunze et al., 2020). By using
sentiment analysis, industry leaders can stay ahead of potential issues and make
more informed decisions to avoid negative impacts on their organizations.

Inside social media and Twitter itself, sentiment expressed in posts can help
individuals to shape their overall perception of the market. The sentiment
indicators derived from the social media data can be used as a tool for developing
trading strategies (Bollen, Mao, & Zeng, 2011). Moreover, positive sentiment
might increase market optimism leading the prices do rise and creating a bullish
market sentiment. On the other hand, negative sentiment might have the
opposite effect, causing market pessimism, driving prices down, making a selling
pressure on investors and creating a bearish market sentiment. So, social media
sentiment can influence market volatility as well as market immediate reaction,
amplifying the impact of certain events or news on stock prices (Haritha &
Rishad, 2020). Besides, monitoring sentiment trends in social media can assist in
risk management strategies by identifying potential risks or opportunities
(Demek et al., 2018).

2.3. Empirical Evidence of Sentiment Analysis on Stock Returns

There is evidence of Twitter sentiment polarity affecting a variety of markets,
such as the cryptocurrency market, the commodity market, and the stock market,
which is the focus of this dissertation. In the Table 2 presented below, there is
stated several studies” information, like the authors, the market / industry and
country of analysis, utilized method and results. Overall, there is a wide variety
of empirical methods used, mixed markets, industries, and results. However, the
chosen industry is usually from a big country like the USA or an important
market or index like the DAX Index or the Tunidex, some of the most influent
Indexes inside the European Union and Africa.

A small number of studies have found no relationship between social media
sentiment and stock returns. Nofer & Hinz (2015) found no significant
relationship using an OLS regression between Social Mood Index and share
returns in the following 4 trading days after an event in Germany, explaining it
because investors incorporate the mood level in their models rapidly. When

changing the SMI with a Weighted Social Mood Index only volatility have a
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significant relationship with the mood. Reboredo & Ugolini (2018) discovered
that Twitter sentiment has no useful information in forecasting prices, volatility,
or trading volumes for renewable energy companies using a VAR model.
Hamraoui & Boubaker (2022) found that sentiment polarity is not useful for
predicting stock performance, because four companies pass the Granger
causality test, two financial companies, one electronic and one food chain
company. However, the number of tweets have great significance in price
volatility. Nisar & Yeung (2018), using a multiple regression model, found no
relationship between the number and polarity of tweets, the closing prices, the
daily returns, and the FTSE Index. They found that the polarity of tweets about
the major English stocks don’t have influence on predicting the daily returns, the
multiple regression model is not a good fit for the hypothesis, and that the
independent variables of polarity and mood are not appropriate to predict stock
returns.

In these four papers, only one of them analyzes the USA market, all the other
examine smaller markets (Germany, England, and Tunisia). However, the one
that explores the USA market does not investigate the companies from the big
indexes like Nasdaq, DIJA or S&P, but a specific industry, which is the renewable
energy. The companies that the Index contain are not big enterprises like the
other papers who found a positive relationship between the public mood and
returns analyze. There is a pattern in these papers of considering relatively
smaller companies or indexes than the ones who have different results. Also,
most these studies focus on long-term effects, like Nofer & Hinz (2015), where he
did not found relationship in the following 4 days after event, as other factors
play a more significant role than the Twitter sentiment. Also, the methodology of
these studies tend to be less complex, like OLS regression (Nisar & Yeung, 2018;
Nofer & Hinz, 2015) or VAR models (Hamraoui & Boubaker, 2022; Reboredo &
Ugolini, 2018), but the sample data and the sentiment analysis techniques tend to
be more refined, suggesting that the Twitter sentiment may be noisier and
unreliable, which leads to challenges in identifying patterns.

In contrast, most studies have found a significant relationship between social
media and stock returns. Bollen, Mao, & Zeng (2011) created a public mood time
series that has shown predictive power on the DJIA closing values, but not
because they analyzed the general positive vs. negative sentiment of the tweets,

but instead the calmness of the public mood. Oliveira et al. (2017) also found
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predictive power on returns of the S&P 500 Index by analyzing Twitter mood,
plus that microblogging sentiment is useful for predicting the returns of lower
market capitalization portfolios, and the returns of some industries like the
energy and high technology ones.

The methodological approach, the industry analyzed, the specific country, as
well as other variables, can influence the results. For example, Ranco et al. (2015)
found significant evidence of relationship between stock returns and Twitter
sentiment while analyzing DIJA using a similar VAR model used by Reboredo &
Ugolini but a different index. Similarly, Nofer & Hinz (2015) found no
relationship while using an OLS model but when chasing to a VAR model found
that polarity is significant in predicting market statistics. Another example is Ho
et al. (2017) paper that justify their findings of extreme values having a crucial
role in forecasting stock returns because of the chosen DLM-SUR modeling
approach. Both Sprenger & Welpe (2010) and Sul et al. (2017) have similar
findings in why there is a relationship between the sentiment and returns. While
Sprenger & Welpe (2010) concludes that there is important information on Twitter
that is still not incorporated in the stock market, Sul et al. (2017) complete this
conclusion by finding that users with less retweets and followers have the
strongest effects on future returns, because the information they provide about
the stock is acquired by fewer people than the users with lots of followers and
retweets. Gu & Kurov (2020) corroborates these papers by concluding that Twitter
sentiment has a strongest predictive power on the firms with less analyst’s
coverage. All these papers analyze the USA largest listed companies and use a
Panel Data regression approach, which may justify why they found the same
results.

Every paper analyzed in the table below which gave us a significant
relationship between Twitter sentiment and stock returns have three main
similarities. First, the data sample, where every company is from USA and all of
them are from very well-known and non-concentrated indexes, being the
companies’ large ones. Secondly, almost every study, except for (Sul et al., 2017),
examine the immediate or next-day relationship, the short-term effect. Finally,
these studies analyze most of the times the effects of Twitter sentiment during
specific events, like earning announcements or product launches, investigating

the sentiment surrounding these events (Bollen, Mao, & Zeng, 2011).
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Despite the mixed and often complex findings of these studies, it is clear that
sentiment analysis can provide valuable insights into stock market dynamics.
The results suggest that social media sentiment can have predictive power for

stock returns in certain contexts, making it a useful tool for predicting them.
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AUTHORS

NOFER & HINZ
(2015)

REBOREDO &
UGOLINI (2018)

HAMRAOUI &
BOUBAKER (2022)

BOLLEN, MAO, &
ZENG (2011)

HO ET AL. (2017)

SOUZA ET AL. (2015)

SPRENGER & WELPE
(2010)

RANCO ET AL. (2015)

Market/Industry

Dax Index (30 major

German Companies)

WilderHill Clean Energy
Index (Renewable Energy

companies)

Tunindex (22 companies,
mainly from the Tunisian

financial sector)

DJIA (30 large publicly
owned companies listed on
NYSE and NASDAQ)

DJIA (30 large publicly
owned companies listed on
NYSE and NASDAQ)

5 big US companies

S&P 100 (largest 100

companies listed in the U.S.

stock exchanges)

DJIA (30 large publicly
owned companies listed on
NYSE and NASDAQ)

Country

Germany

USA

Tunisia

USA

USA

USA

USA

USA

Method

OLS (Ordinary Least

Squares) Regression

VAR Model

VAR Model

Time series

DLM Time series and

SUR Model

Auto-regressive Model
Panel regression and

Time-sequencing

regressions

VAR Model

Results

No significant relationship found between Social Mood Index and share

returns in the following 4 days after an event.

DAX intraday returns are positively influenced by increases in Follower-
Weighted Social Mood Index

Twitter sentiment has no useful information in forecasting prices, volatility, or

trading volumes for renewable energy companies.

Sentiment polarity is not useful for predicting stock performance.

Number of tweets is useful in predicting price volatility

Public mood time series has predictive power on the DJIA closing values.

Extreme values in the data are crucial for forecasting stock returns.

Relationship between social media sentiment and stock returns is time-

varying and cross-correlated.

Twitter moves in the market in respect to the excess log-returns of the stocks
Microblogs contain information not yet incorporated in the stock prices.
Increased bullishness of microblogs is associated with high returns.

Message volume explains trading volume, but not returns or volatility.

Significant evidence of relationship between stock returns and Twitter

sentiment.



RAO &
SRIVASTAVA (2012)

SUL ET AL. (2017)

OLIVEIRA ET AL.
(2017)

BEHRENDT &
SCHMIDT (2018)

GU & KUROV (2020)

RUAN ET AL. (2018)

DJIA, NASDAQ-100 and 13

other tech U.S. companies

S&P 500 (largest 500
companies listed in the U.S.

stock exchanges)

DJIA, S&P 500, Russel 2000,
NASDAQ 100

DJIA (30 large publicly
owned companies listed on
NYSE and NASDAQ)

Russell 3000 (3000 Largest
traded companies in the
U.S.)

Firms with largest number

of tweets

USA

USA

USA

USA

USA

USA

OLS (Ordinary Least

Squares) Regression

Panel Data Regression

Multiple Regression,
Neutral Network,
Support Vector Machine,
Random Forest,

Ensemble Averaging

Panel HAR Model

Cross-sectional Panel

Regression

Linear Regression

Public mood carries strong cause-effect relationship with stock returns.

Users with less followers are significant in predicting stock returns in one, ten

and twenty trading days.

Users with less followers and with no retweets has the strongest effects in future

returns.

Microblogging data is useful to predict stock market variables like stock

returns, volatility, trading volume and indexes.

Twitter sentiment have statistically significant feedback effects of return

volatility as well as Twitter count and vice versa.

Daily Twitter sentiment contains information that is useful for predicting next

day stock returns.

Users’ sentiment helps making better predictions of abnormal stock returns

Table 2 - Empirical Evidence on the Relationship Between Social Media Sentiment and Stock Market Variables. Self-Made (Continuation)



2.4. Context

2.4.1. Twitter

Twitter was launched in October 2006 as an SMS-based communication
platform that allows users to post short messages about a wide range of topics.
Its most popular uses include sharing news and current events in real-time,
expressing personal thoughts and opinions, promoting and marketing, sharing
educational and informative content, providing entertainment and humor,
networking, and collaborating with others (Bartov et al., 2018).

Twitter has experienced tremendous growth over the years and has become
one of the most popular social media platforms worldwide. As of April 2023, the
platform has approximately 373 million monthly active users, making it the 15th
biggest social media platform globally. The platform's users tend to be younger,
highly educated, with higher incomes, interested in news and current events, and
comfortable with technology and social media, in comparison to other social
media platforms (Datareportal, 2023b). In addition, there are a wide range of
types of active traders using Twitter, from retail to institutional investors,
financial professionals, news organizations and journalists.

Twitter has a strong relationship with finance has it becomes a noticeable
platform for financial information, news, updates, and analysis dissemination.
Investors can acquire real-time information on the stock market, as it has been a
channel where it is possible to provide rapidly real-time financial news and
updates. This includes monitoring trends and breaking news, following analysts,
news outlets, industry experts, and thought leaders to remain up to date on
upcoming events and announcements, tracking sentiment and buzz around
specific companies or stocks to gain insights on investment directions, engaging
with other investors and traders to share ideas, as well as interacting with
companies directly. Twitter financial data can also be used for sentiment analysis
for a better investment decision-making process, for market influence and
herding by influential financial figures, for customer service, support and
engagement, for market transparency and democratization, and for networking
and collaboration (Twitter, 2023). Up to date, there is no specific regulations

pertaining to Twitter as a platform, even though the content shared may fall



under specific jurisdiction depending on the nature of the information being
shared. Twitter is the third most used social media by financial advisors for
business purposes, being used by 52% of them, staying behind LinkedIn (72%)
and Facebook (62%) (Putnam Investments, 2023). Each social media is preferred
for different reasons, and Twitter business development initiatives like thought
leadership, as well as the short posts with limited characters and the large and

diverse user base make it a good platform for financial use.

2.4.2. Macroeconomic Context between 2021-2022

By the end of 2021, inflation had surpassed expectations, primarily due to the
significant increase in fossil fuel prices, almost doubling energy costs. In
addition, food prices had risen. The Covid-19 pandemic had caused disruptions
in production, leading to global supply distribution problems, which, coupled
with high demand for goods, clogged ports, and landside constraints,
contributed to the rise in inflation (International Monetary Fund, 2022b)

On the morning of February 24, 2022, the conflict between Ukraine and Russia
began, which is considered the most significant armed conflict since World War
II. As a result of the conflict, there were negative effects on energy and food
supplies, as well as on economic indicators (Polyzos, 2022).

In the first half of 2022, the GDP experienced a contraction for the first time
since 2020. In European countries, inflation continued to rise, triggering global
tinancial conditions. Consumer prices rose faster than expected, with the euro
area experiencing an 8.6% increase (the highest since the creation of the monetary
union). Wage growth did not keep up with higher food and energy prices,
resulting in a decline in household purchasing power. Central banks began to
raise interest rates, particularly in developing economies, leading to a rise in
borrowing costs and a decline in equity prices (International Monetary Fund,
2022a).

2.4.3. Portugal

Twitter ranks as the 8th most popular social media platform in Portugal, with
1.9 million users. The platform is commonly used by individuals, celebrities,

companies, media outlets, influencers, activists, and non-profit organizations.



Additionally, traders, financial institutions, and stakeholders in Portugal use
Twitter to stay updated with the latest news and developments in the stock
market (Datareportal, 2023a).

There is a strong rising of individual investment in Portugal, particularly
among middle-class families, as a means of building wealth. This trend has been
reinforced over time by the promotion of stock market investment by banks and
financial advisors, as well as the availability of more educational resources
among younger generations. Additionally, technological advancements such as
the rise of online trading platforms and robo-advisors have made it easier for
individual investors to enter the stock market. However, financial literacy levels
in Portugal are lower than the OECD average among adults aged 18-64, despite
recent improvements (CMVM, 2023a).

The Lisbon Euronext is the Portuguese stock exchange market. The Portuguese
market is small and concentrated by just a few companies, which have the
majority of the trading volumes and capitalization. Also, this bigger companies
have less liquidity risk. However, this risk increases when we are getting closer
to the end of trading day (Pereira da Silva, 2016). The Portuguese Market
capitalization between 2021 and 2022 decreased from 37,867% of GDP to 34,346%
of GDP (CEIC DATA, 2023b), having its lower value of about 86k USD bn in June
2021 and its highest value of about 97k USD bn in October 2021 has it is showed
in graph 2 (CEIC DATA, 2023a).
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Graph 1 - Euronext Lisbon Market Capitalizations. Source: CEIC DATA (2023a)



The PSI-20 is the top stock market index in Portugal and is part of the Euronext

Lisbon stock exchange. It monitors the performance of the most frequently traded

listed stocks, covering a wide range of sectors. This index used to analyze the top

20 Portuguese companies, but nowadays only 18 companies are considered,

showing the high concentration of the market. Among the companies included

in this index are EDP and EDP Renovdveis, which are, in 2023, the most valuable

Portuguese companies by market capitalizations as it is showed in the table 3

below.
FIRMS SECTOR MARKET CAPITALIZATION
(BILLION USD)
EDP RENOVAVEIS, S.A. Energy 21,8
EDP - ENERGIAS DE PORTUGAL, S.A. Energy 20,8
]ER()NIMO MARTINS, SGPS, S.A. Consumer Retail 13,8
GALP ENERGIA, SGPS, S.A. Energy 8,8
BANCO COMERCIAL PORTUGUES, S.A. Financial 3
THE NAVIGATOR COMPANY Paper and Forest 24
Production
NOS, SGPS, S.A. Telecommunications 2,3
SONAE - SGPS, SA Consumer Retail, 2
Telecommunications,
etc...
REN - REDES ENERGETICAS NACIONAIS, SGPS, Energy 1,9
S.A.
CORTICEIRA AMORIM, SGPS, S.A. Paper and Forest 14
Production
SEMAPA Industrial 1,1

ALTRI, SGPS, S.A.

Paper and Forest
Production

Table 3 - Biggest Companies me Portugal by Market Capitalization. Source: (Papadopoulos, 2023)



The Portuguese securities market regulatory authority is CMVM, who is
responsible for supervising and regulating, ensure fair and transparency, protect
and promote investors’ confidence, authorize, and oversight entities operations,
maintain the integrity and efficiency of the market, cooperate with other
regulatory authorities, and coordinate the supervision of the security market.
Some of the key regulations of CVM are the regulation on listed companies to
disclose all the information to the market, regulate and prevent market abuse,
like manipulation and inside trading, regulation on public offers, listing,
investment funds, corporate governance, take overs, mergers, and market
participants (CMVM, 2023b).

2.4.4. EDP and EDPR

EDP is a publicly traded utility company in Portugal that is involved in the
generation, distribution, and sale of electricity and gas. It is an important driver
of economic growth and job creation in Portugal and in the other countries it
operates in. On the other hand, EDP Renovdveis is a subsidiary of EDP that
specializes in developing, constructing, and operating wind, solar, and hydro
renewable energy projects around the world. It is one of the biggest renewable
energy companies worldwide, and it is considered the major wind energy
producer of the world, also having an exponential growth in the solar energy
production. Portugal ranks as the 11th most dependent on imported energy EU
member mainly because of the lack of fossil energy sources. However, the
Portuguese renewable energy sector continues to be a global leader (International
Trade Administration, 2023).

Investors in EDP Renovdveis tend to have a long-term investment horizon and
a global perspective, as the company operates in various countries. They are
interested in sustainability and are attracted by the growth potential of the
company. These investors typically have diversified portfolios and are willing to
take risks, as renewable energy stocks are influenced by a wide range of factors
such as specific country legislation (e.g. windfall tax), global legislation (e.g.
embargoes), policy uncertainty, development of new technologies, and
availability of capital-intensive renewable energy projects. Therefore, investing

in EDP Renovdveis requires a certain level of risk tolerance (Reboredo & Ugolini,



2018). Only 4% of EDPR stakeholders are individual investors (EDP Renovdveis,
2023a).

EDP Renovdveis is influenced by various specific regulations and legislation
established by the Portuguese government. The RTSE which set out the tariff
regulation for the energetic Portuguese market, the RCC which defines the
commercial relationship between electricity market participants, and DL 34/2011
which regulates the renewable energy sector in Portugal by promoting renewable
sources, through the feed-in tariff system and power purchase agreements are
the main regulations EDPR have to deal with by being established in the
renewable energy market. The Portuguese government and the European Union
offer grants, subsidies, and tax incentives opportunities for renewable energy
projects in which EDPR may benefit from, as well as research and development
fundings. Also, the Portuguese government set renewable energy targets and
standards, requiring a certain percentage of energy consumed or generated to be
from renewable sources creating opportunities for EDPR to act. Similarly, the EU
has an Emission Trading System where limits the gas emissions for certain
industries in which EDPR can benefit indirectly because it is not subject to the
same restrictions as fossil power companies.

Analyzing the financial performance of the company in the last 10 years, EDPR
is a very solid firm. In terms of profit, the net income of the company has grown
exponentially yearly (Graph 7 of the Appendix). The Return on Assets and the
Return on Equity are also improving over the years, with an average of
0,017754123 and 0,04048048, respectively, on the last 10 years, suggesting the
company generates a modest level of profitability relative to its assets and equity
(Graph 8 of the Appendix). In terms of financial autonomy, the company Debt-
to-Equity and Equity Ratio indicate the company has potentially a higher level of
financial risk for relying heavily on debt financing to fund its operations and
growth (Graph 9 of the Appendix), justifying why the investors tend to be long-
term investors. EDPR also pays consistently dividends, increasing them over the
years as showed by Graph 10 of the Appendix where the dividend yield keeps
growing over the last 10 years, with a 6% average. These dividend yields can be
attractive to income-oriented investors seeking regular income from their
investments, being higher than the average yield of the renewable energy
industry (EDP Renovdveis, 2023b).



2.5. Hypothesis

Hi: EDP Renovdveis stock returns can’t be predicted by analyzing Twitter Sentiment
between the 1* of June 2021 and the 1* of June 2022.

Emotions are constructed psychological experiences that arrive from the
combination of cognitive appraisals, contextual factors, and conceptual
knowledge to a non-specific feeling state that people experience (Russel, 2003)..
Investors have motivations and goals which they want to achieve. To reach their
objective they use reasons to respond to those motivations, but these reasons
might not always be rational (Simon, 1986). Therefore, investors, in their
decision-making process, tend to have emotional processes, making them
irrational, to fail to learn from their past errors, and to overestimate their own
abilities for success and to control events, which explains why individuals often
take higher risks while investing (Langer, 1975). This might justify why investors
invest in EDP Renovdveis stock instead of other companies, because EDPR is a
renewable energy company influenced by factors like country and global
legislation, policy uncertainty development of new technologies, and availability
of capital-intensive renewable energy projects, which might require a certain
level of risk tolerance (Reboredo & Ugolini, 2018).

Twitter is used by almost 20% of the Portuguese population, its only available
for people over 13 years old, and is used mainly by people with higher education
level and higher financial literacy (Datareportal, 2023a) which makes it the best
social media to extract the user’s sentiment. Also, Twitter has a wide range of
active financial players in Portugal, who use it as a source of knowledge to the
decision-making process, making it a reliable source of information to post and
analyze investors opinions and insights (Bartov et al., 2018).

Analyzing the empirical evidence around renewable energy companies, there
is no significance found between stock returns and Twitter mood. Reboredo &
Ugolini (2018) found no correlation between an index constituted only by
renewable energy companies just like EDPR. Hamraoui & Boubaker (2022), in
their study, only found relationships between financial, food supply and
electronic companies, founding no relationship between Twitter sentiment and
stock returns of energetic enterprises. In addition, Nofer & Hinz (2015) found no

significant relationship between those variables while studying a concentrated



and small market like the Portuguese market in which EDPR is inserted. Besides,
EDPR is a stable company, in which the investors tend to have a long-term
investment horizon, not being easily influenced by situational changes, rumors,
or news. Thus, EDPR is a company with a structured dividend payment and with
a dividend yield higher than the average of the renewable energy industry,
suggesting it is a relatively safe company to invest, and being an attractive firm
for investors seeking income from their investments in a longer-term horizon
than the investors who seek fast income, being those investors the most
influenced by Twitter posts (EDP Renovdveis, 2023b). Also, EDPR percentage of
individual investor’s share is only 4%, and institutional investors have the
remaining 96%. Individual investors, who rely on publicly available and cost-
effective information, like the Twitter information, do not have much impact on
the stock prices changes for having such a small share (Tetlock, 2007). On the
other hand, institutional players are not usually influenced by bias and heuristics,

meaning they do not usually follow Twitter sentiment.






3. Data and Methodology

3.1. Method

This thesis employs a quantitative approach instead of a qualitative approach.
This method can collect data from large samples, allowing for generalizations of
findings, making it more time and cost-efficient than the other approach because
the data is analyzed quickly and with fewer resources (Creswell, 2014). Twitter
analysis generates a vast volume of data that would be challenging to analyze
manually every tweet, making sentiment analysis software an efficient tool.
Additionally, in a fast-moving social media platform like Twitter, speed is crucial
when analyzing data. Therefore, quantitative methods can analyze volumes of
data more quickly than qualitative methods. In conclusion, a quantitative
approach provides numerical measures that can be helpful in comparing tweet
polarities over time and across different groups, aiding in the search for trends
and patterns (Wolstenholme, 1999).

3.2. Data Collection

In this thesis, secondary data, which refers to data collected by other sources
instead of directly from the primary source, is utilized for various reasons.
Firstly, secondary data on Twitter sentiment is readily available and provides a
wealth of diverse opinions and viewpoints. Secondly, collecting secondary data
is cost-effective compared to collecting primary data. Additionally, secondary
data is reliable and consistent, and it can be compared over time and space to
uncover trends and patterns (Johnston, 2014).

Daily time series data was collected from both Twitter and the market for the
period spanning from June 1, 2021, to June 1, 2022. Twitter data was manually
collected using the Twitter Search API, with a search query focused on the EDP
Renovdveis cash-tag (SEDPR and $EDPR.LS). As noted by Zhang et al. (2011), both
original tweets and retweets were included in the data collection process, as
retweets can be indicative of a post's popularity and influence. The collected
tweets were then filtered and cleaned to remove spam, irrelevant content, and
posts from fake accounts. Additionally, URLs, cash-tags, user mentions, and

repeated letters were removed from the tweets (Rane & Kumar, 2018). Finally,
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the sentiment polarity of each tweet was determined, and a time series was
created to track changes in sentiment over time.

The market data was collected from Yahoo! Finance on EDP Renovdveis stock,
which included the volume of stocks traded per day, opening price, and closing
price, and PSI-20 Index closing prices. The objective was to extract the time series
of daily returns. Yahoo! Finance is a widely used and reputable source of
financial data (Awan et al, 2021; Batra & Daudpota, 2018). Although it is
generally accurate, some stocks may have a few data errors. However, market
data is not available on weekends or holidays when the market is closed. To
address this, I applied the concave function proposed by Mittal & Goel (2009).
This function estimates the given day with no information as the average of the
last day with available data and the next available day with data. While Twitter
data was available for all days, this method was necessary to fill in the missing
market data.

Time series was chosen over panel data mainly because the hypothesis only
analyzes one firm. With a Time Series approach, we can analyze trends,
seasonality, autocorrelation and other time-dependent patters specific from
EDPR, because this method allows to capture and model the temporal dynamics

and patters within the firm’s data

3.3. Variables

The multiple regression used to obtain the results included the following
independent variables related to EDPR: daily volume of tweets (VTOT), daily
volume of positive tweets (VPOS), daily volume of negative tweets (VNEG),
daily average mood (MOOD) and weighted social mood index (WSMI). The
dependent variables were the daily returns (CHANGES) of EDPR stocks.

In order to examine the correlation between CLOSE, VIWEETS, VPOS, and
VNEG, I applied a Z-score standardization process to normalize the variables.
This was done to enable comparisons between the variables despite having
different units of measurement, as recommended by authors such as Bollen, Mao,
& Zeng (2011) and Jain et al. (2005). The formula for the z-score is:
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Z is the z-score, X is the original value of the variable, p is the mean of the variable, and o is the standard deviation of the variable.

While there are other normalization methods such as Min-Max Normalization
and Decimal Scale Normalization (Henderi et al., 2021; Saranya & Manikandan,
2013), these methods may distort the distribution of the data if there are extreme
outliers. In contrast, the z-score normalization maintains the distributional
characteristics of the data, while also removing the influence of extreme values.

This allows for a more accurate comparison and interpretation of the data.

3.3.1. Dependent Variable

The dependent variable in the regressions that will be made is the daily
returns. The daily returns represent the percentage change in the value of the
asset over a single trading day. In order to calculate daily returns, I utilized the
logarithmic return method (Andersen et al., 2003), using the following equation:

CLOSE, )
CLOSE,_,

CHANGE, = 1n<

While there are other methods for calculating daily returns, such as simple

daily returns or weighted daily returns (Busse, 1999), the logarithmic return

method tends to be more symmetrical when dealing with stock returns, which

are often skewed in their distribution. This provides a more realistic

representation of volatile investments, such as stock performance over time
(Hudson & Gregoriou, 2015).

3.3.2. Independent Variable

The independent variables are VTOT, VPOS, VNEG and MOOD. VTOT, VPOS
and VNEG are, respectively the total daily tweets made about EDPR, the total
daily tweets that have a positive polarity, and the total daily tweets with a
negative polarity. VTOT is used because it can provide a hint of the overall
activity surrounding EDPR, while VPOS and VNEG can reflect the emotional
tone of discussion around the company, as well as provide insights about the

market sentiment (Nisar & Yeung, 2018).
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The daily average mood is the share of positive mood on all word occurrences.
To determinate the daily average mood, I will utilize a sentiment score based on
the formula proposed by Nisar & Yeung (2018) where the only assumption is that
neutral sentiment tweets are considered as 0 so may be ignored when calculating
the average, even though this assumption of having no implication is not always

true:

VPOSt—VNEG
MOODt = —t % , where tis a given t day.
VTOT:

There are other approaches like the one Nofer & Hinz (2015) had, where
they don’t consider the total tweets but only does which sentiment is positive,
grief, hopelessness, tiredness, or anger. However, to scrutinize in more depth the
tweeter sentiment it can cause more difficulties for the software to analyze which
mood the tweets represent, because this categorization is much more subjective
and can lead to divergent analysis. The approach of the Weighted Social Mood
Index, an extension to the daily mood average, proposed by Nofer & Hinz (2015)
was tested but, due to the low quantity of tweets posted about EDPR, the results

of the WSMI were the same as the daily mood average.

3.4. Main Methodology

The main methodology used in this thesis is a Time Series Regression.

I will apply an OLS multiple regression model that includes CHANGE, VTOT,
VPOS and VNEG variables and OLS simple regression model between CHANGE
and MOOD.

CHANGE = a+ B,VTOT + B,VPOS + B3VNEG + &
CHANGE = a+ p{MOOD + ¢

The purpose of using as the regression technique an OLS multiple regression
is to establish the relationship between the independent variables and the
dependent variable. This model enables us to estimate the magnitude and
direction of the association between the variables, while accounting for the

influence of other variables that may also affect the dependent variable. By doing

13



so, we can identify which variables significantly impact stock returns, to what
degree, and gain a comprehensive understanding of the link between Twitter
sentiment and stock returns (Brooks, 2014).

Alternative approaches, such as Granger Causality analysis, could be used
instead of regression, as Ranco et al. (2015) did. However, an OLS multiple
regression offers advantages as it allows for the examination of several
independent variables simultaneously, capturing the potential effects of other
factors that may be influencing stock prices. Additionally, the r coefficient helps
to identify the relative significance of each independent variable in predicting
daily stock returns (Dumouchel & Duncan, 1983). Moreover, the OLS multiple
regression results are simple and more straight-forward to interpret and
compare. Also, an OLS regression allows for the inclusion of multiple
independent variables, enabling the analysis of the combined effects of different
factors on stock returns and provides standard errors, p-values, and confidence
intervals for the estimated coefficients, enabling statistical inference (Fumio
Hayashi, 2000).

However, OLS regression relies on some assumptions, like linearity,
independence of errors, homoscedasticity (constant variance), and absence of
multicollinearity, in which if these assumptions are violated it can lead to biased
or inefficient coefficient estimates and misleading conclusions. Therefore, to
avoid reaching distorted results, in case some assumptions are violated there will
be proceeded some calibration methods. If the linearity is violated, a polynomial
regression will be used as calibration method because it allows for fitting a curve
to the data by adding polynomial terms to the regression equation (James et al.,
2021a). On the other hand, if there is multicollinearity between variables, a ridge
regression will be used as a regularization technique to help mitigate overfitting
and stabilize the coefficient estimates by introducing a penalty term to the

regression equation (James et al., 2021b).

3.5. Software

Two different software programs will be used to analyze the data. For
analyzing Twitter sentiment, an online tool named Umigon will be employed.
Using a lexicon-based sentiment classifier software is preferable over manually

examining each tweet, not only due to time and cost savings but also to avoid the
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potential for biases affecting data interpretation. However, Umigon may have
some imprecision in detecting negative sentiment, thus, after the initial software
analysis, a manual review will be conducted to ensure accuracy (Ribeiro et al.,
2016). R software was chosen as the statistical software for its ability to handle
the data efficiently and for allowing flexible and customizable regression
modeling options. While other programs such as Stata or Gretl are available, R is

a powerful tool that can yield similar results (Mizumoto & Plonsky, 2016).
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4. Empirical Results

4.1. Descriptive Statistic and Data Characteristics

When observing the Twitter data, we can notice that only 101 tweets of 211
tweets gathered by the Twitter Search API were considered suitable for analysis.
This happens because 110 tweets were considered as Spam or Irrelevant, mainly
because of one Twitter user who was a trader bot who posted the same
information more than one time. The monthly and weekly distribution of the
tweets is showed in Graph 3 and 4 located on the Appendix. Also, when looking
for tweets with the cash-tag $EDPR, most of the tweets were written in French,
while when looking for $EDPR.LS the preferred language was English (more
data in Graph 5 of the Appendix). As showed in the Table 4 below, more than
half the tweets presented a positive sentiment. Moreover, we labeled some tweets
as Mixed because the polarity was both positive and negative. However, these
tweets will be considered as neutral in the remaining of this thesis.

While analyzing the average monthly data (Table 4 below and Graph 6 in the
appendix), investors might think this instrument has almost no volatility.
However, when evaluating the daily returns (Graph 7 in the appendix) and the
Maximum and Minimum daily returns values (Table 4 bellow and Graph 6 in the
Appendix) it is possible to some major spikes. These three spikes are justified by
events that happened in the country (24th July 2021 the Portugal transmission
systems were disconnected from the synchronous are Continental Europe),
inside the company (3rd November 2021 EDPR acquires Sunseap), or
internationally (24th February 2022 the war between Ukraine and Russia started).
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MIXED NEGATIVE NEUTRAL POSITIVE TOTAL
June 0 3 4 0 7
July 0 1 1 6 8
August 0 0 0 2 2
September 0 0 2 13 15
October 1 1 1 9 12
November 0 2 2 2 6
December 0 0 4 5 9
January 1 0 4 3 8
February 0 1 3 3 7
March 0 1 4 6 11
April 0 0 0 5 5
May 0 0 2 9 11
Total 2 9 27 63 101
Table 4 - Tweets' Polarity by Month. Source: Umigon
DAILY
[ —— MINIMUM MAXIMUM AVERAGE
JUNE -0,032412716 0,035000999 0,000429227
July -0,070082913 0,043701044 0,000798949
August -0,025416715 0,047281534 0,003779764
September -0,042101964 0,037636475 -0,001669291
October -0,027825076 0,039599669 0,004399575
November -0,061648941 0,037740328 -0,002729246
December -0,041243004 0,028222218 -0,00104348
January -0,047180954 0,04926109 -0,005233881
February -0,038507379 0,100083403 0,005499897
March -0,041134446 0,038761093 0,00232049
April -0,023693878 0,04542482 -0,001691742
May -0,040463721 0,043733205 0,000938614
Total -0,070082913 0,100083403 0,000462812

Table 5 - Min, Max, and Average Monthly Returns of EDPR Stocks. Source: https:/ / finance.yahoo.com/
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The descriptive statistics of EDPR daily returns and daily average mood are

displayed in the table 6 below:

STANDARD
VARIABLES MEAN MEDIAN KURTOSIS SKEWNESS  MINIMUM MAXIMUM
DEVIATION
EDPR 0.04984831 0.03171811 1 2.95064756 0.24426341 -3.7493 5.41478571
MOOD 0.70083592 0.35041796 1 1.80238689 1.12176437 -2.1574753 2.8583112
VTOT 0.87502908 0.43751454 1 4.15266172 2.19147919 0.43751454 5.06629154
VPOS 0.81779848 0.40889924 1 5.10324319 2.37944507 0.40889924 5.30228359
VNEG 0.26682044 0.13341022 1 76.7218908 8.31662291 0.13341022 12.3070929

Table 6 - Descriptive Statistics of the variables from 01/06/2021 to 01/06/2022

The EDPR daily returns is non-normally distributed and exhibits an average
around 0,05 and a daily volatility of 1, indicating that the daily returns have a
moderate amount of volatility or dispersion around the mean. Also, it indicates
a slightly right-skewed distribution, suggesting the distribution has a longer
right tail and is skewed towards the right, meaning that may have more frequent
small positive values and fewer extreme negative returns pulling the mean and
the median towards the right side of the distribution. This value can be justified
by specific sector, company and market conditions, dynamics, or events between
2021 and 2022, like the quarterly earnings announcements, the marker persistent
upward movements and recovery from the Covid-19 pandemic, the beginning of
the war between Russia and Ukraine which led to embargos on the Russian oil,
acquisitions, and others. The kurtosis value of 2.95064756 suggests that the
dataset has a peak that is moderately higher or sharper compared to a normal
distribution, indicating that the data may have a slightly more concentrated
distribution around the mean compared to a normal distribution, suggesting the
presence of les outliers or extreme values in the dataset. These outliers can be
seen in graph 7 of the Appendix where there are not usually extreme values in
the daily returns, triggered by news events and market shocks (3 of them named
above) which cause a volatility clustering phenomenon. However, market
inefficiencies like behavioral biases and the fact energetic companies are very
volatile thanks to the influence of rare events, like the war and regulations
changes, in their stock returns, can lead to more frequent price movements. Thus,

the distribution is not highly non-normal since the kurtosis value is close to 3.
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STANDARD

VARIABLES MEAN MEDIAN KURTOSIS SKEWNESS  MINIMUM MAXIMUM
DEVIATION
EDPR
HISTORICAL 0.09349261 0.07865289 1 5.94569614 -0.366515 -7.8286627 6.19322131
VALUES

Table 7 - Descriptive Statistics of the EDPR historical daily returns from 01/061/2013 to 31/05/2021

By analyzing the EDPR historical daily returns data from 2013 until the June
2021, we can observe that our sample period has a lower average daily returns
and kurtosis and a higher skewness (Table 7 above). This suggests that, on
average, the returns generated during the sample period were lower daily
compared to the historical norm, indicating a deviation in the daily performance
between the sample period and the historical data. It can imply that the sample
period may have experienced relatively lower daily profitability or performance
compared to the historical period, so the selected period is having lower daily
returns than the average of the last 10 years. Also, the higher kurtosis in the
historical data suggests it may exhibit more significant deviations in terms of
extreme values, volatility, or non-linear patterns, and the skewness in sample
period may exhibit a relatively more balanced distribution, while the historical
data may have a more pronounced skewness in one direction.

The Mood Index, VPOS, VNEG and VTOT also displays a volatility of 1, means
of 0,70, 0,82, 0,27, and 0,86, respectively. The kurtosis values indicate that the
distribution have higher tails than a normal distribution and is leptokurtic
shaped, except for the VIOT variable in which the kurtosis is Platykurtic
distribution, meaning that the dataset has lighter tails and a flatter peak
compared to a normal distribution, having fewer extreme values and being more
dispersed. The skewedness is skewed towards the right and has a longer right
tales, meaning there is a greater frequency of higher values and that the variables
are non-normally distributed. The MOOD variable is skewed positively due to
the tendency for users to express more positive sentiment, as is showed in the
table 4 above, where 63 of 101 tweets are positive being only 9 negatives. In
addition, there are more significant positive events associated with EDPR like
earning announcements, successful campaigns like the acquisition, or more
favorable economic indicators after the Covid-19 pandemic, which can generate

a higher proportion of positive tweets. The heavy tailed kurtosis can be explained
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by the viral nature of Twitter in which it can amplify sentiments to more extreme
ones only by sharing or retweeting them.

When examining the impact of Twitter sentiment on stock returns, researchers
employ Pearson’s Correlation to determine if a linear relationship exists between
these two variables, and whether Twitter sentiment can be considered a
dependable predictor of changes in stock returns (Hamraoui & Boubaker, 2022;
Jahjah & Rajab, 2020). I will utilize Pearson’s Correlation to examine the
relationship between the variables CHANGE and VTOT, VPOS, and VNEG to
determine whether positivity and negativity are linearly related to daily stock

returns, and which sentiment has a greater influence.

CHANGE VTOT VPOS VNEG
CHANGE
PEARSON
1 0,054311284 0,041805797 0,03883488
CORRELATION
SIG. (2-TAILED) 0,956717037 0,966676499 0,969043384
VTOT
PEARSON
0,054311284 1 0,925126553 0,328484899
CORRELATION
SIG. (2-TAILED) 0,956717037 0,355514677 0,742734467
VPOS
PEARSON
0,041805797 0,925126553 1 -0,054701204
CORRELATION
SIG. (2-TAILED) 0,966676499 0,355514677 0,956406603
VNEG
PEARSON
0,03883488 0,328484899 -0,054701204 1
CORRELATION
SIG. (2-TAILED) 0,969043384 0,742734467 0,956406603

Table 8 - Pearson Correlation

Table 8 shows a positive correlation between VTOTAL, VPOS and VNEG in
relation to CHANGE implying that as the discussion grows, so does the stock
returns, regardless of sentiment., indicating a positive linear relationship.
However, the correlations observed (0,054, 0,042, and 0,039) are almost null, this
relationship is very weak, meaning that VTOTAL, VPOS and VNEG might have
a slight tendency to have a minor influence on daily returns or even no influence.
Additionally, the significance values (p-value) show that the observed
correlations are not statistically significant because the values (0,957, 0,967, and

0,969) are greater than 0,05, meaning that there is no meaningful association
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between these variables. This relationship is further tested using a multiple
regression.

It is important to note VPOS and VTOT correlation value (0,925126553) is very
high, indicating multicollinearity. This can lead to difficulties in the
understanding of the unique effects of these variables on the CHANGE variable,
and provide redundant, overlapping, or overfitting information, as well as
reduce the robustness of the statistical test estimations. This is explained by a
much higher proportions of the total tweets being considered positive tweets, so
the positive number of tweets does not provide much additional information

other than the data provided by the total number of tweets.

CHANGE
MOOD
PEARSON
CORRELATION 0,01802876
SIG. (2-TAILED) 0,98562582

Table 9 - Pearson's Correlation between MOOD and CHANGE

On the other hand, the Pearson’s Correlation coefficient between CHANGE
and MOOD of 0,01802876 (Table 9) is very close to zero, indicating a very weak
positive correlation or no linear relationship between the variables and that the
variable MOOD has a very low explanatory power in predicting daily returns.
The p-value is very high (0,98562582) suggesting no statistically significant

evidence of existing correlation between the variables.
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4.2. Main Results

REGRESSION STATISTICS
R SQUARE Adjusted R Square F-statistic P-value Durbin-Watson P-value
0,00344380 -0,002062 0,6255 0,5355813 1,8724 0,7499

Table 10 - Regression Statistics between CHANGE, VTOT, VPOS and VNEG

STANDARD

COEFFICIENTS T STAT P-VALUE
ERROR
INTERCEPT -0,005502521 0,052863217 -0,10409 0,91716
VTOT 0,102608949 0,1307254028 0,785 0,43301
VPOS -0,058546995 0,1381984140 -0,42364 0,67208
VNEG NA NA NA NA

Table 11 - Multiple Regression Model between CHANGE, VTOT, VPOS and VNEG

After proceeding to resolve the multiple regression between CHANDE,
VTOT, VPOS, and VNEG we achieve the results presented on table 9 and 10. The
low values of R Square and Adjusted R Square show the weak or negligible
relationship between the independent and the dependent variables and that daily
EDPR returns can be driven by other variables not included in the model. Also,
that the relationship between the variables might not be strictly linear which
causes the low value of the R Square. The F-statistic value and its corresponding
p-value indicate that the overall model is not a good fit for the problem and is
not statistically significant. So, the chosen independent variables don’t capture
adequately the factors influencing the EDPR daily returns. The Durbin-Watson
values suggest a presence of positive autocorrelation in the residuals, which is
not uncommon for time series data, specifically daily returns, which usually
exhibit market trends and influence of previous days returns. However, a
positive autocorrelation violates the assumption of independent errors, which
can lead to inadequate coefficient estimates an unreliable statistical inference.

In table 11, we can see this inadequate coefficient estimate happening in the
VNEG variable. Duo to singularities, most probably because of multicollinearity,
the values for this variable were not calculated. To circumvent this problem, I

tried three different approaches. First, I changed from an OLS regression to a
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Generalized Linear Model, which gave the same results. Second, I changed the
OLS regression to a polynomial regression, to try to dodge the nonlinearity
problem, which gave the same results. Finally, used a ridge regression, which is
a regularization technique, to mitigate the problems related to multicollinearity,
in which it gave us similar results as before. As seen in the table 12 below, the R
Square and Adjusted R Square value are still very low meaning the weakness of
the relationship between the variables which is corroborated by the very low
coefficients of the Intercept, VTOT, VPOS, and VNEG, which might not be the

best variables to explain the changes in EDPR daily returns.

COEFFICIENTS
INTERCEPT -0,00113317
VTOT 0,02113093
VPOS 0,01487079
VNEG 0,02153037
R SQUARED 0,002079324
ADJUSTED R SQUARE -0,006213646

Table 12 - Ridge Regression between CHANGE, VTOT, VPOS and VNEG

REGRESSION STATISTICS
R SQUARE Adjusted R Square F-statistic P-value Durbin-Watson  P-value
0,00032503614 -0,002428889 0,118026481 0,731383760 1,8911 0,1465

Table 13 - Regression Statistics Between MOOD and CHANGE

STANDARD
COEFFICIENTS ERROR T STAT P-VALUE
INTERCEPT 0 0,0524059 0 1
MOOD 0,01802875863 0,052477857 0,343549823 0,731383759

Table 14 - Regression Model Between CHANGE and MOOD

For the second equation between CHANGE and MOOD I obtained the results
in the tables 13 and 14 above. The results are very similar with the results of the
first regression: very low values of R Square and Adjusted R square meaning
MOOD have a weak or a null correlation with CHANGE (also shown in the
coefficients in table 14); the F-statistic p-value show the model is not a good fit
for the problem being MOOD not relevant to predict the daily stock returns; and
the Durbin-Watson is below 2 and shows a positive autocorrelation violating the
assumption of independent errors. These results show that the variables are not

strictly linear, and, because of that, this model is not the best fit. To avoid the
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nonlinearity of the variables I proceeded to change the OLS regression for a

Polynomial regression. The results are the one’s shown in the table 15 and 16

below.
REGRESSION STATISTICS
R SQUARE Adjusted R Square F-statistic P-value Durbin-Watson  P-value
0,003566 -0,00194 0,6477 0,5239 1,8707 0,1062

Table 15 - Polynomial Regression Statistics between MOOD and CHANGE

COEFFICIENTS ~ ° TSIIQITQ‘)“II;D T STAT P-VALUE
INTERCEPT -0,03586 0,06195 -0,579 0,563
MOOD -0,02209 0,06418 -0,344 0,731
(MOOD)A2 0,03596 0,03314 1,085 0,279

Table 16 - Polynomial Regression Model between MOOD and CHANGE

However, these results show that even calibrating the regression to avoid the
nonlinearity problem, the new model is still not a good fit, not globally relevant,
the variable relationship is still very weak or even zero, and there is still a positive

autocorrelation problem.

4.3. Discussion

According to the results, H1 is validated because there was not statistically
significance found between daily returns and the Twitter sentiment variables.
Between 1st of June 2021 and 1st of June 2022 it is not possible to predict EDPR
stock returns by analyzing the daily Twitter Sentiment.

Emotions are constructed psychological experiences that arrive from the
combination of cognitive appraisals, contextual factors, and conceptual
knowledge to a non-specific feeling state that people experience (Russel, 2003).
However, sentiment is not separate from reason, and guides our decision-making
process helping us make fast and intuitive judgments (Damaésio, 1995). The brain
generates predictions about incoming sensory information based on past
experiences and bodily sensations and updates them based on feedback received,
helping us correct cognitive bias (Barrett, 2017). The investors bias correction
differs from individual to individual, depending on which past experiences,

cultural and social norms, values, beliefs, practices, personality traits they have

25



which can affect the intensity, frequency, and duration of emotional experiences
(Barrett, 2017). Even though media and social media can shape and influence
attitudes, values, and emotional responses (Mesquita & Fridja, 1992). This is not
verified in this study, being one of the possible reasons the specific context of the
Portuguese investors and EDPR investors, which tend to have a long-term
investment horizon, a global perspective, are interested in sustainability, are
attracted by the growth potential of the company, and are willing to take risks,
as renewable energy stocks like EDPR are influenced by a wide range of factors.

The long-term investment horizon of EDPR investors can help explain these
findings. Renewable energy stock investors, in general, tend to be risk-seekers
due to the inherent risks associated with investing in a company dependent on
external factors such as legislation. Investors in these firms often hold their stocks
in portfolios for extended periods of time. Additionally, the consistent payment
of dividends by EDPR, along with its dividend yield, attracts investors with a
focus on long-term investments.

On the other hand, Twitter is a platform commonly used for short-term
interactions, which appeals to investors seeking quick profits. However, this type
of investor is not typical for EDPR, as institutional players make up around 96%
of the company's shareholder base(EDP Renoviveis, 2023a). Consequently, EDPR
is considered a robust company with steady net income, operating in a solid
energy industry (EDP Renovdveis, 2023b). The recent conflict between Ukraine
and Russia has further strengthened the energy market, causing energy prices to
rise. This has positively impacted EDPR, as evidenced by the significant increase
in daily returns when the war began. This highlights the resilience and solidity
of the company in such circumstances (Yahoo! Finance, 2023).

These conclusions corroborate the findings of Reboredo & Ugolini (2018)
where they found no useful information in Twitter sentiment to forecast prices of
renewable energy companies, such as EDP Renouvdveis. Though, goes against the
findings of Oliveira et al. (2017) who found predictive power of returns from
energy companies by analyzing Twitter sentiment. However, Oliveira et al. (2017)
study analyzes companies from big and non-concentrated indexes and markets,
which is the contrary of the EDPR context, who belongs to a concentrated and
small market like the Portuguese, being one of the reasons for H1 not being
rejected. Actually, studies that examine small and concentrated markets or

indexes tendency is to not find relationship between Twitter sentiment and stock
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returns. My findings validate Nisar & Yeung (2018) and Nofer & Hinz (2015)
results of no significant relationship found while using very similar regression
techniques, which are multiple and OLS regressions, and variables like the Mood
indexes and total number of positive and negative tweets, while analyzing
markets similar with the Portuguese market.

On one hand, Hamraoui & Boubaker (2022), analyzing a market similar to the
Portuguese one, very concentrated and with smaller companies, found predictive
power of sentiment in stock returns in some companies, but none of them where
energy enterprises, being every energetic firm considered to have no relationship
when investigating the correlation between Twitter sentiment and their returns,
corroborating our findings. On the other hand, EDPR is a company with few
analysts’ coverage and with posts with very little retweets, which according to
Gu & Kurov (2020) and Sul et al. (2017) are the firms with strongest predictive
power, going against my observation of Twitter mood having no forecasting
ability for predicting daily returns between 2021 and 2022 for EDPR stocks.

Furthermore, between the period studied there were several events that could
had led the decision-making process for more biased judgements. Quarterly
earnings announcements, the Covid-19 pandemic which led to economic
uncertainty as well as the economic recovery from this virus, the armed conflict
between Ukraine and Russia which had direct impact on the energy sector in
Europe with the embargo imposed in the Russian oil and petrol, limiting the
Portuguese energy supply and rising the energetic prices, and the disconnection
from the European power grid because of structural problems, resulting in
national energetic distribution problems, are some of the main events between
this period. The theory suggests investors are influenced by events that impact
the company or them directly, biasing their sentiment and their decisions
(Tetlock, 2007). In this case, the Twitter sentiment did not have influence even

/4,

when there was a known or “unknown” event on stock returns. This can be
justified because events have much more impact on investors who rely on
publicly available and cost-effective information, meaning individual investors.
EDPR stockholder structure is composed only by 4% of individual investors,
being the remaining percentage composed by institutional investors between
corporations and funds, justifying why events, even though the theory suggests

so, did not have influence in the relationship between Twitter mood and stock
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returns, because there is a very small ownership by individual investors (EDP
Renovduveis, 2023a).

Moreover, theory indicates the existence of bias and heuristics which can
influence trading strategies or the decision-making process. In our specific
Twitter case, my findings suggests that there is no influence of the Twitter
sentiment for investors to follow the trends (Hurst et al., 2017), to have herding
behavior and follow the crowd (Gigerenzer, 1991), for investors to fell pressure
to follow the opinions of their community or the people they follow on Twitter
that post about EDPR (Maitland & Sammartino, 2015), or to be influenced by
clickbait titles, the availability of the Twitter information, or the anchoring of the
posts, which could led for the decision -making process to not be as accurate as
investors think (Gurdgiev & O’Loughlin, 2020). Even though the study does not
analyze these biases directly, not finding relationship between the Twitter mood
and stock returns suggest that the one’s related to Twitter posts about EDPR does
not have much influence on the investors which rely on Twitter information. Once
again, these can be justified for the very small percentage of individual investors
existent on the stockholder structure of EDPR, because these investors are the
most influenced by these biases and heuristics for relying in more easy access

information and for having less financial literacy than the institutional investors.
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5. Conclusion

5.1. Main Conclusions

The goal of this thesis was to research the possibility of EDP Renovdveis stock
returns being predicted by analyzing Twitter sentiment. The methodology
applied was taken from Nisar & Yeung (2018) and the daily returns of EDPR were
employed to the sample period of 1st of June 2021 to 1st of June 2022. The results
suggests that neither the 101 tweet’s polarity about EDPR collected neither the
social mood index built from that data have impact in the variations of its daily
returns. The independent variables chosen revealed limited explanatory power
in predicting daily returns and the regression model had a lack of meaningful
explanatory power.

By focusing on the company EDPR, this study provides valuable insight into
the specific dynamics of sentiment and stock returns inside the Portuguese
market, a small and non-influent market, and the sector of renewable energies.
The results do not support the behavioral finance theory suggesting the investors
of the Portuguese market may not be influenced by sentiment, events, biases,
emotions, and heuristics, as other empirical evidence suggest.

This study adds to the growing body of research that casts questions on the
effectiveness of sentiment analysis in predicting stock market trends. It aligns
with previous literature that have suggested the limited practicality of using
Twitter sentiment to forecast stock prices and performances. By confirming these
findings, this study strengthens the existing evidence and enhances our
understanding of the role of sentiment in behavioral finance.

Moreover, the findings of this study carry implications for the wider scientific
community engaged in behavioral finance research. They challenge established
theories and models by raising doubts about the assumed impact of Twitter
sentiment on the dynamics of the renewable energy stock market. This study
encourages researchers to reconsider their assumptions and explore alternative
explanations for investor behavior and market outcomes. It also stimulates
further investigation into the complex interplay of psychological, economic, and

social factors that shape the decision-making processes of investors.
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5.2. Implications for Management

With the constant growing of sentiment analysis, there are some advice that
can be made to market players in order for them to be able to manage risks better
by considering the results of this thesis.

For investors and traders, they should recognize that, at least in a small market
like the Portuguese or at a renewable energy company like EDPR, there is limited
predictive power in forecasting the stock market through Twitter sentiment. Only
relying on sentiment analysis technics to make investment decision should never
be an option. However, incorporating other fundamental and technical analysis
tools alongside the sentiment analysis can be a beneficial way to make a better
financial decision. Also, investors should stay updated on new research around
this topic to gain a deeper and better understanding of the market dynamics.

On the other hand, financial analysts and advisors should acknowledge these
results and understand the shortcomings of sentiment analysis as a stand-alone
tool to forecast the market. When providing clients with their tips and
predictions, they should take in consideration that they need to provide more
comprehensive analysis which include other relevant factors. Thus, they should
highlight the importance of a diversified investment portfolio not only based in
sentiment-driven strategies, educate their costumers about the limitations these
strategies have, and encourage a balanced approach to investment decision-
making.

Market regulators like the CMVM, whose one objective is to promote the
transparency of the market, should disclosure the importance of being aware in
using sentiment analysis strategies for investment decisions, as well as its
limitations and potential risks. Additionally, the can take into account the
findings and consider implementing guidelines or regulations to ensure a
responsible and accurate use of sentiment-based strategies in the decision-
making process.

For the data providers or even the social media platforms which are constantly
growing popularity for research, they should enhance the accuracy of data
analysis by refining algorithms or incorporating contextual information into the
information provided. Besides, the creation of disclaimers and explanations of
the limitation and biases sentiment analysis can have to prevent

misinterpretation by market participants should be added. Collaborating with
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researchers to provide more insight of the actual benefits and reliability of

sentiment analysis in financial contexts might also be a favorable option.

5.3. Limitations

This thesis has several limitations that can affect the empirical evidence.
Firstly, the sample size of Twitter data is relatively small. This happens because
the method of tweets search was through cash tags ($EDPR and $EDPR.LS).
There might be many other tweets related to EDPR, but which were not
considered due to not having the cash tags in them. So, the sample collected may
not fully represent the sentiments and behaviors of the investor population. Also,
the presence of a lot of spam, irrelevant and neutral tweets can restrict the
generalizability of these findings. Additionally, the sentiment analysis might not
be accurate because the algorithm of Umigon has its limitations and biases while
interpreting sentiments. It is also important to acknowledge that there is a
nonlinear relationship between variables, so the chosen model might not be the
most appropriate one to obtain the best results.

Furthermore, this study only has in consideration sentiment variables
ignoring other contextual factors that, if analyzed simultaneously with these
sentiment variables, might confound the relationship between sentiment and
stock returns, like macroeconomics indicators or geopolitical events. This study
also is focused on a specific company, in a specific market, on a specific time
frame, some the findings ca nott be directly applicable to other companies,
markets, financial contexts, or even the same company in another timeframe,

being the unique characteristics of the study context considered.

5.4. Future Research

For future research, a larger and more diverse sample size from multiple
companies from the Portuguese market, multiple renewable energy companies
or multiple time periods can provide more comprehensive understandings and
enhance the generalizability. Moreover, more longitudinal analysis can help
capture trends, patters, and potential shifts in the influence of the sentiment in

the market.
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There should be investigation of this particular context but with different
techniques, algorithms, tools, data sources, like nonlinear models, cross-market
and cross-country analysis, to compare and evaluate the effectiveness of these
differences and help identify the most accurate and reliable approach. Also, the
use of other sentiment indicators, variables and market conditions can moderate

the relationship between sentiment and stock returns.
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Appendix

Number of Tweets per Day of the Week
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Graph 2 - Number of Tweets Made by Day of the Week. Source: Twitter Search API
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Graph 3 - Number of Tweets Made by Month. Source: Twitter Search API
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