ERASMUS UNIVERSITY ROTTERDAM
ERASMUS SCHOOL OF ECONOMICS
MSc Economics & Business

Specialization Financial Economics

The Impact of Investor Sentiment on Energy-Related Companies in
Times of Crises

Author: Bram van Lomwel
Student number: 508584

Thesis supervisor:  Dr. J.J.G. Lemmen
Second reader: Dr. J.C.M. Kil
Finish date: April 2023



Preface and acknowledgements

Writing this master thesis has been a though process, requiring hard work, dedication, and deep
interest in the subject of investor sentiment. In the beginning I spent a lot of time thinking and
developing the method, which did not generate a direct output for the thesis. This is a challenging
time in which it seems like you are not making any progress, but in reality, it lays the foundation
that makes writing the rest of the thesis a lot more pleasant. Now, a few months later and 77 pages

further, I can look back with pride on the end result.

Throughout this process, | have been fortunate to work with my thesis supervisor, Dr. J. J. G.
Lemmen, who provided valuable guidance and feedback. His insights, critiques, and suggestions

have been instrumental in shaping this work.

I would also like to extend my sincere gratitude to my family and girlfriend for their unwavering
support and belief in me, even during the most challenging moments of this journey. Their love,

encouragement, and helpful advice have been my anchor during this process.

The views stated in this thesis are those of the author and not necessarily those of the supervisor,
second assessor, Erasmus School of Economics or Erasmus University Rotterdam.



Abstract

The aftermath of the COVID-crisis had its impacts and caused a global energy crisis, which has
been accelerated by the Russian invasion of Ukraine on the 24™ of February 2022. This paper
studies the impact of investor sentiment on stock returns of Western energy-related companies
during this ongoing energy crisis and examines the role of the invasion. A panel data approach is
applied in which 426 companies and 69 weeks over September 2021 - December 2022 are
included. Interaction effects between investor sentiment and oil, gas, and coal returns are examined
to measure the impact on stock returns during these times in which commodity prices have risen
sharply. To illustrate these interaction effects, graphs are used that display the impact of investor
sentiment on stock returns, assuming the 25" percentile, median, and 75™ percentile values in the
sample distribution for oil, gas, and coal returns. The results provide evidence for a positive effect
of investor sentiment on stock returns during the energy crisis, assuming the three energy returns
between the 25" percentile and the 75" percentile values in the sample. In a short-term period of
one week before and seven weeks after the invasion, a negative influence of investor sentiment is
found, except when low values for gas returns are assumed. Sentiment has a different impact on
stock returns during a short and chaotic period around the invasion compared to a longer energy

crisis period, where sentiment adjusts to the circumstances.
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1. Introduction

Investor sentiment is a topic that has been widely studied by researchers. It is no longer a
surprise that the way how individual investors react has its effects on stock markets, the
challenge lies in how it should be measured (Baker & Wurgler, 2007). One way to measure
investor sentiment is by using market variables such as trading volume, IPO returns, net fund
flows or the put-call ratio. These variables can serve as indirect proxies (Finter et al., 2012).
This paper applies Google Trends to find out the effect of investor sentiment (Bijl et al., 2016;
Bank etal., 2011; Daetal., 2011; Jun et al., 2018; Preis et al., 2013). Google Trends is growing
as a big data source among researchers in a wide range of areas (Jun et al., 2018). One advantage
of this data source is that it can provide insights in the current interest of searchers and thus

measure the effect of sentiment in a direct way.

On the 24" of February 2022, Russia officially launched the Ukrainian “Special Military
Operation”, which turned out to be the start of the Russian invasion of Ukraine. More than a
year later, thousands of people have been killed by unnecessary purposes. Apart from these
dramatic effects of the war, serious economic problems are arising worldwide. These problems
are recognized by ECB President Christine Lagarde: “The Russia-Ukraine war will have a
material impact on economic activity and inflation through higher energy and commodity
prices, the disruption of international commerce and weaker confidence.” (CNBC, 2022). The
invasion has caused a global energy crisis with record highs for the price of natural gas, and oil
prices hit their highest level since 2008 (IEA, n.d.). These records are partly the result of a
negative energy supply shock after several countries imposed sanctions against Russia (BBC,
2022). However, vice chairman of S&P Global, Daniel Yergin, states that the current global
energy crisis already started in late summer of 2021 (Yergin, 2022). In this period, most
countries ceased COVID-19 lockdowns, resulting in high energy demands. These demands
could not be met by supplies, which caused increasing energy prices. As a result, individual
investors react by trading on stock markets. Therefore, this paper investigates to what extent
investor sentiment has played a role on stock returns during the ongoing energy crisis. The main

research question is as follows:

“What is the impact of investor sentiment on Western energy-related stock returns in 2021 -
2022 during the global energy crisis?”



Answering the research question through this research can lead to a broader knowledge on the
role of investor sentiment during crises. This study is the first to link these subjects to the current
energy crisis and the recent events that took place between Russia and Ukraine. In addition, this
paper uses a direct measurement of investor sentiment by means of Google Trends. Not many
studies focus solely on energy-related companies. By doing so, the most relevant effect can be
examined as individual investors have become more interested in these companies due to the
arisen energy crisis. Rationally, investor sentiment should not affect stock prices as it should
be based merely on company valuation. It is already known that in practice this is not the case.
Therefore, measuring how investors react on certain events can be very insightful. When a
significant effect on stock prices is measured, changes in stock market regulation could be

implemented.

This paper uses a panel data approach of 426 companies over 69 weeks from September 2021
to December 2022 to find out the effect of investor sentiment on stock returns. Weekly
Cumulative Abnormal Returns (CARs) are calculated as a proxy for stock returns, a sentiment
indicator that subtracts the average Google Search VVolumes of positive search terms from the
average of negative search terms is used to measure the market-wide investor sentiment.
Interaction effects between this sentiment indicator and oil, gas, and coal returns mainly
determine the central outcome of this research. To analyze these interaction effects as accurately
as possible, figures are used that show the effect of investor sentiment on stock returns when
assuming the 25" percentile, median, and 75" percentile! values in the sample distribution of

oil, gas, and coal returns.

Although the current literature often points to a negative effect of sentiment on stock returns,
this research finds contradictory results. Assuming oil, gas, and coal returns between the 25t
percentile and the 75" percentile values in the sample distribution, a positive effect of investor
sentiment on stock returns is found during the first period of the ongoing energy crisis
(September 2021 - December 2022). Moreover, a negative effect is found during a shorter
window of nine weeks around the Russian invasion of Ukraine (February 13, 2022 - April 16,

2022), except when low values of gas returns are assumed. In addition, the impact of investor

1 The 25 percentile is the value at which 25% of the oil, gas, and coal returns in the sample lie below that
value, and 75% above that value. The median is also known as the 50™ percentile. At the 75" percentile, 75%
of the returns in the sample lie below that value, and 25% above.



sentiment differs between regions and over time; the impact is bigger in the US than in the EU
and bigger in the post-invasion period (February 20, 2022 - December 31, 2022) than before
the invasion (September 5, 2021 - February 19, 2022). An increase in trading volumes in the
post-invasion period is found. However, no significant results are found on the effect of investor

sentiment on trading volumes.

The remainder of this thesis is divided into different chapters. In Chapter 2, an overview of the
existing literature relative to investor sentiment, Google Trends data, and the outbreak of the
Russia-Ukraine war is given and discussed. Subsequently, the hypotheses are formulated.
Chapter 3 provides a description of the data process and discusses the descriptive statistics of
the final dataset. Next, Chapter 4 describes the applied methodology of the paper. Chapter 5
contains the results of the conducted tests, on which is concluded in Chapter 6 in combination

with the limitations and recommendations of this paper.



2. Literature Review

This chapter focuses on the existing literature that is relevant for the study. First, a detailed view
into the theory of investor sentiment is given in Section 2.1. Most papers in this section use
more classical ways of measuring sentiment. In this paper, the big data source Google Trends
is used to measure the market wide sentiment. Literature relative to Google Trends will
therefore be discussed in Section 2.2. Next, Section 2.3 provides some insights on the stock
market reaction after the Russian invasion of Ukraine. For each section, a summary of the
findings is given in a meta table. Finally, the hypotheses can be formulated based on the

discussed literature in Section 2.4.

2.1 Investor sentiment

Investor sentiment is the central topic of this paper. It has been a topic of interest in the field of
finance for many years. Therefore, it is important to discuss several papers that have contributed

to the understanding of investor sentiment and its role in financial markets.

According to the Efficient Market Hypothesis, stocks should trade on their fair value, and it is
impossible to generate alpha (Fama, 1970). Prices should quickly adjust to reflect new
information and eliminate any mispricings. In practice, there have been several market bubbles,
such as the Dotcom bubble, that show that stocks do not always trade on their fair value. These
bubbles are predominantly caused by sentiment. Black (1986) explains investor sentiment using
noise. Investors trade inefficiently on noise as if it is information. De Long et al. (1990) notice
that sentiments from noise traders lead to deviations in stock prices from their fundamentals,
even when there is no fundamental risk. Baker and Wurgler (2006) define investor sentiment
as optimism or pessimism about stocks in general. They argue that during a bubble, there is a
high tendency for investors to speculate on stock prices due to the subjectivity of their
valuations. For investor sentiment to affect stock valuation, three assumptions have to be made,
according to Brown and CIiff (2005). First, a subset of investors makes biased asset valuations.
Second, these biases need to be persistent. Third, there are limits to arbitrage that hinder
individual investors to exploit the asset mispricing. They find that periods of positive investor
sentiment are associated with below-average returns in the following months, and vice versa.
Schmeling (2007) agrees on this negative relationship between individual sentiment and future
stock returns. He distinguishes between individual sentiment and institutional sentiment and
finds that institutions are better at forecasting. Institutional sentiment takes expected individual

sentiment into account, which leads to an expected mean-reversion in stock prices instead of



trend continuation. Schmeling (2007) refers to high or low investor sentiment as periods of high
overoptimism or overpessimism but does not draw the difference between positive sentiment
and negative sentiment. Tetlock (2007) does make this distinction by examining the relationship
between the media and stock market performance. His findings indicate that media pessimism
tends to put downward pressure on market prices, followed by a reversal to fundamentals.
Additionally, unusually high or low pessimism predicts increased trading volumes. Corredor et
al. (2013) analyze investor sentiment in four key European stock markets and find that investor
sentiment has an influence on stock returns, varying in intensity across markets. The results are
sensitive to the choice of the sentiment proxy. Finter et al. (2012) zoom in on the German
market by constructing a sentiment indicator based on several well-known sentiment proxies.
Stocks that are difficult to arbitrage and hard to value are most sensitive to this indicator, but
they cannot find much predictive power of sentiment for future stock returns. Many of these
studies that investigate the relationship between stock returns or -volatility and investor
sentiment tend to ignore using lagged returns in their models. Past returns can provide
information for investors to trade. Wang et al. (2006) find that the forecasting power of
sentiment indicators on stock volatility significantly shrinks when lagged returns are added to
the model. Lagged returns are the variables that cause volatility. In fact, these returns Granger-

cause sentiment proxies rather than the other way around.

Barber and Odean (2008) focus on investor attention and find that individual investors are
attention-based buyers. Individual investors are net buyers of stocks that grab their attention as
it is difficult to pick a stock from all the available options. Fang and Peress (2009) are inspired
by the paper of Barber and Odean (2008) and perform a relatable research based on media
attention. They find a negative impact of media attention on stock returns, even after controlling
for multiple approved risk factors. However, this paper focuses on investor sentiment rather
than investor attention. Investor sentiment refers to the emotional state of investors, which can
be influenced by macroeconomic circumstances such as economic conditions and political
events (Baker & Wurgler, 2006). Investor attention refers to the level of interest that investors
have in a particular stock, and this can be determined by factors like media coverage and
company performance (Barber & Odean, 2008). Because this paper aims to show the effect of
the energy crisis and the Russian invasion, which are macroeconomic events that heavily

influence investors’ emotions, sentiment gives a better overall indication than attention.



Since this paper examines the role of investor sentiment for energy-related companies, it is
important to add energy-related literature. Most literature measures investor sentiment in
energy markets rather than in energy-related companies. Deeney et al. (2015) expand sentiment
to energy markets and create a five-part sentiment index for oil based on that of Baker and
Wurgler (2006) and demonstrate that sentiment partially influences oil prices during 2002-
2013. Du et al. (2016) show that investor sentiment helps determining the fluctuation of oil
prices, as well as those of gasoline, heating oil, and the stock prices of oil companies.
Additionally, positive sentiment predicts subsequent high returns in oil prices, particularly over
the long term, while negative sentiment is associated with subsequent low returns. They
distinguish between nominal and real oil prices as inflation can heavily influence nominal
prices. This distinction yields similar results. Apergis et al. (2018) investigate the other way
around and test whether energy prices influence investor sentiment. Their findings suggest that
there is a significant impact from both the crude oil and the natural gas price on investor
sentiment. Mezghani et al. (2021) belong to the rare papers that discuss investor sentiment in
the energy sector and focus on China, but they cannot find any significant effect of sentiment

onreturns. In Table 1, an overview of the discussed investor sentiment-related articles is shown.

Table 1: Overview of literature on investor sentiment

Author(s) Time  Region Method Results

(Publication period

year)

Fama (1970) 1957- US Efficient Market Model Extensive evidence that markets are
1962 efficient

De Longetal. 1990 uUs Overlapping generations Noise traders create deviations in stock

(1990) model of an asset market with  prices from fundamentals

two-period-lived agents

Brown & CIliff 1963- us Survey data for sentiment, Sentiment affects asset valuation.

(2005) 2000 Fama and French portfolios for  Future returns are negatively related to
returns, linear regression sentiment

Baker & 1962- US Sentiment index with six Negative relationship between

Wurgler 2001 components, time series sentiment and returns for high-risk

(2006) regression stocks

Wang et al. 1990- US Time series regression with Sentiment is caused by returns and

(2006) 2001 lagged volatility volatility rather than vice versa




Schmeling 2001- EU, Survey data for sentiment, time  Individual sentiment proxies for noise
(2007) 2006 USA, series regression, 1V regression trader risk. Institutional sentiment
Japan proxies for smart money
Tetlock (2007) 1984- US Sentiment based on WSJ Media pessimism predicts downward
1999 column, VAR and OLS pressure on prices followed by a
regression reversion to fundamentals, unusually
high/low pessimism predicts high
trading volumes
Barber & 1991- US Time series regression Individual investors are attention-
Odean (2008) 1996 based buyers
Fang & Peress 1993- US Fama-MacBeth (1973) Negative impact of media attention on
(2009) 2002 regression, OLS regression stock returns
Finter et al. 1993-  Germany  Sentiment index with well- Not much predictive power of
(2012) 2006 known sentiment proxies, time  sentiment for future stock returns.
series regression
Corredoretal. 1990- EU Baker & Wurgler (2006) Sentiment has an influence on stock
(2013) 2007 sentiment index, VAR returns, varying in intensity across
regression markets and sentiment indicator
Deeney etal.  2002-  World- Oil sentiment index with 5 Sentiment influences WTI and Brent
(2015) 2013 wide proxies, OLS regression future prices
Du et al. 1986- US Baker & Wurgler (2006) Sentiment negatively explains the
(2016) 2010 sentiment index, OLS movements in oil prices.
regression
Apergisetal.  1965- US Baker & Wurgler (2006) Crude oil and natural gas price impact
(2018) 2015 sentiment index, quantile investor sentiment.
regression
Mezghani et 2012-  China Sentiment through Google No significant effect of sentiment on
al. (2021) 2020 Trends, OLS regression energy-related firm returns

2.2 Google Trends

Google Trends is growing in popularity in contemporary research (Jun et al., 2018). In this

paper, this search engine is used as a proxy for investor sentiment as well. As investors’ interests

are immediately visible through Google Trends, it can serve as a direct measure of sentiment.



Below, scientific papers on the use of Google Trends as a measure of investor sentiment are
highlighted.

The lack of predictive power of sentiment indicators as proposed by authors such as Finter et
al. (2012), can be solved by using Google Trends as a proxy for investor sentiment (Preis et al.,
2013). Preis et al. (2013) use a set of 98 search terms regarding the current state of stock markets
to construct a trading strategy. They find that Google search query volumes can be interpreted
as a sign for stock market movements and suggest that these signs could have been used as
profitable trading strategies during the period 2004 to 2011, retrospectively. However, this
study has some biases that are recognized by Challet and Ayed (2013). They state that it is
important to include a set of random keywords unrelated to finance to clearly point the effect
of finance related keywords and find that a strategy based on these random keywords does not
underperform a strategy based on finance related search terms. Other studies show that Google
Search Volumes are a direct proxy for investor attention (Preis et al., 2010; Da et al., 2011,
Bank et al., 2011) and they can influence the trading activity and stock liquidity in the German
stock market (Bank et al., 2011). Increasing trading volumes occur when search volumes
increase, and vice versa (Preis et al., 2010). Bordino et al. (2012) show a similar correlation
using Yahoo! as search engine. Apart from that, high Google Search Volumes could lead to
positive returns in the short term as well, followed by a price reversal after this period (Da et
al., 2011; Bank et al., 2011). The price reversal in the long run corresponds with Bijl et al.
(2016) who find that Google Search Volumes tend to have a negative impact on stock returns.
The return-related findings from Bank et al. (2011), Da et al. (2011) and Bijl et al. (2016) are
based on search terms related to investor attention rather than sentiment. All in all, Google
Trends can serve as a direct proxy for investor sentiment. This can give additional insights in
sentiment, apart from measuring sentiment with classic indirect proxies as described in Section
2.1. An overview of the abovementioned Google Trends-related articles can be found in Table
2.

Table 2: Overview of literature on Google Trends

Author(s) Time Region  Method Results

(Publication  period

year)

Preis et al. 2004- US Firm-specific search volumes, Positive correlation between GSV and
(2010) 2010 Time lag-dependent trading volumes

autocorrelation, pattern

conformity analysis




Bank et al. 2004-  Germany Firm-specific search volumes, Positive correlation between GSV and
(2011) 2010 panel regression approach trading activity, GSV positively
influences future returns in short run,
price reversal for longer periods
Daetal. 2004- US Firm-specific search volumes, Higher SVI predicts higher stock
(2011) 2008 VAR regression, OLS regression prices in the short run, eventual price
reversal in one year
Bordinoetal. 2010- US Firm-specific search volumes, Trading volumes are correlated with
(2012) 2011 time-lagged cross-correlation search query volumes
Preis et al. 2004- US Finance related search volumes,  GSV can be interpreted as sign for
(2013) 2011 constructed trading strategy stock market movements, could have
been used as profitable trading strategy
Challet & 2004- US Keyword related search Several biases in Preis et al. (2013),
Ayed (2013) 2012 volumes, time series strategy on random keyworks does not
underperform finance related strategy
Bijl et al. 2008- US Firm-specific standardized GSV have a negative impact on stock
(2016) 2013 search volumes, VAR regression  returns
Jun et al. 2004-  World-  Analysis on 657 Google Trend Google Trends research has increased
(2018) 2017 wide related studies dramatically and can be used in a wide

range of areas

2.3 Impact of the Russian invasion on global stock markets

The Russian invasion of Ukraine has been a big factor in the current energy crisis. Since the
war is still going on and the invasion took place recently, little research on the effect of the war

is available. A few papers are discussed below.

Stock markets have been hit hard by the occurring circumstances in Ukraine (Patel et al., 2022;
Boungou & Yatié, 2022; Federle et al., 2022). According to Patel et al. (2022), the Russian
invasion on the 24™ of February 2022 had a strong negative impact on most stock markets,
especially on the Russian market. The aggregate stock market analysis shows a significant
negative influence in the short term on the event day and post event days. Boungou and Yatié
(2022) agree on the negative influence of the war and document a large impact during the first
two weeks after the invasion. The global reaction diminished in the weeks that followed. The

authors also find that countries bordering Ukraine and Russia show the biggest effects, as well



as UN member states that demanded Russia to stop the offensive in Ukraine. This implicates
that geographical location could play a role in the stock market reaction. In fact, Federle et al.
(2022) show that countries closer to Ukraine, react more negatively in a four-week window
around the start of the war. Even within countries, firms located closer to Ukraine perform
worse than more distant companies. They find a 1.1 percentage points increase in equity returns

each 1,000 kilometers of extra distance. In Table 3, an overview of the discussed papers in this

section is displayed.

Table 3: Overview of literature on the stock market reaction of the invasion

Author(s) Time Region Method
(Publication  period
year)

Results

Boungou &  Jan22 - Worldwide Panel data regression
Yatié (2022) Mar 24,
2022

Big negative effect of the war on global
stock indices, countries bordering
Ukraine and Russia, and UN member

states show the biggest effects

Federleetal. Feb10- Worldwide Geographic proximity

1.1%-point increase in equity returns

(2022) Mar 10, analysis on the invasion, each 1,000 kilometers of extra distance
2022 event study, OLS regression  from Ukraine

Patel et al. Feb 17- Worldwide Event study Strong negative impact on most stock

(2022) Mar 3, markets, significant negative influence
2022 in the short term

2.4 Hypotheses

Based on the discussed literature in this chapter, the hypotheses for this study can be formulated.
Much energy-related literature on investor sentiment focuses on the energy market rather than
on energy-related companies. Energy prices have risen due to the COVID-19 aftermath and the
Russian invasion of Ukraine (Yergin, 2022). Apart from these macro-economic events, it is
insightful to test whether investor sentiment has played a role in determining the energy prices
in this period. Du et al. (2016) find that positive investor sentiment predicts high oil returns.

Therefore, Hypothesis 1 is as follows:

Hi: Investor sentiment positively influences energy returns during the energy crisis (September
2021 - December 2022).

10



This means that when sentiment is positive, energy returns are expected to increase. September
2021 is used as the start of the energy crisis since Yergin (2022) mentioned late summer of
2021 as the starting period. To answer this hypothesis, the three most common energy sources

are investigated. Therefore, Hypothesis 1 can be split into three sub-hypotheses:

Hia: Investor sentiment positively influences oil returns during the energy crisis (September
2021 - December 2022).
His: Investor sentiment positively influences gas returns during the energy crisis (September
2021 - December 2022).
Hic: Investor sentiment positively influences coal returns during the energy crisis (September
2021 - December 2022).

Most important in answering the research question is testing whether investor sentiment has an
impact on Western energy-related stock returns during the energy crisis and what sort of impact.
Literature gives evidence for a positive impact of investor sentiment in the long run (Tetlock,
2007). However, this does not outweigh the papers that find a negative relationship (Schmeling,
2007; Brown & CIiff, 2005; Fang & Peress, 2009, Da et al., 2011; Bank et al., 2011; Bijl et al.,
2016). Based on these findings, Hypothesis 2 can be formulated:

H2: Investor sentiment negatively influences stock returns of Western energy-related companies

during the energy crisis (September 2021 - December 2022).

Apart from stock returns, it is interesting to test whether investor sentiment has its impact on
trading volumes during the energy crisis. It is likely that investors start trading in response to
the rising energy prices and the fear of future energy shortages. Multiple papers find a positive
correlation between investor sentiment and trading volumes (Tetlock, 2007; Preis et al., 2010;

Bordino et al., 2012). Hence, Hypothesis 3 is as follows:

Hs: Investor sentiment positively influences trading volumes of Western energy-related

companies during the energy crisis (September 2021 - December 2022).

The Russian invasion of Ukraine has had a major impact in the energy crisis. From that moment,
it became clear that there would be a big shortage of energy if Russia ceased to be a supplier.

Global stock markets have fallen sharply right after the invasion (Patel et al., 2022; Boungou
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& Yatié, 2022; Federle et al., 2022). It will be investigated if investor sentiment has played a
role in the short term around the Russian invasion of Ukraine on the 24" of February 2022.
Google Search Volumes are positively correlated to stock returns in the short term (Da et al.,
2011; Bank et al., 2011). This leads to Hypothesis 4:

Ha: Investor sentiment positively influences stock returns of Western energy-related companies

in the short run around the invasion of Ukraine (February - April 2022).

The impact of the war on stock markets is bigger in countries that are closely located to Russia
(Boungou & Yatié, 2022; Federle et al., 2022). Since this research takes all Western (i.e.,
Europe and US) energy-related companies into consideration, a difference of investor sentiment

on European and US companies can be made in Hypothesis 5:

Hs: The impact of investor sentiment on stock returns of Western energy-related companies

during the energy crisis (September 2021 - December 2022) is bigger in Europe than in the US.

As several news channels claim, the Russian invasion was the main cause of the current energy
crisis (IEA, n.d.; Gaffen, 2022). Therefore, there will be tested if this event on the 24" of
February 2022 was a turning point for the impact of investor sentiment on stock returns and the

trading volumes of energy-related companies in Hypothesis 6 and Hypothesis 7:
He: Investor sentiment has a bigger impact on stock returns of Western energy-related
companies after the start of the invasion than before the start of the invasion (from September

2021).

Hz: Trading volumes of Western energy-related companies are higher after the start of the

invasion than before the start of the invasion (from September 2021).
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3. Data

This study examines the effect of investor sentiment on the stock price regarding Western public
energy-related companies during the current energy crisis and the Russian invasion of Ukraine.
For this research, multiple sample period are used. The sample period for the energy crisis runs
from September 5, 2021, to December 31, 2022. In addition, the impact of investor sentiment
on stock returns is analyzed in a smaller period around the Russian invasion of Ukraine for
Hypothesis 4. This period spans one week before and seven weeks after the invasion, covering
a short-term window from February 13, 2022, to April 16, 2022. Moreover, the invasion is used
as a turning point for the effect of investor sentiment on the stock returns and the difference in
trading volumes for Hypotheses 6 and 7. The pre-invasion period includes Weeks 1-24 in the
sample, spanning from September 5, 2021, to February 19, 2022. The post-invasion period
includes the week in which the invasion took place (Week 25) and lasts until Week 69, covering
the period from February 20, 2022, to December 31, 2022.

To find all energy-related companies, a data selection has to be constructed. First, all firms from
the energy sector are put into the dataset. Apart from the energy sector, this research includes
the utilities sector as well. In this sector, different sub-industries like electric-, gas-, water- and
multi-utilities are active. Besides, the growing interest in renewable energy is covered within
this sector. Including these sub-industries can give the research broader insights than by solely
focusing on the energy sector. In Table 4, the Global Industry Classification Standard (GICS)

of the sectors and sub-industries used for this study is shown.

This study contains Google Trends, Datastream and Investing.com data. These three
components are merged into one dataset. The sample selection is mainly based on the data
available from the Datastream database, since this database includes the most complete data for
the research. Datastream distinguishes between industries in a slightly different way than the
GICS classification. In total, companies from five different industries are included in the
research:

1. Alternative energy

2. Electricity
3. Gas-, water-, and multi-utilities
4. Qil and gas producers
5. Oil equipment and services
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The companies from these five industries will be referred to as energy-related companies. In
addition, a geographical specification must be made for the sample. The aim of this study is to
measure the effect of the energy crisis and the Russian invasion of Ukraine as precise as
possible. Therefore, the countries most affected by these events are considered. Since Russia
has exported 80% less natural gas to EU countries since the outbreak of the war (IEA, 2022),
these EU countries are certainly included in the study. However, the United Kingdom — not part
of the EU — has also banned Russian oil (James & Maclellan, 2022). Therefore, all European
countries are included. In addition, the US cannot be forgotten with its strict and powerful
sanctions against Russia (BBC, 2022). Thus, the dataset will contain companies from both
European countries and the US. These will be referred to as Western companies. In Sections
3.1-3.3, the data collection is given for the dependent variable, the independent variable and the

control variables. Section 3.4 provides the descriptive statistics of the final dataset.

Table 4: GICS of the Energy and Utilities Sector

Sector Industry Group  Industry Sub-Industry

Oil & Gas Drilling
Energy Equipment & Services 10101010

101010 Oil & Gas Equipment & Services
10101020
Integrated Oil & Gas
10102010
Energy | Energy Oil & Gas Exploration & Production
10 1010 10102020
Oil, Gas & Consumable Fuels Oil & Gas Refining & Marketing
101020 10102030
Oil & Gas Storage & Transportation
10102040
Coal & Consumable Fuels
10102050
Electric Utilities Electric Utilities
551010 55101010
Gas Utilities Gas Utilities
551020 55102010
Multi-Utilities Multi-Utilities
Utilities | Utilities 551030 55103010
95 5510 Water Utilities Water Utilities
551040 55104010

Independent Power & Renewable | Energy Traders

Independent Power Producers &

Electricity Producers 55105010
551050 Renewable Electricity
55105020
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Table 4 includes the Global Industry Classification Standard (GICS) for the sectors chosen for the
research. These are divided in Columns (1)-(4) from sector to sub-industry. Source: S&P Global Market

Intelligence, 2018.

3.1 Investor sentiment data

Investor sentiment is measured by means of Google Trends. Google Trends is a widely used
data platform in research (Jun et al., 2018). With Google Search Volumes (GSV), the number
of searches for certain keywords can be determined on a scale of 0 to 100 compared to the
average interest in the same keyword. Google Trends only contains daily data for a period
shorter than nine months. This has no negative influence, direct effects of Google Search
Volumes on the stock returns are difficult to measure by daily data. Therefore, weekly data is
used. Weeks last from Sunday to Saturday at Google Trends. The first week starts on Sunday
September 5, 2021, the last week ends on Saturday December 31, 2022. This gives a total of 69
weeks from which Google Search Volumes are measured. For the research, positive and
negative keywords are used to measure the sentiment as accurately as possible. The words can
be related to the war, the current state of the economy, the COVID/energy crisis, or just normal
words that can express a positive or negative feeling as suggested by Challet and Ayed (2013).
In total, 94 different search terms are used, 47 positive and 47 negative words (see Appendix
A). Afterwards, a sentiment index is created that represents the average of the Google Search
Volumes of all positive sentiment related terms minus the average of all negative sentiment
related terms. This leads to an indicator that varies over time within the range of [-100;100].
The bigger the indicator, the more positive investor sentiment is. The formula for the sentiment

indicator is shown in Formula 1.

(1) GSV; = Average GSV (positive), — Average GSV (negative);

3.2 Stock price data

Daily stock price data from September 5, 2021, to December 31, 2022, is taken from
Datastream. Partly because the Google Search Volumes are taken on a weekly basis, returns
are taken weekly as well. This is done by calculating weekly CARs after performing multiple
steps. First, daily returns are calculated using daily stock prices obtained from Datastream
(Formula 2).

Dit

it—1

2) Ri,t =
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These returns represent the actual returns. Companies with more than 40 missing returns in total
or companies with more than four consecutive missing returns (weekends excluded) are
dropped after this step. All steps in the data filtering process can be reviewed in Appendix B.
Because the Russian market was closed for almost a month right after the Russian invasion, all
Russian companies are dropped as well. After this, expected returns are calculated by applying

the traditional CAPM model (Formula 3). This model consists of a risk-free rate (r¢), a
company-specific beta (8,) and a market risk premium (73, — 7). These components all depend

on whether the company is based in the US or the EU. For US-companies, the 10-year T-bond
is taken as a risk-free rate, and the S&P500 is used as benchmark. For the EU-companies, the
risk-free rate is represented by the German 10-year bond and the STOXX600 is used as
benchmark. These risk-free rates and benchmarks are obtained from Investing.com. The
company-specific beta is calculated by using Formula 4. For the betas, an estimation window
of [-250;-4] regarding the start of the Russian invasion of Ukraine on February 24, 2022, is
used. The start of this window is -250 since this is approximately one trading year before the
event. The end of the estimation window is -4, as on the 21% of February 2022, Vladimir Putin
gave a speech on television in which he informed the country that he had ordered his troops to
perform “peacekeeping duties” in southeast Ukraine after recognizing the Ukrainian territories
as independent (The Guardian, 2022). This can indicate the start of trading behavior from
individual investors. The end of -4 is one trading day before Putin’s speech and cancels out this
noise around the event. For the betas, the benchmarks are used depending on the country of

origin as well.

3 E[Rie] =17 + B, * (i — 77)
cov (1 i)
var(r,)

4 B; =

After the expected returns are calculated, daily Abnormal Returns (ARs) can be measured by

subtracting the expected returns from the actual returns (Formula 5).
(5) ARt =Ry — E[Ri,t]
The weekly CARs are obtained after adding all ARs from a specific week (Formula 6). Since

stock markets are closed on weekends, a standard week consists of 5 trading days. In some

weeks other non-trading days occur (due to