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STRESZCZENIE

Rola nastrojow inwestorow w moderowaniu wplywu szokow

egzogenicznych na ceny akcji

Lukas Udo Honecker

Problem badawczy podjety w niniejszej dysertacji dotyczy roli nastrojow inwestorow
w ksztattowaniu cen akcji w czasie szokow egzogenicznych. Badanie ma na celu
poglebienie wiedzy na temat znaczenia specyficznych dla przedsigbiorstw nastrojow
inwestorow opartych na zmiennych rynkowych jako moderatorow wpltywu szokow
egzogenicznych na ceny akcji. Szokami egzogenicznymi analizowanymi w tej pracy sa
trzy istotne wydarzenia, ktére mialy miejsce podczas wybuchu i poczatkowego
rozprzestrzeniania si¢ pandemii COVID-19 w 2020 r.: (1) ogloszenie pierwszego
potwierdzonego pozytywnego przypadku COVID-19 w USA, (2) ogloszenie COVID-19
jako stanu zagrozenia zdrowia publicznego w USA oraz (3) oficjalna deklaracja
Swiatowej Organizacji Zdrowia o COVID-19 jako globalnej pandemii. W badaniu
wykorzystano dane 367 amerykanskich spotek wchodzacych w sktad indeksu S&P 500.
Skonstruowano dzienny wskaznik nastrojow inwestordw przy uzyciu analizy glownych
sktadowych zmiennych rynkowych. Przeprowadzono badanie zachowania indeksu
nastrojow inwestoréw w okresie od stycznia 2019 r. do kwietnia 2020 r. i oceniono jego
doktadno$¢ predykcyjng dla dziennych stop zwrotu z akcji. Przeanalizowano réwniez
nietypowe zwroty 1 zmienno$¢ otaczajaca badane zdarzenia przy uzyciu metodyki analizy
zdarzen, modeli GARCH 1 testéw nieparametrycznych. Wyniki wskazujg, ze nastroje
inwestorow cechowaly si¢ odmiennymi wzorcami zmian w poszczego6lnych sektorach,
z zsynchronizowanymi spadkami w okresie wokot szoku egzogenicznego. Badanie
wykazato wystepowanie przyczynowosci typu Grangera miedzy ogdlnym wskaznikiem
nastroju inwestorow a dziennymi zwrotami z akcji. Ponadto stwierdzono znaczne réznice
w skumulowanych  ponadnormatywnych zwrotach miedzy przedsigbiorstwami

owysokich 1 niskich poziomach nastrojow inwestoréw, zwlaszcza podczas



poczatkowego szoku, co sugeruje wplyw nastrojow inwestorow na zwroty z akcji. Nie
zaobserwowano jednak analogicznego moderujacego wpltywu nastrojow inwestorow na
zmienno$¢ cen akcji. Wyniki te sugeruja, ze cho¢ nastroje inwestoréw wplywaja na
wrazliwo$¢ cen akcji na nieoczekiwane szoki zewnetrzne, nie tagodza jednak efektu
zmienno$ci. Badanie dostarcza praktycznych informacji na temat roli nastrojow
inwestorow w okresach szoku zewnetrznego i1 podkre§la znaczenie miar nastrojow

opartych na zmiennych rynkowych.

Stowa kluczowe: nastroje inwestorow, czynniki egzogeniczne, finanse behawioralne,

zmiennos¢ cen akcji, S&P 500



ABSTRACT

The Role of Investor Sentiment in Moderating

the Impact of Exogenous Shocks on Stock Prices

Lukas Udo Honecker

The research problem investigated in this thesis concerns the role of investor sentiment
in shaping stock prices during exogenous shocks. In particular, the study aims to
deepen the understanding of the role of market-based company-specific investor
sentiment in moderating the impact of exogenous shocks on stock prices. The
exogenous shocks analyzed in this thesis are three significant events that occurred during
the outbreak and initial spread of COVID-19 in 2020, which are (1) the announcement of
the first confirmed positive COVID-19 case in the U.S., (2) the declaration of COVID-
19 as a public health emergency in the U.S., and (3) the World Health Organization’s
official declaration of COVID-19 as a global pandemic. The research utilizes data from
367 US companies, constituents of the S&P 500, and constructs a daily investor sentiment
indicator using principal component analysis of market variables. It analyzes the
development of the investor sentiment indicator over the period from January 2019 to
April 2020 and evaluates its predictive accuracy for daily stock returns. The study
analyzes abnormal returns and volatility surrounding these events using event study
methodology, GARCH modeling, and non-parametric tests. The findings indicate that IS
exhibited varying movement patterns across different sectors, with synchronized
downturns during the period of external shock. The study revealed Granger causality
between the overall sentiment indicator (OSI) and daily stock returns. Additionally,
significant differences in cumulative abnormal returns were found between high- and
low-IS firms, especially during the initial shock, suggesting that IS influences stock return
reactions. However, no corresponding moderating effect of IS on stock price volatility
was observed. These results imply that while IS impacts stock prices’ sensitivity to

unexpected external shocks, it does not mitigate the effects of volatility. The study offers



practical insights into the role of IS during periods of external shock and emphasizes the

importance of market-based sentiment measures.

Keywords: investor sentiment, exogenous shock, behavioral finance, stock market
volatility, S&P 500
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CHAPTER 1
INTRODUCTION

“Psychology is probably the most important
factor in the market — and one that is least

understood.”

— David Dreman

Even though famous investor David Dreman's quote dates back to 1977, it is still largely valid
today. Just like psychological factors expressed on the stock market through the beliefs,
expectations, and, as a result, behaviors of investors were challenging to grasp back then, they
remain so in many respects today. In particular, the connection between the increasingly
observable, collectivist-irrational behavior of investors and the resulting market movements has
attracted considerable attention in recent years (Marker, 2021), rendering the classic Expected
Utility Theory, according to which only return and risk are price-forming factors, ad absurdum

(RoBbach, 2021).

The reasons for the increased occurrence of collectivist-irrational behavior are manifold. Not
only the significantly simplified access to the stock market via so-called “neo-brokers”, some
of which provide fast and easy access to the world's financial markets as an application on a
smartphone to anybody in the world, the increase in algorithmic trading strategies but also the
growing role of social media platforms, which enable a faster and less filtered transmission of
emotions and sentiment by a wide variety of influencers at a subjectively ever-increasing speed
(Li et al., 2023), are important trends in the recent years. At the latest, with the “hype”
surrounding the shares of video game retailer GameStop in 2020 (New York Times, 2021), in
which numerous individual investors agreed on concerted short squeezes on the internet
platform Reddit, forcing many short sales by institutional investors to be liquidated, it became
clear that the topic of investing no longer only reaches a limited target group of informed
investors but appeals to a broad, sometimes more and sometimes less informed “mass” of
people. The term “dumb money”, describing the title of a movie about the collective GameStop
short squeeze (New York Times, 2023), shows that investing in the financial markets is no
longer purely rational, but in some cases highly emotionalized. Increasing herd behavior

without rationally discernible reasons, ignoring fundamental data in favor of rumors or trends,
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or rapid price movements without clear reasons are the symptoms of this development (Lyocsa

etal,2022; Lietal., 2023).

In addition to concerted actions, other situations make the influence of emotions on the financial
markets particularly visible. An example is a so-called exogenous shock situation. These are
sudden, unexpected, exogenous events that were not anticipated by investors and players
in the financial markets and, therefore, could not be priced in rationally and at an early
stage (Horn, 2022). Various events in the recent past, such as the outbreak and spread of
COVID-19 starting in 2019 or the escalation of the war in Ukraine due to Russia's full-scale
invasion in 2022, and their impact on global stock markets show that financial market players
react excessively to such news in a short period (Figure 1), without there initially being a
rational and obvious basis for this (McKinsey, 2021). It can be deduced from such situations
that emotions play an (increasingly) important role in determining at least part of the impetus

on the financial markets.

The emotional expectation of an investor, whether positive or negative, can be described with
the generic term investor sentiment. Due to the increase in sentiment-driven behavior in the
financial markets, a better understanding of how emotions arise and how they work, both in
general and specifically when certain events occur, is essential today and in the future. Investors
who want to operate successfully in the financial markets in the future must first understand
factors influencing the emergence of positive or negative investor sentiment and, second, the

role investor sentiment plays in stock price movements and the volatility of securities.

However, measuring investor sentiment remains a complex challenge. Many existing
approaches have limitations, such as a lack of data quality, methodological weaknesses, or

insufficient integration of psychological aspects.
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This dissertation aims to identify these gaps, identify approaches to accurately measure investor
sentiment, and add important new insights to the existing literature, particularly on the role of
investor sentiment when exogenous shocks occur. By integrating modern financial theories and
advanced statistical methods and considering multidimensional influences on investor
sentiment, this dissertation seeks to address existing gaps in the current research literature and
provide further research impulses for future studies. By focusing the study on the companies
included in the S&P 500 index, it can be ensured that the results can be used as a basis for future

research due to the broad availability of data and acceptance of the index as a research subject.

1.1 Motivation & Research Gap

The motivation for this dissertation are three relevant aspects that have not yet been sufficiently
examined in previous research. First, a reliable operationalization of investor sentiment is still
missing. The topic of investor sentiment has been represented in academia since the 1960s, at
least in its first preliminary forms, such as “noise”, as a field of research in the context of
behavioral finance (although this term was not coined until a later date) (Black, 1986). While
“classical” financial research, based on the rational behavior of homo economicus,
predominantly deals with causally logical and thus rationally explainable behavior of financial
market participants, behavioral finance increasingly pursues the measurement of irrational
behavior (RoBBbach, 2001). Measuring this irrational part of the behavior of financial market
players, in contrast to the supposedly rational part determined according to “theory,” is
challenging and has not been clarified in science for a long time. Accordingly, numerous
research approaches are circulating on the operationalizability and, thus, predictability of
investor sentiment. Many studies have linked their approach to measuring investor sentiment
with an attempt to prove a causal forecast relationship with the development of security or index
prices. Indeed, if it can be proven beyond doubt that investor sentiment can be used to draw
conclusions about future price trends, this would have a lasting effect on the behavior of

“informed” financial market participants.

However, precisely this “unambiguous” operationalization poses challenges for academics. In
particular, the multivariate factors that exist in reality and influence the further price
development of a security make it difficult to operationalize. As will be shown in a later chapter,
various research approaches have been developed that exhibit correspondingly different levels

of predictive accuracy in different market situations. Even though investor sentiment is already



the subject of intensive research, the question of a reliable operationalization of investor

sentiment remains not entirely answered.

This dissertation is intended to contribute to the operationalization of investor sentiment. On
the one hand, it tests the suitability of an already introduced sentiment indicator in a new context
and, on the other hand, supplements it with a new proposal for the aggregated consideration of

individual sentiment indicators.

Second, the role investor sentiment plays in investor decisions in the context of exogenous
shocks, such as the COVID-19 outbreak, has not yet been fully uncovered. The role of investor
sentiment in the occurrence of numerous and diverse exogenous shock situations has already
been analyzed extensively using a wide variety of approaches. It has already been proven that
emotions play a greater and more significant role than in “normal” times, especially when
sudden, unexpected events occur (e.g., Sun & Shi, 2022). Of particular interest, especially in
the case of exogenous shock situations, is the fact that the cause of the sentiment cannot be
clearly explained yet. While more recent sentiment research increasingly distinguishes between
emotional, sentiment-driven behavior and (supposedly) “irrational” behavior based on
“rational” reasons such as a rational reaction to increased uncertainty or risk (Lee & Ryu, 2024),
this distinction is hardly possible immediately after a shock situation, as investors react fast and

immediately.

Even though the effect of investor sentiment in the wake of exogenous shocks has already been
researched in general, such an analysis has not yet been sufficiently conducted for the outbreak
and spread of COVID-19 in 2019 and the first half of 2020. So far, little is known about investor
sentiment development during this period or the influence of investor sentiment development
on the share prices of individual companies. In particular, little attention has been paid to the
behavior of investor sentiment on a daily and company-specific level and the moderating effect
of investor sentiment on the occurrence of abnormal returns following shock events in the wake
of COVID-19. It could be that companies with a particularly positive sentiment, even during a
negative, exogenous shock, subsequently suffer lower cumulative negative returns than
comparable companies with an initially more negative sentiment. The question, therefore, arises
as to whether investor sentiment has a “protective” effect on the security prices of companies
after an exogenous shock situation, i.e., whether the direction or intensity of sentiment impacts
the return of a stock. This dissertation seeks to address this research gap with an in-depth
examination of the course and influence of investor sentiment during events related to COVID-

19.
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Third, the effect of events during the COVID-19 outbreak on individual companies' stock prices
and stock price volatility has not yet been intensively investigated. Although studies indicate
that the volatility of overall markets and broad indices increased, a more detailed analysis of
individual companies in these markets has not yet been carried out. In many studies examining
the effect of shocks on stock price volatility, stock price volatility itself is seen as a sign of
uncertainty in the markets. It is, therefore, used as a sentiment indicator but not as a research
object at the individual company level. In addition, the impact of significant events in the wake
of COVID-19 on the stock prices of individual companies has not yet been sufficiently
researched. The question of whether cumulative abnormal returns occurred in the course of the
COVID-19 pandemic for individual companies has not been conclusively answered
comprehensively. This dissertation will contribute to the growing literature by using a proven
approach to measuring stock price volatility changes following unexpected events in the new
context of COVID-19 and analyzing the occurrence of abnormal returns after different events

in the context of COVID-19.

Better knowledge and broader insights into investor sentiment would have numerous
implications for various target groups: Researchers will be enabled by the new findings to better
understand the emergence, impact, and role of investor sentiment, especially during shock
situations. For investors in the financial markets, more profound insights into rational and
behavioral mechanisms have even more far-reaching implications. New insights into the change
in investors' emotionally-driven behavior due to the effect of sentiment as a behavioral factor
will enable them to increase the resilience of their portfolios by providing better protection
against sudden shocks. In addition, this target group has the opportunity to make strategic
investment decisions and portfolio allocations based on a better understanding of possible
influencing behavioral factors and thus to make successful investment decisions even in years
of economic losses (such as in 2020, when the global economic growth was -4.3% due to the
outbreak of the COVID-19 pandemic (World Bank, 2020)). In particular, the impact of shock
situations on stock prices and stock price volatility can impact the strategies of holders of
derivative instruments, such as warrants in terms of risk management. However, it can also
provide new approaches for short-term trading potential. Overall, knowledge of the mode of
action and interaction of rational and emotional behavior increases. In addition, the dissertation
contributes to the growing literature on COVID-19 and its implications. Consequently, the
research problem in this thesis is the role of investor sentiment in shaping stock prices

during exogenous shocks.
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1.2 Research Aim and Research Questions

Derived from the research gaps as described in theoretical chapters and by employing a robust
framework of scientific theories, methodologies, and insights from previous studies, the
research problem will be investigated further. The primary aim of the study is to deepen the
understanding of the role of company-specific investor sentiment in moderating the
impact of exogenous shocks on stock prices. This is done by analyzing company-specific
sentiment measurement, impact on stock prices, and implications, with a special focus on
behavior and impact during exogenous shocks. Several aspects contribute to achieving this

primary goal. They are expressed in the following research questions.

The first aspect serves to deepen the understanding of the research problem in a systematic and
structured way. To this end, it is first necessary to gain an overview of the theoretical
foundations that form the basis for the further analysis of the research problem in order to
determine the further research framework for investigating the other research questions and the

further procedure with regard to the methodologies to be used.

Research Question 1 (RQ1): What are the theoretical foundations of the research

problem?

Building on Research Question 1, the previous research literature also needs to be examined to
establish the current state of knowledge. The main empirical findings need to be summarized
as the basis for developing a further approach to the research problem. An understanding of the
empirical findings from previous research makes a decisive contribution to shaping the research

hypotheses and thus determining exactly which relationships should be investigated.

Research Question 2 (RQ2): What are the results of previous studies concerning the

research problem?

The next aspect delves into the complex task of accurately measuring investor sentiment daily
and on a company-specific level. It involves a thorough and detailed examination of how

investor sentiment can be quantified, considering the complexity of company-specific factors.

The dissertation’s ambition is to identify or confirm reliable methods and indicators that capture
the nuances of sentiment within this context. Chapter 2.4; Chapter 4.2, and Chapter 4.3 will
answer the research question, resulting in a suitable sentiment methodology framework derived

from a detailed overview of existing approaches.
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Research Question 3 (RQ3): What are the suitable methods of measuring investor

sentiment on a daily and company-specific basis?

Another goal of the dissertation is to examine the validity of a selected market-based approach
to measuring investor sentiment, particularly in forecasting stock prices’ performance. This
involves assessing whether investor sentiment, when measured through market indicators and
aggregated from firm-specific sentiment data, can be a reliable predictor of how a market index
will perform in the future. By doing so, the dissertation seeks to provide empirical evidence
that could support or challenge existing market-based models. This research question will be

answered in Chapter 6.2.

Research Question 4 (RQ4): Is investor sentiment measured using a market-based

approach a reliable predictor of future security performance?

The next research question builds a bridge between the measurement of investor sentiment and
the research aim. In order to analyze the role of investor sentiment in moderating the impact of
exogenous shocks on stock prices, the choice of the correct research methodology is essential.
The choice of a suitable research method is based on the theoretical foundation in combination

with previous research approaches and findings.

Research Question 5 (RQS5): What is the most suitable IS calculation method for
investigating the role of investor sentiment in moderating the impact of exogenous shocks

on stock prices?

Another significant focus and goal of the dissertation is understanding the effects of exogenous
shock events, such as the COVID-19 pandemic, on investor sentiment. The dissertation
investigates how such unexpected events influence the development and the course of investor
sentiment across different companies and sectors while analyzing the factors contributing to
differences or similarities. In addition, the impact of exogenous shocks on the occurrence of
cumulative abnormal returns and the development of the volatility of securities will be
examined. At the same time, the question will be answered as to whether investors anticipated
essential events during the COVID-19 outbreak or whether they led to a “shock” for investors
and the stock markets. The goal is to uncover patterns and insights that inform future responses

to similar crises. Research Question 5 is discussed in more detail in Chapter 4.2.

Research Question 6 (RQ6): How do exogenous shocks, like the COVID-19 pandemic,
impact investor sentiment, stock prices, and stock price volatility across companies and

sectors?
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Research Question 6 deals with the concrete role of investor sentiment in stock prices’ changes
during the COVID-19 pandemic outbreak and its consequences for investor behavior. In
particular, the question is to be answered as to whether high (low) sentiment immediately before
the shock situation occurs has a positive (negative) influence on stock returns following the
shock. The analysis wants to reveal whether sentiment plays a critical role in price fluctuations
during these periods and how it might interact with other market forces. This research question

will be answered in Chapters 6.1, 6.3, and 6.4.

Research Question 7 (RQ7): What is the role of investor sentiment in stock prices’ changes

during the COVID-19 pandemic outbreak?

Over the course of the outbreak and spread of COVID-19, new information unexpected by
investors was released at various times. Strictly speaking, the COVID-19 pandemic is a
concatenation of shock situations. Such a course of events has so far been insufficiently
researched in the study of shock situations. The question arises about whether connections and

effects can be identified when looking at the links between the shock situations.

This dissertation aims to shed light on the role and impact of investor sentiment through an
isolated examination of individual events and to draw conclusions about interactions between

exogenous shocks. This research question will be answered in Chapter 6.5.2.

Research Question 8 (RQ8): Are there any patterns in investor response to pandemic-

related events?

The mentioned gaps in the current scientific analysis of investor sentiment are to be closed, on
the one hand, by expanding the data sources to include daily, company-specific sentiment
values and, on the other hand, by analyzing investor sentiment in greater depth at this level in
the context of exogenous shock situations during the COVID-19 outbreak and spread. In
addition, a sectoral weighting and summary of the companies under consideration allow
conclusions to be drawn at this aggregated level about similarities and differences in the effects
of investor sentiment in different sectors. These findings can be compared with the development
of investor sentiment at the company-specific level. Research Question 8 will be answered in

Chapters 6.1.3, 6.1.4, and 6.3.2.

Compared to many other scientific studies, this study adds value by calculating investor
sentiment using a range of market-based indicators, rather than assuming it based solely on

major price movements following unexpected events. This approach, which incorporates
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insights from behavioral finance and financial psychology, enhances transparency,

comparability, and offers deeper insights into the factors influencing sentiment.

The research questions of this dissertation are summarized in Table 1.

Table 1. Summary of Research Questions

Research Questions Chapters

RQ1: What are the theoretical foundations of the research | 2.1%*; 2.2%*; 2.3%; 2.4%*

problem?

RQ2: What are the results of previous studies concerning the | 2.3%; 2.4*; 2.5%; 2.6*

research problem?

RQ3: What are the suitable methods of measuring investor | 2.4%; 4.1*; 6.2.1*

sentiment on a daily and company-specific basis?

RQ4: Is investor sentiment measured using a market-based | 3.1; 4.3*; 5.1.3; 6.2*

approach a reliable predictor of future security performance?

RQ5: What is the most suitable IS calculation method for | 4.2*
investigating the role of investor sentiment in moderating the

impact of exogenous shocks on stock prices?

RQ6: How do exogenous shocks, like the COVID-19 | 3.2; 3.3; 4.4; 4.5; 5.1;
pandemic, impact investor sentiment, stock prices, and stock | 5.2;5.3;6.1; 6.3%; 6.4*

price volatility across companies and sectors?

RQ7: What is the role of investor sentiment in stock prices’ | 3.4; 5.4%*; 6.5*
changes during the COVID-19 pandemic outbreak?

RQ8: Are there any patterns in investor response to pandemic- | 6.1.3%; 6.1.4%; 6.3.2*

related events?

Notes: * Chapters directly answering RQ.

Source: own compilation.

By addressing these comprehensive research questions, the dissertation aspires to expand the
theoretical understanding of investor sentiment and offer practical value to various stakeholders

in the financial markets, including institutional and private investors, financial analysts, and
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policymakers. The ultimate goal is to contribute significantly to the field of behavioral finance
by providing a deeper insight into the human elements of financial decision-making, thereby

laying a foundation for further research in this area.

1.3 Structure of the Dissertation

The dissertation is divided into seven chapters: (1) Introduction, (2) Theoretical Foundation and
Literature Review, (3) Hypotheses Development, (4) Methodological Foundations, (5)
Research Design and Data Collection, (6) Investor Sentiment and Stock Prices during COVID-
19 Outbreak: Empirical Study and (7) Conclusions and Limitations. The contents of the
chapters build on each other and systematically work towards answering the research questions

presented.

Chapter 1 explains the background of the dissertation. By explaining the gap in current research,
and the motivation for this study, research questions to be answered in the investigation are

derived. Based on the research questions, the general structure of the dissertation is described.

Chapter 2 provides an overview of the economic theories relevant to this dissertation. First, the
concept of the “economic man”, which builds the foundation for almost any neoclassical
economic model, will be briefly discussed. This is followed by a more detailed look at the
concept of market efficiency as a foundation for modern finance theory. In contrast to the
assumption of an equal distribution of information, the principal-agent theory, explained
afterwards, describes the phenomena that occur when there is an unequal share of information
between market participants. Then, a literature review of previous research on the impact of
exogenous shocks on the financial markets is presented. The concept of investor sentiment is
derived, the historical development of empirical research on the topic is examined, and the
underlying assumptions and theories are discussed. In addition, previous developments and
findings of behavioral finance on investor sentiment are presented and placed in relation to

exogenous shock situations.

Chapter 3 derives the hypotheses for the empirical study from a synthesis of the previous

scientific findings on investor sentiment and the research questions of this dissertation.

Chapter 4 provides a scientific and methodological overview of the econometric and statistical
methods applied in this study. First, various types of sentiment indicators are discussed in detail.
Then, based on the indicators' characteristics, advantages, and disadvantages, the sentiment

indicator used for this study is selected. Subsequently, the construction of the chosen sentiment
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indicator, in which several econometric methods are used, is discussed in detail. The Granger
test for causality, the event study, and the GARCH model methodologies are then described in

more detail, and test procedures used for significance testing are discussed.

Chapter 5 describes the specific procedure for calculating the relevant data for further
hypothesis testing. Based on the econometric methods described in Chapter 4 and the derivation
of the specific methods to be used, Chapter 5 first describes how the sentiment indicator for the
present study was calculated. Further details on the calculation of the final indicator show which
calculation operations were necessary for which sequence. When selecting the test procedure,
it is also shown which methods were initially used to check if the sample fulfills the necessary
assumptions. The last two sections of Chapter 5 describe the methodology and specific
calculation of the volatility analysis and the procedure for measuring the moderating effect of

investor sentiment in the wake of exogenous shocks.

Chapter 6 presents the key results of the empirical analysis as part of the dissertation. The most
important descriptive statistics of the aggregated and sectoral sentiment indicators are first
described, providing an overview of their behavior. Then, the results of detecting the Granger
causality between S&P 500 index returns and investor sentiment are described, the findings on
the significance of the abnormal returns and abnormal volatilities are summarized, and, finally,
the outcomes of the moderating role of IS during exogenous shocks are revealed. Based on
these results, a reference to theoretically derived hypotheses is made. Furthermore, in Chapter
6, results are interpreted, discussed, and placed in the context of the COVID-19 pandemic. The
last section deals with the most important implications of the results for further research into
the effects of investor sentiment and with conclusions for private or institutional financial
market investors. The final Chapter 7 summarizes the dissertation's results based on the research

questions and points out the most critical limitations of the study.

This dissertation provides a substantial contribution to both theory and practice in the field of
behavioral finance. It provides evidence on the behavior of investor sentiment and stock prices
in response to exogenous shocks. The COVID-19 pandemic outbreak provided a unique
opportunity to empirically analyze the behaviour of these variables during an exogenous shock

in this natural experiment framework.

Furthermore, by empirically demonstrating how company-specific investor sentiment

moderates the effects of exogenous shocks on stock price behavior and volatility, the study

27



extends existing sentiment theories into an unprecedented empirical context. The research
contributes theoretically by bridging the gap between sentiment-driven behavior and market
reaction under crisis conditions, thereby refining the understanding of investor decisions within

financial market dynamics.
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CHAPTER 2
THEORETICAL FOUNDATION AND LITERATURE
REVIEW

Chapter 2 outlines the theoretical foundation of this study, offering clear definitions of key
elements and an in-depth exploration of the underlying concepts. Additionally, it provides
information on how these theories are applied in research practice to date. In addition to the
economic theories of Homo Oeconomicus, efficient markets, and the principal-agent theory,
which are relevant to this study, a significant focus of Chapter 2 is on the topics of exogenous
shocks, investor sentiment, and the COVID-19 pandemic, as the main pillars of the current
dissertation. Lastly, the S&P 500 Index, as the basis for the sample in the current study, and the
Global Industry Classification System, used in the study to analyze sector-related sentiment

development, are characterized.

2.1 Concepts of Behavioral Finance in Contrast to Classic and Neoclassical Economic

Theory

The scientific discipline of economics and finance is based on fundamental theories and
assumptions about the behavior of market participants and markets. When looking at these
phenomena in empirical terms and based on recent research, it becomes clear that such
theoretical assumptions only have limited validity in reality. In the following section, the
concept of the “economic man”, which builds the foundation for almost any neoclassical
economic model, will be briefly characterized, followed by a more detailed look at the concepts
of efficient markets and information efficiency as models of modern finance theory. In contrast
to the assumption of an equal distribution of information, the principal-agent theory is outlined
afterward, describing a concept of unequal distribution of information between market
participants. In addition to these concepts, the area of behavioral finance, including the most

critical assumptions and theories, will be summarized subsequently.

2.1.1. Homo Oeconomicus

The Economic Man or Homo Oeconomicus is one of the most essential concepts of neoclassical

economic theory. Homo economicus is described as a “rational actor who always makes their
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decisions based on complete information and always tries to maximize own utility”
(Kirchgéssner, 2008). The foundations of the concept go back to 1776, when Adam Smith
published his essay on “The Wealth of Nations”, where he describes individuals being
motivated by maximizing their utility, leading to a perfect resource allocation in a free market
(Smith, 1776). Also, according to Bentham’s concept of utilitarianism, released a few years
later in 1789, maximizing pleasure and minimizing pain as the two ‘“sovereign masters” of

nature are the main drivers of human behavior (Bentham, 1789).

The concept of the Homo Oeconomicus or “economic man” itself has then more concretely
been developed by John Stuart Mills in the late nineteenth century. However, he never used this
term himself (Persky, 1995). Mills described people in simplified terms as human beings with
four specific interests: accumulation of wealth, leisure, luxury, and procreation (Persky, 1995).
The term “economic man” was first used by Ingram and Keynes in 1888 and 1890 (Persky,
1995), describing humans as “money-making animals” or as driven “solely by the desire for
wealth” (Persky, 1995). Early on, therefore, the description of economic man was not only
about maximizing individual utility but also very specifically about maximizing wealth - a
postulate that can quickly be transferred to the securities market, which is the focus of the
current study. Alfred Marshall (1890) and Vilfredo Pareto (1906) finally manifested the
economic man by formalizing the principles and transferring them into concrete financial and

mathematical models (Marshall, 2009).

As mentioned above, the neoclassical concept of Homo Oeconomicus is based on three

99 ¢¢

characteristics: “rationality,” “complete information,” and “utility maximization”.

Rationality of Market Participants

The principle of rationality is closely linked to the economic man model and a fundamental
pillar of economic theory in general, particularly in the context of microeconomic decision
theory. There are numerous definitions of the term rationality itself - also because the term can

be used and discussed in different ways depending on the context in which it is used.

Gosepath (1992), for example, uses the term rationality to refer to behaviors, opinions, desires,
etc. that are “well-founded”. However, he points out that “well-founded” also requires a
definition. He therefore distinguishes between formal and substantive concepts of rationality

depending on whether the basis of the reasoning can also be (transculturally) rationally justified.
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Herbert Simon distinguishes between rationality in the neoclassical-economic sense and
rationality in cognitive psychology. Cognitive psychology assumes that a rationally acting
individual makes a “reasonable” decision against the background of the available knowledge
and context. In contrast, neoclassical economic theory equates a rational decision with utility

maximization (Simon, 1986), taking into account the available information.

Consequently, the principle of rationality linked to the concept of Homo Oeconomicus states
that individuals consistently and diligently incorporate all information that becomes known to
them, including knowledge about the change of macroeconomic variables, changes lying within
a company, and also the knowledge about alternatives into decision-making without a time lag
and based on their individual preferences (Simon, 1972). According to Simon, theories on
rationality can be divided into normative or descriptive concepts, depending on whether the aim
is to describe a normative behavior derived from theory or whether the actual observed behavior
of individuals, for example, is to be described. Furthermore, individual and organizational

rationality can be distinguished (Simon, 1972).

In the context of this dissertation, the focus is on the rationality of individual market
participants. Based on the theoretical concept, every new information about changes in
macroeconomic variables can be measured in the resulting capital market prices, in theory,
without a time lag. In this context, the rational behavior of market participants does not only
incorporate the current situation of a company, but also, in particular, the (individual)
assessment and expectation of the future situation of the company (Fama, 1970; Eden et al.,
2022). The editor of Borse Online, Hans G. Lindner, says that the stock exchange "as an
investment market almost exclusively evaluates the future” (Wirtschaftslexikon24, 2020). This
is the only way to explain a robust and momentum-driven movement of share prices as a result
of supply and demand. If shareholders only ever evaluated the current situation of a company,

large price jumps would only be conceivable in a few cases (Fama, 1970).

The Principle of Complete Information

The concept of complete information, which is often applied in game theory, assumes that
individuals have all knowledge about their own preferences, options, and objectives as well as
the same information for all other individuals, allowing them to set the best strategy to
maximize their personal outcomes (Hunt & Zhuang, 2024). In other words, this means that on
the one hand, individuals have all available information transparently available and, on the other

hand, they fully incorporate this information into their decision-making process. Stigler (1961)

31



already refers to the term “complete knowledge” when describing the theoretical situation that
would help workers to find their perfect employment based on their individual preferences.
However, due to “imperfect knowledge”, in reality, this scenario is not applicable. Other
essential works and studies, i.e., by von Neumann and Morgenstern (1944) on strategic
interaction based on complete information (Von Neumann & Morgenstern, 2007), by Arrow
(1963) on the role of information in economics (Arrow, 1996), by Akerlof (1970) on the
implications of incomplete information for market mechanisms and market failure and Stiglitz
(2002) on information asymmetries in markets, examined the concept of complete information.
Their implications for the market participants and economic policy approaches to support
market efficiency contributed to the concept of complete information in its empirical
application, and found evidence that, in reality, incomplete information or asymmetric
information distribution occurs in many cases. Derived from the fundamental postulate of
complete information, various other concepts, i.e., the Efficient Market Hypothesis (EMH) or
the Principal-Agent-Theory, were developed or concretized. Both concepts are central to the
event study methodology applied in this dissertation, which is why the concepts are described

in more detail in sections 2.1.2 and 2.1.3.

The Principle of Utility Maximization

Utility is a measure of satisfaction. As consumption increases, total utility rises but marginal
utility decreases. So, the additional satisfaction derived from the next additional unit of a good

is decreasing (Mankiw, 1998).

The principle of utility maximization states that an individual will always act in a way that
maximizes their total utility (Kahneman & Thaler, 2006). With a given budget restriction, an
individual will therefore always decide in such a way that the chosen combination of a set of

goods with given prices returns the maximum utility (Samuelson, 1948).

The concept of the economic man stands in contrast to the occurrence of sentiment, as it
postulates a strict formation of expectations based on fully transparently available information
(Wang, 2001). It does not consider the fact that individuals can interpret information differently
and, therefore, arrive at a different decision and, thus, different behavior even with identical
availability of information. These differences may be expressed through factors such as
personal risk tolerance, loss-bearing capacity, and behavior in uncertainty (Kahneman &

Thaler, 2006). Similarly, sentiment plays a role in this information-processing process. This
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dissertation also seeks to further explore the impact of investor sentiment during specific market

conditions.

2.1.2 Efficient Capital Markets & Information Efficiency

The concept of efficient capital markets is based on the principle of rationality, supplemented
by considerations regarding the distribution of information on the capital markets between the
supply and the demand side. Even though the first theories and concepts date back to the 16th
century (Sewell, 2011), Fama's work on “efficient markets” in 1970 and two studies by
Samuelson in 1965 and 1973 laid the foundation for the “efficient market hypothesis” (EMH),
which is still valid today (Samuelson 1965; Fama, 1970; Samuelson 1973; Sewell, 2011). Up
to this point, there were two prevailing theories on price formation in the (capital) markets. On
the one hand, it was assumed that conclusions about future developments could be drawn by
analyzing historical price trends. On the other hand, in contrast, the random walk theory stated
that future price developments are random, independent of past price developments and

inherently unpredictable (Fama, 1965).

The theoretical basis of Fama’s “efficient market hypothesis™ is the assumption derived from
the concept of rationality, share prices always reflect a company’s current (financial) state to
create the basis for an efficient allocation of resources for all market participants. This enables
companies to make investment decisions that maximize their benefits, while shareholders
acquire shares at a price that takes all information about a company into account. “A market in
which prices always ‘fully reflect” available information is called ’efficient’ (Fama, 1970). In
a case of an efficient market, ’even if all the available information were shared with all the

market participants, the price of a security would remain unchanged” (Malkiel, 1992).

In conjunction with the random walk theory, it can be deduced from this postulate that all
available information is already considered in current prices. Conversely, only new, future
information is to be included during the stock price formation. From this, it can be deduced that
even uninformed or poorly informed market participants with a broadly diversified portfolio

can achieve an average market return (Malkiel, 1989).

In his article, Fama distinguishes between strong, semi-strong, and weak information efficiency
(Fama, 1970). The foundation of this categorization already goes back to works from Roberts
on the analysis of stock markets (Roberts, 1959; Roberts, 1967), but has been popularized by
Fama (1970) (Williams, 1999). Weak information efficiency exists if only the data on historical
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price trends were equally transparently available to all market participants. In this case, an
excess return from a technical analysis of the price trends would no longer be possible since the
current prices already consider all the information from this analysis in their current amount
(Fama, 1970; Held, 2004). Semi-strong information efficiency would exist if only all publicly
available information on securities were equally available to all actors in the financial market
(Fama, 1970). In this case, achieving an excess return from the analysis of fundamental data in
addition to technical analysis would no longer be possible since all insights from fundamental
data analysis have already been incorporated into the security price. Finally, strong information
efficiency exists if all publicly available and private information (i.e., only known within a
company; by internal stakeholders) becomes available to all market participants immediately

after it arises (Fama, 1970).

If the concept of strong information efficiency were applicable in reality, the concept of investor
sentiment would not be useful. In this case, all actors in the market would include all available
information, i.e., all overt as well as covert information, in their decision-making and rationally
adjust their expectations immediately (according to the principle of rationality). Investor
sentiment is based on the assumption that irrational views and behaviors occur, making
deviations in preferences possible. Strong information efficiency would still imply that all
market participants would prefer individually chosen companies to other companies, but this
preference would be exactly the same for all market participants. Consequently, an over- or
under-return would no longer be possible; the return expected from the market corresponds to
the equivalent of the investment risk. The concept of “investor sentiment” therefore assumes at
most the occurrence of semi-strong information efficiency. The event study method can be used

to test this form of information efficiency empirically (Fama, 1965; Fama, 1970).

In the meantime, numerous studies have examined the information efficiency of different
markets and under different macroeconomic conditions (i.e., Kim & Shamsuddin, 2008, for
different Asian markets; Abdmoulah, 2010, for the Arabian market). Realizing that the efficient
market hypothesis can be empirically refuted under many conditions ultimately led to the
emergence of behavioral finance (Sewell, 2011). Sewell concludes his review of previous
studies on the EMH, stating that the EMH is “strictly speaking false” but “in spirit profoundly
true” (Sewell, 2011). As such, EMH describes rather a theoretical situation which constitutes a

reference point to analyze the extent of market inefficiencies.

In connection with the concept of information efficiency and the efficient market hypothesis,

according to Fama (1970), Beaver (1981) introduced an adapted approach, considering a finer
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subdivision of the different types of information efficiency and taking into account different
"beliefs" of the investors, which contribute to the formation of a so-called "intrinsic value" of a
security. Beaver understands the intrinsic value as ,,the price of the security that would prevail
if everyone else possessed the same endowments, preferences, and beliefs as that
individual® (Beaver, 1981), establishing a clear connection between the price of a security and
sentiment (in this case, represented by the investor's "belief"). The role of "belief" and

"perception” will be discussed in a separate section.

2.1.3 The Principal-Agent Theory

The principal-agent theory is an additional central concept in the economic analysis of
asymmetric information relationships. It is often used to analyze incentive structures in the
context of economic constellations. Based on the assumption of diverging interests on the one
hand and unequal distribution of information between the company’s internal stakeholders
(agents) and shareholders (principals) on the other, the shareholder can only form their
expectations regarding the future share price development on the information available to them.
The correctness of the shareholder’s assessment will always be associated with uncertainty due
to the lack of insight into the company. The principal will thus incorporate this uncertainty to
the same extent in the willingness to pay for the security. Higher perceived uncertainty of the
company situation will thus lower the stock price. In contrast, the agent is interested in
maximizing the stock price. In shareholder communication, there are, therefore, approaches to
systematically reduce the perceived uncertainty on the principal side, i.e., by creating incentive
systems or institutionalizing control mechanisms, e.g., through internal or external audits
(Gompers, Ishii & Metrick, 2003). Furthermore, requirements issued by stock exchanges force
companies’ managers to publish specific information on their webpages, such as annual
financial reports, current reports, ownership structure, analyst coverage, etc. (Blajer-

Gotebiewska & Czerwonka, 2012).

Critical perspectives on principal-agent theory emphasize the simplifications and assumptions
of the model (Moe, 1982), particularly about the rationality of the actors. However, the

occurrence of the phenomenon is not disputed.

The concept of principal-agent theory is central to this study, mainly due to uncertainty on the
shareholder side induced by the asymmetrical distribution of information. As explained, there

is a significant correlation between uncertainty and the role of investor sentiment. Previous
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research has found a link between higher uncertainty due to asymmetric information and a more

significant influence of investor sentiment on the pricing of shares (Brown et al., 1988).

2.2. Behavioral Finance, Market Anomalies and Biases

Behavioral finance, as a subfield of behavioral economics, combines classic financial theory
approaches with research theories from psychology or the social sciences, such as prospect
theory, mental accounting, or loss aversion (Glaser et al., 2003). Behavioral finance aims to
provide a deeper understanding of market movements and participant behavior compared to
traditional financial approaches (Glaser et al., 2003). Typical objects of observation in this
approach include behavior that is hard to explain under the classical rationality assumptions,
such as overreactions, underreactions, herd behavior, and sentiment-based pricing. The
concepts derived offer explanations for the often not purely rational actions of market players

and the influence of emotional factors on decisions.

Events such as the Great Crash of 1929, Black Monday in 1987, or the "bursting of the dot-com
bubble" at the beginning of the 2000s are today representative of large price movements that
cannot be explained only by classical rational behavior. Especially when the information
situation is non-transparent and unpredictable, the fluctuations seem to be subjectively more
pronounced. Already John Maynard Keynes stated in 1936 that markets move under the
subjective "animal spirit" of investors (Hicks, 1936). Classic financial market theory denies
such “irrational” deviations from the expected securities prices, as it assumes that all market
actors are rational or that rational actors dominate market events and that individual “irrational”

actors, therefore, do not influence securities prices significantly.

The history of behavioral finance dates back to the early 1970s when researchers began to
question the assumptions of traditional financial theory. At that time, scientists such as Amos
Tversky and Daniel Kahneman began to incorporate psychological factors into economic
decision-making to develop models that are “psychologically more realistic than those that

came before” (Barberis, 2018).

Tversky and Kahneman (1979) developed the prospect theory as an alternative to classical
utility theory, as it was derived from the concept of homo oeconomicus. Their essay "Prospect
Theory: An Analysis of Decision Under Risk" (1979) describes a new approach to decision-
making under risk and uncertainty (Kahnemann & Tversky, 2015), for which Kahnemann was

ultimately awarded the Nobel Prize (Daxhammer & Facsar, 2017). On the one hand, the authors
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showed that people do not always act rationally and that decisions are based on the perceived
potential for gains and losses; on the other hand, they combined these findings with research
results from brain research that locate the formation of (financial) decisions in the cerebellum,
which is responsible for the formation of emotions (Daxhammer & Facsar, 2017). This concept
of prospect theory made it possible to explain phenomena such as loss aversion and
overreactions to new information. Two years later, Shiller (1981) found that some price
movements of securities cannot be explained only by (rational) predictions of future cash flows,
while De Bondt and Thaler (1985), two pioneers of behavioral finance, proved that some
behavioral biases (e.g. overreaction) can create opportunities for excess returns which are

disproportionate to (higher than) the corresponding risk.

At the end of the 1980s, the so-called “noise” concept emerged, which attempted to explain
price fluctuations that were not based on rational considerations, but much more on investors'
attitudes towards the security in question or the market in general (Black, 1986). Black (1986)
and DeLong ef al. (1990) showed that share prices in certain situations deviate significantly
from expected prices based on the fundamentals. In the 1980s, researchers extended the ideas
of Tversky and Kahneman to the financial markets in an environment of growing interest in
behavioral finance theories (RoBbach, 2001). Richard Thaler coined the term "mental
accounting" to explain how people make financial decisions based on mental categories (Thaler,
1985). The publication of Thaler's book "Advances in Behavioral Finance" (first published in
1993) supported the further establishment of behavioral finance as an independent field of
research (Thaler, 2005). Thaler investigated various behavioral anomalies and their effects on

markets and investment decisions.

The so-called "bursting of the dotcom bubble" at the end of the 1990s and the beginning of the
2000s further increased interest in behavioral finance. Nobel Prize winner Robert Shiller coined

the term "irrational exuberance" and argued that markets are often influenced by irrational

beliefs and herd behavior (Shiller, 2015).

The global financial crisis of 2007-2009 and the failure of traditional models to explain the
extreme market movements further underpinned the importance of behavioral finance
(Barberis, 2013). The crisis ultimately increased interest in integrating behavioral finance into
mainstream financial practice. Thus, in the aftermath of the financial crisis, behavioral finance
developed with a more vital research focus on applying behavioral concepts in financial
practice. Institutional investors and financial advisors use behavioral finance insights to

understand emotional factors better and how they can influence markets.
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Behavioral finance’s attempts to develop models with greater realism from a psychological
perspective can be summarized along three categories: belief, preferences, and cognitive limits
(Barbaris, 2018). Firstly, models based on beliefs focus on the idea that individuals do not fully
adapt their reactions based on rational considerations (leading to over- and underreactions, i.e.,
in rare events such as exogenous shocks) (Simon, 1955; Barbaris, 2018). Secondly, the research
focusing on preferences investigates what drives people’s perception of utility, with the
mentioned prospect theory as the most famous representative (Barbaris, 2018). Lastly,
assuming that individuals do not incorporate every information available immediately and in
an entirely rational manner into their decision-making process forms a third research strand,

“cognitive limits” (Barbaris, 2018).

Market Anomalies and Biases

Derived from the various approaches, several types of market anomalies have already been
empirically proven. Market anomalies are phenomena that cannot be explained by the principle
of rationality or the Efficient Market Hypothesis (Woo et al., 2020) and which, therefore,
suggest the occurrence of behavioral factors affecting investors' decisions. These include, for
example, the value effect (Fama & French, 1992), the January effect (Rozeff & Kinney, 1976),
and the momentum effect of Jegadeesh and Titman (1993). Furthermore, Woo ef al. (2020)
cited the winner-loser effect, the herd effect, and the ostrich effect, as well as the occurrence of
“bubbles” in general as examples of frequently observed market anomalies, while Liu et al.
described a “holiday effect” (Liu et al., 2022; Liu et al. 2023). Such observable market
anomalies occur in practically all markets. They arise due to different behavioral biases and
heuristics that shape human behavior, leading to deviations from market efficiency and rational
behavior (Hon et al, 2021). In a literature review on behavioral biases occurring in individual
investment decisions, Badola ef al. distinguished 24 different biases impacting those decisions

(Badola et al., 2023).

Various studies analyze the relationship between investor sentiment and market anomalies.
During exogenous shocks, phenomena related to investors' emotions, such as fear, panic, or
anger, play a significant role (Goodell et al., 2023). In a recent literature review, Goodell et al.
(2023) show that emotions play a role in investors' decision-making and behavior and are
directly related to market anomalies. Kumar and Lee (2006) found that retail investors buy or
sell stocks “in concert”, while analysts’ forecasts or macroeconomic developments cannot

explain this behavior.
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In another study, Tsuchiya (2021) examined investor behavior after different shock situations.
The author found signs of herd behavior but also demonstrated anti-herding behavior for stock
price forecasters. The term “herd behavior”, coined by Patel et al. (1991), describes that “people
will do what others are doing rather than what is optimal, given their own information” (Woo
et al., 20202). According to Shiller (1995), investors showing signs of herd behavior “assume
that the others have information that justifies their actions” (Shiller, 1995). In the course of the
COVID-19 outbreak, the occurrence of herding behavior was demonstrated, i.e., for the
European markets (Bouri et al., 2021), India (Dhall & Singh, 2020), and China (Wu et al.,
2020).

2.3 Exogenous Shocks

The primary aim of the study is to deepen the understanding of the moderating role of company-
specific investor sentiment during exogenous shocks. The term “exogenous shock” will first be
defined and characterized in the following section. This section is followed by an overview of
research findings into exogenous shock situations and their impact on the global securities

markets.

2.3.1 Definition and Characteristics

The global economy is undisputedly influenced by incidents induced by the environment and
life (Widmaier, Blyth & Seabrooke, 2007). This is why it is also undisputed that a pronounced
ability to anticipate such incidents and their impact on, i.e., customer needs, can represent a
decisive competitive advantage for companies (Kandampully & Duddy, 1999). Therefore,
companies and individual participants in the financial markets go to great lengths to analyze
and anticipate future developments, trends, and environmental factors to minimize their risk as
far as possible or to seek growth opportunities (Noy & Nualsri, 2007). However, not every
event can be anticipated. There are also sudden, unexpected incidents, so-called exogenous
shocks. In economics, an exogenous shock can be defined as an unanticipated event of low
likelihood that is of an external nature and which entails disruptive changes and with
consequences that are potentially existence-threatening (Taleb, 2010) or, more formally, as
a "change in parameters or exogenous variables in an economic model" caused by exogenous

factors (Horn, 2022). This means that the respective event changes the framework conditions
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for at least some economic actors and sometimes even the entire “economic order” (Widmaier

etal., 2007).

The sudden change in variables or parameters of an economic model has consequences for
investor behavior. According to the efficient market hypothesis, market participants will
immediately rationally adjust their expectations to the changed situation. In reality, however,
the reaction of market participants to exogenous shocks occurs in a variety of ways and at
different speeds. At the same time, behavioral factors also seem to play a role, mainly due to
their sudden occurrence and the uncertainty induced by the shock situation. According to
Barberis (2018), investors overreact to news, especially in situations of unclear or incomplete
information. The actors in the financial markets, whether private or institutional investors, will
react in the truest sense of the word "shocked", leading to sometimes irrational, unpredictable,
or exaggerated reactions (Brown et al., 1988; Black, 1986; Shiller et al., 1984). Since security
prices consider investors' expectations of companies' future development, they adjust their

expectations accordingly, even during sudden events.

2.3.2 Exogenous Shocks and Market Behavior

There is no doubt that stock markets react to significant events (Al-Awadhi et al., 2020) and
that exogenous shocks, generally, are linked to market uncertainty (Baker et al., 2024). The
existing literature has already dealt intensively with exogenous shocks, with a particular interest
in terrorist attacks such as the terrorist attacks in New York City in September 2001, financial
crisis such as the global financial crisis in 2007-2009, natural disasters such as hurricanes as
well as epidemics (i.e., the Ebola epidemic in Africa) and pandemics (such as the COVID-19
pandemic). This chapter mainly focuses on the effects of exogenous shocks on equity markets,

although exogenous shocks also have numerous other socio-economic implications.

Terrorist Attacks

For terrorist attacks, it has been shown that they cause abnormally strong negative returns in
the affected countries (Chen & Siems, 2002; Chen & Siems, 2007; Papakyriakou et al., 2019).
This effect tends to be short-term and becomes smaller over time (Llussa & Tavares, 2007). In
the short term, such unpredictable events cause emotional reactions such as fear and panic,
leading to panic selling (Burch et al., 2016), while investors are more rational about their

expectations in the medium term. The media coverage of such events, i.e., the media
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communication of terrorist attacks in the form of disturbing images and videos, can further

intensify these negative feelings (Slone, 2000; Pizarro ef al., 2007).

The terrorist attacks of September 11"

, 2001, in particular, have been examined in greater depth
in numerous studies — mainly because their impact is not only limited to political
implications but also had a significant economic impact (Nikkinen et al., 2008). The costs for
New York City following the terrorist attacks amounted to a level of 33-36 billion USD (Bram
et al., 2002), while the adverse effects on the stock markets after the attacks were also severe
(Nikkinen et al., 2008). Not only has the market in the US, the country where the attack
happened, been affected (Charles & Darné, 2006). Contagion effects have also been observed
in many other markets in different developed or developing countries (Nikkinen et al., 2008).
In a study by Carter and Simkins (2004), the authors found that the effect was visible in country
indices and had measurable implications at the sector level. Companies in the aviation sector,

i.e., were heavily affected by the attacks in September 2001, with larger airlines recording more

significant losses than smaller airlines (Carter & Simkins, 2004).

Financial Crisis

Even if financial crises usually emerge over a period and from a wide range of information and
events, they nevertheless represent a shocking situation with a heavy impact on the global
markets. The global financial crisis of 2007- 2009, in particular, has been the subject of

numerous studies that confirm far-reaching effects on the global markets.

Edey (2009) calls the global financial crisis “one of the most significant economic shocks in
the post-war period.” Bartram and Bodnar (2009) found that the financial crisis of 2007— 2009
negatively impacted country indices and industries. Furthermore, they found that developed
markets, such as the US market, were more heavily affected than emerging markets, which was
also confirmed by other studies (Berkmen et al, 2012). Al-Rjoub and Azzam (2012)
specifically investigated the impact of the financial crisis on the emerging market of Jordan,
also confirming that the global financial crisis of 2007-2009, the Asian-Russian financial crisis
of 1997 and 1998, the financial crisis of 2005, as well as other exogenous events, led to falling
stock prices. In addition, a study by Ryu et al. (2019) found that investor sentiment significantly

impacted stock returns during the financial crisis of 2008 and 2009 in the Korean market.

Supported by further studies (Wolf, 1998; Nikkinen et al., 2008; Kotkatvuori-Ornberg et al.,

2013), there is evidence that besides the effects of the financial crisis on directly affected
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markets or companies some additional interdependencies or contagion effects occur between
different countries or companies, i.e., the developments of stock prices influence each other or

events in certain countries can influence stock prices in other countries.

Natural Disasters

Various studies have also identified the effects of natural disasters on the stock market,
indicating that the direction of effects may vary depending on the company, sector, and business
model (Lee & Chen, 2020). A literature review analyzing the impacts of biological,
climatological, geophysical, hydrological, and meteorological disasters in 104 countries
between 2001 and 2019 reported heterogeneous stock market responses depending on the type
and location of the event, with climatological and biological disasters leading to the strongest

impacts on financial markets (Pagnottono ef al., 2022).

There is clear evidence that hurricanes have a significant and (predominantly negative) impact
on the valuation of companies. A 2017 study showed negative cumulative abnormal stock
returns after hurricanes (Feria-Dominguez et al. 2017). A study of Caribbean stock markets in
the aftermath of hurricanes and other tropical storms showed that the losses in company values
exceeded the material damage caused by the storms (Robinson & Bangwayo-Skeete, 2016).
For the insurance sector, which is often a subject of investigation after natural disasters due to
the damages to be settled, Hein ef al. (2004) found that Hurricane Floyd negatively affected
listed companies. In contrast, Wang and Kutan (2013) reported significant losses in the
valuation of US insurance companies. However, they documented gains in the securities prices
of insurance companies listed in the Japanese market after natural disasters. They argue with
the “gaining from loss hypothesis”, where companies gain in value after a significant loss of
wealth in society (Wang & Kutan, 2013). Liu ef al. (2022) found that the impact of hurricanes
as climate-change-related events depends on the carbon intensity of companies, with coal
companies losing more value compared to other stocks with “greener” business models and

renewable stocks even gaining in value following Hurricane Sandy.

In contrast to the short-term adverse effects, another study proved that an increasing frequency
of natural disasters had a long-term positive effect on human capital allocation, total factor
productivity, and economic growth. This finding was based on falling investments in physical
capital in the event of more frequent natural disasters and the associated relative increase in
investments in human capital, as well as an increased rate of updating the capital stock in

combination with an intensified adoption of new technologies (Skidmore & Toya, 2002).
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Epidemics and Pandemics

The effects of epidemics and pandemics have also been extensively studied in many
dimensions. Due to the COVID-19 pandemic, this field of research, in particular, was further
fueled by numerous studies. In earlier studies examining the outbreak of SARS in Asia, Ebola
in Africa, or the Zika virus in South America, far-reaching analogies were found concerning
the economic effects. The SARS epidemic in 2003 alone wiped out 3 trillion US dollars in GDP
(deLisle, 2003), and the cost of fighting the epidemic amounted to 50 billion US dollars (Lee
& McKibbin, 2004). After the outbreak of SARS, stock prices and sector indices (in the
concrete case of the study, publicly traded hotel chains) fell very sharply in a short period (M.
Chen et al., 2007). The results of a study by Blendon et al. (2004) indicated that the outbreak
of infectious diseases leads to panic-like reactions, which may explain the significant reactions
in the securities market. Nevertheless, in 2008, more than five years after the outbreak of SARS,
it could be stated that the actual slumps and economic effects were not as strong in reality as

initially assumed by some studies (Keogh-Brown & Smith, 2008).

The impact of the Ebola epidemic on stock market returns in general has been proven (Ichev &
Marin¢, 2018). Furthermore, Del Guidice and Paltrinieri (2017) proved that Ebola significantly
influenced fund flows on the securities markets between 2006 and 2015, leading to a (negative)
change in the performance of 78 African-based funds investigated. Huber et al. (2018)
estimated the total economic and socio-economic burden of Ebola to be more than USD 53

billion.

The economic impact of the Zika virus in South America is considered to be relatively low.
Although negative returns were observed on the day after the outbreak in Brazil, prices
recovered within a short period of time (Macciocchi et al., 2016). For other countries, such as
the United States, the economic impact was also estimated to be significantly less than the Ebola

outbreak in Africa, for example, at 0.5-2 billion USD (Lee et al., 2017).

In connection with the outbreak of COVID-19, it was observed and documented that the
outbreak of the pandemic in the affected countries led to sharp falls in the stock markets as well
as to upheavals in society (Al-Awadhi et al., 2020; Liu et al., 2020; Ashraf, 2020; Dowd et al.,
2020; Singh et al., 2024). In Asia, prices initially fell more sharply than in other parts of the
world (Liu et al., 2020). Social researchers describe the COVID-19 pandemic as a burning glass
(Miller, 2020) or catalyst (Musleh et al., 2022) for already existing tendencies toward new

business models in connection with the progressive digitalization of society. In this context, it
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is not surprising that companies in the "new economy", such as the technology and IT sector,
seem less affected by the COVID-19 outbreak shock than those in traditional industries (He e?
al., 2020).

Furthermore, Huo and Qiu (2020) studied the substantial distortions in the Chinese stock market
after the announcement of the lockdown in China. They found that securities with a lower
proportion of professional investors reacted more strongly hostile to the lockdown. In addition,
the authors showed that for individual companies having positive CARs in the event window,
companies with lower idiosyncratic volatility and higher book-to-market value tend to perform
better than other companies after one month. Another study shows that the extreme reactions
on the stock market compared to previous pandemics are also due to the protective measures

implemented, such as restrictions on public life (Baker et al., 2020).

The specific link between significant disease outbreaks, epidemics, or pandemics prior to the
outbreak of COVID-19 and the volatility of security prices has been surprisingly little analyzed.
The few studies on this topic have tended to identify an increase in volatility, which was more
pronounced in small companies than in larger companies (Pendell & Cho, 2013). Mazur et al.
(2021) already found that companies included in the S&P 1500 experienced an increase in
volatility after March 11", 2020, when the World Health Organization declared the global
spread of the coronavirus as a pandemic and introduced the official name for the disease

COVID-19.

To summarize, exogenous shocks are unexpected events that have far-reaching consequences
for the economy in general and the stock markets. There are indications that these effects,
especially in the case of the outbreak and spread of COVID-19, are influenced, at least to a
certain extent, by the sentiment-driven behavior of investors. The primary aim of the study is
thus to deepen the understanding of the moderating role of company-specific investor sentiment

during exogenous shocks.

2.4 The Phenomenon of Investors’ Sentiment

,» The stock market is the story of cycles and of the human behavior that

is responsible for overreactions in both directions - Seth Klarman

The theory of efficient capital markets assumes that investors adjust their expectations

rationally and without delay to the current information situation. In practice, however, situations
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that cannot be explained by the classical theory occur time and again. As research progressed,
the term “behavioral finance” finally emerged as an independent field of economics research
(Baker & Wurgler, 2007), systematically dealing with the behavioral factors influencing
investors' decisions and financial markets. An essential aspect of this “irrational” behavior,
derived from the concept of "noise" which has been explained in Chapter 2.2, is the term
“investor sentiment” (De Long et al, 1990), which has since been the research object of
numerous studies. Baker and Wurgler define investor sentiment simply as an "investor's degree
of optimism or pessimism regarding financial markets" (Baker & Wurgler, 2006). Beer and
Zouaoui define investor sentiment as “a belief about future cash flows and investment risks that
is not warranted by fundamentals” (Beer & Zouaoui, 2013). Lee et al. (2002) argue, in turn,
that investor sentiment expresses a systematic risk, which is priced in the stock prices. In
everyday stock market parlance, the "bull market" or "bear market" is often widely referred to
as a cross-market and macroeconomic manifestation of investor sentiment. Investor sentiment
is thus based on the aggregate “perceived” performance of a company, a market, or the economy

as a whole.

However, investor sentiment is not necessarily synonymous with purely irrational behavior on
the part of market participants. A study by Verma et al. (2008) assumes that investor sentiment
can be divided into an (irrational) part of noise trading and a (rational) part of fundamental
trading. By examining two indices (including the S&P 500 index), they proved this distinction
to be valid with both components linking to the stock returns of the indices (Verma et al. 2008).
Later, Chau ef al. (2016) showed that sentiment-driven traders can act as (rational) contrarians,
buying when markets are falling (and sentiment is low) and selling when markets are rising
(and sentiment is high). This does not contradict the thesis that investor sentiment is the
aggregated perceived performance of companies, as perception also consists of an

objective/rational and a subjective/behavioral component.

2.4.1 Perception

As investor sentiment emerges from an aggregated perception of a company’s performance, a
clear understanding of the term “perception” is crucial for the investor sentiment concept. The
concept of perception is often discussed, especially in philosophy. The Cambridge Dictionary
defines perception as "a belief or opinion, often held by many people and based on how things
seem* (Cambridge University Press, 2024). This short definition contains several implications

that are important for this study:
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1. Perception is based on an assumption, a belief, or an opinion. Tye established a
connection between belief and perception in the 1990s (Tye, 1995). Ultimately,
perception is determined by what individuals "believe". This "belief" arises from a
combination of the available information and an evaluation by the individual.
Perception can thus be a highly subjective concept that can be altered by new
information or a change in evaluation. However, it also contains an objective part, as

belief can also be built on (rather) objective facts.

2. According to the definition in the Cambridge Dictionary, perception is often
characterized by an opinion shared by several people (Cambridge University Press,
2024). This, therefore, means that the construction of the perception of a company is
not exclusively individual but also the result of interdependence with other individuals.
This aligns with the findings of Blajer-Gol¢biewska (2021), showing that in the case of
for investors’ decisions are significantly influenced by collective perceptions, not by

individual perceptions (regarding corporate reputation).

3. As a consequence, investors' sentiment as a perception of a market or company's
performance thus depends on what information individuals receive from other
individuals, how they evaluate this information, and what behavior they derive from it.
This decision about the derived behavior is, therefore, to a certain extent made

subjectively and irrationally.

2.4.2 Investor's Sentiment and Market Behavior

Some research has explored the phenomenon of investor sentiment in more depth, especially in
relation to the observed behavior of different markets. Several studies have shown that investor
sentiment plays a role in shaping returns on developed and emerging securities markets in
general (Brown & Cliff, 2004; Qiu & Welch, 2004; Lemmon & Portniaguina, 2006; Mangee,
2018; Seok ef al. 2019a). Sentiment-driven traders trade when their sentiment is positive and
when stock prices are overvalued, leading to a reduced impact of trades on stock prices and
increasing liquidity (Baker & Stein, 2004). As a consequence, opportunities for arbitrage are
limited, and the movement in stock prices becomes unpredictable, reducing the reliability of
stock price forecasts (Barberis ef al., 1998). A broad-based study examining the role of investor
sentiment on stock returns found a negative correlation at the global level, while heterogeneous

results were found at a local market level. To explain the ambiguous results, the author cites
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the impact of differences in the culture and institutions of the countries studied (Wang et al.,

2021).

Further research confirms that cultural and country-specific factors exhibit relevant influence
on the phenomenon of investor sentiment (Baker & Wurgler, 2006; Seok et al., 2019b). Chang
et al. (2011) note that country-specific factors such as the legal system and the availability and
quality of information seem to play an essential role in explaining country-specific sentiment.
In this context, Schmeling (2008) proved that sentiment plays a role in nine out of 18 countries
examined. In this study, country-specific factors seem to affect both the occurrence and strength
of sentiment. Canbas and Kandir (2009) investigated the relationship and causality between
investor sentiment and stock returns using Granger’s test for causality in the Turkish market.
They found that investor sentiment in emerging markets might exhibit a different impact than
investor sentiment in developed markets and that stock returns significantly impacted investor
sentiment. Phylaktis and Xia (2006) showed a sentiment shift from a country effect to an
industry effect, leading to implications for portfolio allocation. In addition to the impact of
sentiment on the regular securities market, previous research has also examined the impact of
sentiment on the warrants market (Burghardt et al., 2008; Glaser ef al., 2011), the currency
market (Sibande et al., 2023), the options market (Lemmon & Ni, 2008) and the futures market
(Smales, 2014; Gao & Siiss, 2015), finding connections between market movements and

investor sentiment.

Generally, the prevailing investor sentiment in a specific market seems to have a more
substantial influence in cases of companies that are more difficult to value (i.e., stocks with
high volatility, a low market capitalization, companies with high growth, young securities, etc.)
(Baker & Wurgler, 2006; Kumar & Lee, 2006; Corredor ef al., 2013). It is, therefore, reasonable
to assume that behavioral factors become more significant, particularly in situations of greater
uncertainty or in decision-making under risk. Several studies confirm that the influence of
investor sentiment on stock prices appears to increase, particularly in situations of more severe
uncertainty (Brown ef al., 1988; Seok ef al., 2024). In addition, the direct impact of investor
sentiment on stock market volatility has also been investigated, revealing a negative
relationship (Lee et al., 2002; Shen et al., 2022). Furthermore, Kumari & Mahakud (2015)

found that investor sentiment can predict volatility.

In the same context, Brown et al. (1988) developed the Uncertain Information Hypothesis
(UIH), describing investors who set the fundamental price of a security lower in situations of

higher uncertainty than in comparable situations with less uncertainty. The Overreaction
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Hypothesis, developed by Barberis, Shleifer, and Vishny (1998), states that investors tend to
overreact to bad news, leading to more substantial adverse stock price movements, followed by
a stock price reversal when investors rationally adapt their behavior again, with a price returning
to the fundamental value of the stock. Individual traders (Barber et al., 2014; Chung et al.,
2016), as well as inexperienced traders (Kim et al., 2017), seem to be more susceptible to

irrational behavior in general and investor sentiment in particular.

French (2018) shows that investor sentiment affects returns after positive (festive holidays,
sport matches) or negative (bombings, natural disasters) events. Several authors proved that
investor sentiment plays a role in securities movements before and after scheduled economic
events such as earnings announcements (Livnat & Petrovits, 2011; Mian & Sankaraguruswamy,
2012; Seok et al., 2019b) or macroeconomic news (Seok ef al., 2022). In particular, Seok et al.
found that the reaction of stock prices can vary depending on whether the content of earnings

announcements is congruent with investors' expectations (Seok et al., 2019b).

Other environmental factors also appear to have an effect on security prices, at least indirectly,
through investor sentiment. Various studies have concluded that, for example, daylight
(Kamstra et al., 2003), outdoor temperature (Cao & Wei, 2004), cloudy weather (Goetzmann
et al., 2015) and sunshine (Saunders Jr., 1993; Hirshleifer & Shumway, 2003) have an impact
on investor sentiment and thus on share prices. Yuan ef al. (2006) also found that the phases of

the moon have a link to investor sentiment.

Some studies suggest that investor sentiment influences the risk-reward relationship, also
known as the risk-reward trade-off. Assuming efficient markets and rational market
participants, the risk-reward relationship assumes a relationship between the risk taken and the
expected reward, conditional on the available information. In other words, investors expect
compensation as a corresponding return for the risk they take by purchasing a security (Yu &
Yuan, 2011). The “market price” of risk is thus determined by evaluating the expected upside
gain and the downside loss potential (Breckenfelder & Tédongap, 2012). Higher volatility
generally also implies a higher expected return (Guo & Whitelaw, 2006).

If investor sentiment influences this relationship, a moderating effect between the input variable
(risk) and the output variable (reward) can be attributed to investor sentiment. Current research
initially provides evidence that the relationship between return and volatility changes over time
(Chouetal., 1992; Guo et al.,2014) and is dependent on various factors, whereby the perceived

risk compensation of investors with its subjective component also plays a role (Wen et al.,
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2014; He et al., 2019). He et al. (2019) explicitly investigated the effect of investor sentiment

on investors' risk appetite, determining fluctuations in phases of varying sentiment levels.

Yu and Yuan (2011), as well as Wu and Lee (2015), proved in their studies that the relationship
between risk and reward depends on the sentiment of the market under consideration. Yu and
Yuan (2011) found that the mean-variance tradeoff is stronger in markets with high prevailing
sentiment, while Wu and Lee (2015) confirmed the positive risk-return relationship in bull
markets for US stocks. Yu ef al. (2014) and Piccoli ef al. (2018) investigated the influence of
individual sentiment on the risk-reward relationship in different emerging markets. They

proved that the risk-reward relationship is shifted positively during low sentiment periods.

More recent studies analyzed the asymmetry of investor sentiment and the risk-reward
relationship, whereby the studies identified actual differences between phases of high and low
sentiment. He (2022) found that low sentiment following bad news has a stronger influence on
the risk-reward relationship than good news. The same study also found that individual
sentiment measures are more useful for investigating the influence on the risk-reward trade-off
than market-wide measures. Seok et al. (2021) found similar results for intraday investor
sentiment (Seok et al., 2021). A similar asymmetric impact of investor sentiment was also

shown for its ability to predict stock returns (Chung et al., 2012).

2.5 Investor Sentiment and COVID-19 Pandemic

The following chapter describes two central aspects of the dissertation in a common context:
investor sentiment and the COVID-19 pandemic. Section 2.4 has already defined the concept
of investor sentiment in more detail and presented the current state of research. In the following
section, this concept will be explained in more detail in the context of the COVID-19 outbreak.
Before, COVID-19 and the outbreak of the pandemic in 2019/2020 will be outlined in general

terms using the most important data and figures.

2.5.1 Outbreak and Spread of the COVID-19 Pandemic

The COVID-19 pandemic or COVID-19 crisis, which is believed to have started with the spread
of the “novel coronavirus SARS-CoV-2” (previously 2019-nCoV) around the world from the
city of Wuhan in the People's Republic of China at the end of 2019, (Sohrabi et al., 2020) has
had an immense impact not only on public health but also on global economic systems (Velavan

& Meyer, 2020).
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On January, 31" 2020—following a first confirmed case in the United States as a first country
outside Asia ten days earlier on January 21% 2020—a global health emergency was declared by
the US Department of Health and Human Services (HHS) (Velavan & Meyer, 2020). On
March 11%, 2020, the World Health Organization (WHO) declared the global spread of the
coronavirus as a pandemic and introduced the new official name for the disease caused by the

virus: COVID-19 (Just & Echaust, 2020).

The rapid worldwide increase in infection numbers from January 2020 led to drastic measures
and responses by many governments, such as lockdowns, social distancing, and travel
restrictions to curb the further spread of the virus (Baker ez al., 2020). The government measures
led to an unprecedented economic standstill and a significant impact on the global economy,
reducing workforce and production volumes in many sectors (Nicola ef al., 2020). In 2020, the
global economy shrank by 4.35% (World Bank, 2020). The unemployment rate in the US rose

to a historical record of 14.8% (Congressional Research Service, 2021).

The financial markets experienced a sharp downturn worldwide in March 2020. According to
Mishkin and White (2003), a market decline of more than 20% can be seen as a “market crash”.
During March 2020, the Dow Jones Industrial Average Index (DJIA) plummeted more than
25% (Mazur et al., 2021), while the S&P 500 Index lost more than 30% (Shehzad et al., 2021).
In addition to the DJIA and the S&P 500 Index examined in this dissertation, the MSCI World
Index, the DAX40 Index, and other major indices recorded significant price losses (Pandey &
Kumari, 2021; Figure 2 and Table 2), presumably as investors sold en masse due to negative

sentiment and panic-like, irrational behavior.
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Figure 2. Development of Major Stock Indices between October 2019 and June 2020

Source: own compilation based on data from https://finance.yahoo.com/.

To cushion the economic impact of the pandemic, many countries subsequently introduced
extensive economic stimulus programs and measures via their central banks, following
a “whatever it takes” approach (Nicola et al., 2020). For example, European countries
committed to a 1.7 billion Euro rescue program (Nicola ef al., 2020). The measures ranged from
direct payments to citizens to financial support for companies to maintain liquidity and protect

jobs.

Table 2. Performance of Selected Stock Indices, March 2020 and Full Year 2020

Stock- / Market

Index A March 2020 A Full Year 2020
S&P 500 (US) -12.5% +16.3%
Nikkei 225 (Japan) -10.5% +16.0%
DAX 40 (Germany) -16.4% +3.5%
MSCI World -13.2% +14.1%

Source: own compilation based on data from www.statista.com.
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As the enormous price losses in March 2020 opened up enormous price potential and thus
offered an attractive entry opportunity for many new investors, while now being stipulated by
intense support and rescue funds, the number of global private investors on the financial
markets increased significantly. In Germany, individual (retail) investors increased by over
20% to 12.4 million (Deutsches Aktieninstitut, 2021). The simplified access options further
strengthened this trend via smartphone apps and the growing availability of exchange-traded
funds (ETFs), representing low-threshold, low-cost, and broadly diversified investment options
for many investors. Consequently, the number of individual investors younger than 30 in
Germany rose by over 65% (Deutsches Aktieninstitut, 2021). For the United States, the total
number of individual investors more than doubled between 2019 and 2021 (JPMorgan Chase,
2023). However, with a growing number of individuals and comparatively uninformed
investors, the susceptibility of securities prices to irrational behavior, such as herd behavior,

FOMO (Fear of Missing Out), or panic buying, is also increasing (Kim et al., 2017).

By the end of 2023, around 744 million confirmed cases of infection and seven million deaths
were counted worldwide (WHO, 2024), making the COVID-19 pandemic the most significant
"health emergency" ever recorded by the World Health Organization (BBC, 2020).

2.5.2 Investor Sentiment Behavior During the Outbreak of the COVID-19 Pandemic

A vast number of studies suggest that investor sentiment influenced changes in securities prices
on the global markets during the outbreak of the COVID-19 pandemic. Although many aspects
of the pandemic have been covered, less research has been conducted into how investor
sentiment itself, i.e., the attitude of market participants towards individual companies, behaved

throughout the pandemic.

Several studies found that the socio-economic or geopolitical uncertainty induced by the
pandemic impacted investor sentiment (Haroon & Rivzi, 2020; Shaikh, 2021; Snarska et al.,
2025). In a study using the Google Search intensity index based on the Financial and Economic
Attitudes Revealed by Search index (FEARS index) of the COVID-19 pandemic, a negative
correlation between the COVID-19 pandemic and investor sentiment was identified (Dash &

Maitra, 2022).

In addition, a study of US stock-listed companies found sector-dependent differences in the
development of investor sentiment (Blajer-Gotebiewska, Honecker & Nowak, 2024), while

another study for the Chinese market found a significant positive increase in investor sentiment
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among pharmaceutical companies compared to non-pharmaceutical companies (Song, Hao &
Lu, 2021). Apart from that, Mili et al. (2024) proved the sensitive reaction of the investor
sentiment proxies “Daily Trading Volume in the Market Index”, “Difference between High and
Low-price Market Index”, “Psychological Line Index” and “Relative Strength Index” for
Bahraini companies to news on COVID-19, with negative news having a more substantial effect
on investor sentiment than positive news. This is in line with a study by Shaikh (2021), who

also found a reaction of investor sentiment to the number of infected persons or deaths.

The effect of investor sentiment in the wake of the COVID-19 pandemic has also been
examined in numerous studies (Sun et al., 2021; Anastasiou et al., 2022; Cevik et al., 2022;
Dash & Maitra, 2022), with fear in particular appearing to be a relevant factor. Haroon and
Rivzi, i.e., found that their Coronavirus Panic Index (measuring the frequency of the words
"panic" or "fear" in COVID-19-related news) shows a positive correlation with volatility in
sectors affected by lockdowns during the fight against COVID-19 (Haroon & Rivzi, 2020).
Salisu et al. (2020) also proved with their Fear Index, consisting of the factors "number of cases
of infection" and "number of deaths", that fear in this operationalization is related to stock
returns. This aligns with the findings of Donadelli ef al. (2017), who already established a
correlation between their Fear Index and stock returns in 2017. In the same study, a positive
correlation between disease-related news (published by the WHO) and returns of
pharmaceutical companies was demonstrated, which was also confirmed in a study by Sun et
al. in the case of COVID-19 (Sun et al. 2021). The effect of fear on market volatility during the
COVID-19 pandemic was also demonstrated by Li et al. (2022).

For the Chinese market, Sun and Shi (2022) showed, using an event study, that the trading
volume immediately after the lockdown in the Chinese city of Wuhan started to increase more
significantly for securities listed in Hubei (the higher-level province of Wuhan) than for stocks
listed in other provinces. Similar effects were observed for airline securities (Martins & Cro,

2022; Maneenop & Kotcharin, 2020).

The research on COVID-19 is subject to constant evolution and a rapidly increasing number of
studies. Initially, studies indicated that the COVID-19 outbreak impacted investor sentiment
development for markets, sectors, and companies. In turn, investor sentiment also impacted the
returns of the affected markets, sectors, and companies. At the time of writing this dissertation,
the WHO has officially declared both the COVID-19 global health emergency and the

pandemic itself to be over (United Nations, 2023). However, a particular focus of the
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dissertation is on the investigation of the period before and immediately after the pandemic

outbreak.

2.6 The Standard & Poor’s 500 Index and COVID-19 Pandemic

Section 2.6 begins by describing the S&P 500 Index, its history, the underlying inclusion
criteria, and its significance for global investors, analysts, and researchers. The second part of
the chapter takes a closer look at the reaction and performance of the S&P 500 Index during the

COVID-19 outbreak.

2.6.1 The Standard & Poor’s 500 Index

The Standard & Poor's 500 index, usually abbreviated as the S&P 500 index, has become an
indispensable indicator of the US economy over the years. As a market index consisting of 500
selected shares of major US companies, it not only represents the health and stability of the US
stock market but also provides insights into the overall economic health of the US as an

economy (Capital, 2024).

The roots of the S&P 500 index go back to the 1920s, when the Standard Statistics Company
(later Standard & Poor's) began compiling various stock indices. The first predecessor of the
S&P 500 index, the S&P 90 index, was first issued in 1923 and initially comprised 90 stocks
(Capital, 2024). The US economy developed rapidly in the following decades, making the need
for a more comprehensive index increasingly clear. In 1957, the S&P 500 index was finally
introduced, comprising 500 leading companies headquartered in the US and thus covering a

broader and more representative range of industries (Capital, 2024).

The composition of the S&P 500 index is based on precise methods and quantitative selection
criteria. To be included in the index, companies must meet specific criteria in terms of market
capitalization (the company needs to qualify as a large-cap stock), liquidity, financial stability,
and the percentage of shares available for public trading (S&P Global, 2024). This careful
selection aims to provide a meaningful cross-section of the US economy with its various sectors

and industries and to ensure the stability of the index.

Over time, the S&P 500 index has developed into a reliable indicator of the overall economic
performance of the US, representing around 80% of the market capitalization (S&P Global,
2024). As a broadly diversified index, it not only reflects the development of the stock market

54



but also proxies selected macroeconomic trends (Capital, 2024). Thus, analysts and economists
use the S&P 500 index as a reference point to assess the state of the US economy. In addition,
the S&P 500 index is used by investors globally as a reference for their investment decisions.
The index's reactions to political events, economic indicators, and global developments directly

impact trading strategies and portfolio allocations.

Understanding the historical performance and characteristics of the S&P 500 index
is crucial for investors who want to diversify their portfolios and optimize their investment
strategies and for researchers using the S&P 500 index to gain insights into (financial) economic
phenomena. Due to its breadth and the predominant global market position and market
capitalization of the companies included in the index, the S&P 500 index is one of the most
frequently used reference large-cap indices in financial market research. In this dissertation, the

S&P 500 index was chosen as the basis for the research sample for three reasons:

e The US is a developed industrialized nation with a largely stable political system and
substantial financial reserves. These factors could influence investment decisions during
the COVID-19 pandemic, so instabilities in these factors should be ruled out as far as

possible.

e The fundamental data of the companies included in the S&P 500 index and information
on corporate decisions are transparent and freely available due to the requirements of

the US financial market authority (SEC, 2024).

e The 500 companies in the S&P 500 index represent a broad sample from the outset. As
this investigation not only examines investor sentiment on an individual company basis
and its effect on securities indicators but also summarizes and weights the companies

by sector based on market capitalization, a sizable overall sample is necessary.

2.6.1 S&P 500 Index during the Outbreak of COVID-19

This section will briefly overview the most important findings on the relationship between
COVID-19 and the S&P 500 index. The most relevant aspects will be discussed in more detail

in the next chapters of this dissertation.

Many studies have focused on the impact of COVID-19 on the development or returns of major
global indices, often including the S&P 500 index as a broad and relevant stock index (Ashraf,
2020; Al-Awadhi et al., 2020). The S&P 500 index reacted sensitively to the outbreak and
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further development of COVID-19 in early 2020. In the first weeks after the outbreak of
COVID-19 in the US, the S&P 500 index showed negative returns of up to 30% (Shehzad et
al., 2020). Figure 3 shows the daily returns of the S&P 500 index between January 2", 2019,
and April 30", 2020, visually confirming the sensitive reaction of the S&P 500 index to the
COVID-19 outbreak.

In this context, a study by Yilmazkuday (2023) showed that the number of confirmed positive
COVID-19 cases is related to a reduction in the S&P 500 index, with the strongest connection
in March 2020. According to the author, a cumulative increase of 1% in case numbers led to a

cumulative 0.03% reduction of the S&P 500 index after one week.

A study by Baker et al. (2020) concluded that in no previous pandemic, the US stock market
reacted as strongly as in the case of the COVID-19 outbreak. The authors explain this strong
reaction with the government interventions, such as the lockdowns introduced, which can
potentially cause severe economic cuts in a service economy. This aligns with the findings by
Ashraf (2020), who confirmed that government interventions led to negative stock market

returns in different countries.

Sharif et al. (2020) analyzed the impact of COVID-19 on the US economy, the US geopolitical
risk, and the economic uncertainty. The authors found that the outbreak had an even more
significant effect on geopolitical risk and economic uncertainty than on the US stock market
itself. Furthermore, Kocak ef al. (2022) found that, despite the sizeable overall downturn of the
index, companies in the S&P 500 index with low(er) carbon emissions (called “green
companies” by the authors) even profited from the COVID-19 outbreak. This aligns with the
results of Albuquerque et al. (2020), confirming that US companies with higher environmental
and social (ES) ratings had significantly higher returns, lower volatility, and higher operating
margins in the first quarter of 2020. Khalfaoui et al. (2021) found that the release of COVID-
19 vaccines and the start of the vaccination campaign positively impacted the S&P 500 index

returns.
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Figure 3. Daily Returns of the S&P 500 Index

Source: own compilation based on Yahoo Finance (2024).
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2.7 Global Industry Classification System

In an economy characterized by increasing globalization and diversification, the possibility of
applying a uniform structure to the business world, including a structured and uniform approach
to classifying companies, is essential. The Global Industry Classification System (GICS) is a
widely used system for classifying companies and assigning their business activities to sectors.
The main objectives of the GICS are to facilitate comparisons between companies and sectors,
improve the comparability of financial data, and provide a consistent basis for analyzing equity
markets. The standardized classification enables investors and analysts to develop strategies,
manage risks, and make investment decisions more effectively. Furthermore, it also enables a
systematic framework for investigating economic issues to be established in the context of

scientific research design.

The Global Industry Classification System was developed jointly by the international financial
services companies MSCI (Morgan Stanley Capital International) and S&P Dow Jones Indices
(MSCI, 2023). It was introduced in 1999 in response to the growing need to provide a
standardized and consistent classification of companies for investors, analysts, and other

financial players (MSCI, 2023).

The GICS divides the economy into a four-level hierarchy: Sectors consisting of one or several
industry groups, which in turn consist of various industries, which are divided into different
sub-industries. At the top level, there are eleven sectors, representing a wide range of economic
activities, such as Information Technology, Healthcare, and Financial Services. Each sector is
further divided into industry groups to provide a more detailed description of business activities

(Table 3).

The 25 industry groups are composed of 74 industries, which can be divided into 163 sub-
industries (MSCI, 2023). In 2023, the Global Industry Classification System was revised to
align the (sub)industries more closely with the business activities of the classified companies
(MSCI, 2023). As this dissertation only uses the first tier of eleven “sectors,” the structural

changes did not affect the research framework.



Table 3. GICS Sectors and Industry Groups

Sector Industry Group

Energy Energy

Materials Materials

Industrials Capital Goods
Commercial & Professional Services
Transportation

Consumer

Discretionary Automobiles & Components

Consumer Staples

Health Care

Financials

Information
Technology

Communication
Services

Utilities

Real Estate

Consumer Durables & Apparel

Consumer Services
Consumer Discretionary Distribution & Retail (new name after
reclassification)

Consumer Staples Distribution & Retail (new name after reclassification)
Food, Beverage & Tobacco

Household & Personal Products

Health Care Equipment & Services

Pharmaceuticals, Biotechnology & Life Sciences

Banks

Financial Services (new name after reclassification)

Insurance

Software & Services
Technology Hardware & Equipment
Semiconductors & Semiconductor Equipment

Telecommunication Services

Media & Entertainment

Utilities

Equity Real Estate Investment Trusts (REITs) (new name after
reclassification)

Real Estate Management & Development (new after reclassification)

Source: MSCI, 2023.

Chapter 2 serves as the foundation for this study. Building on the research motivation and the
research gaps, it presents the most important fundamental theories and concepts that form the
basis for deriving the hypotheses in the next step of this research. The data and previous
research findings on investor sentiment, COVID-19, and the S&P 500 Index presented in
Chapter 2 help to embed the hypotheses in the right research context, paving the way for the

empirical investigation undertaken in this dissertation.
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CHAPTER 3
HYPOTHESES DEVELOPMENT

Knowing that investors' sentiment shapes the behavior of market participants and impacts stock
prices, it is reasonable to posit that it could also contribute to the sudden occurrence of an
exogenous shock. The primary aim of the study is to deepen the understanding of the role of
company-specific investor sentiment in moderating the impact of exogenous shocks on stock
prices. This dissertation adopts a sequential approach, systematically addressing the research
questions at subsequent stages. The first stage of the dissertation initially deals with a suitable
and methodologically reliable determination of company-specific and sector-specific investor
sentiment indicators, which form an important basis for the following stages. As part of the first
stage, the Overall Sentiment Indicator (OSI) is also calculated, and its suitability for predicting

the daily returns of the S&P 500 Index is examined.

The second stage of the dissertation examines the influence of the analyzed events on stock
prices. The investigation is carried out by determining the CARs. Stage 3 examines the
influence of the defined events on stock price volatility in more detail. Finally, Stage 4 examines
the (moderating) role of investor sentiment in the formation of CARs before, during, and after
the events examined in more detail. Chapter 3 derives the hypotheses for the empirical study
from a synthesis of the previous scientific findings on investor sentiment (Chapter 2) and the

research questions of this dissertation (Chapter 1.2).

3.1 Predictive Accuracy of the Overall Sentiment Indicator for Daily Stock Returns

As described in the introduction, the proof of a causal relationship, i.e., a connection between
two variables in which changes in one variable (the sentiment indicator) directly result in
changes in the other variable (e.g., stock price or stock volatility), constitutes a central objective
in sentiment research. Accordingly, many researchers have investigated this relationship using
different approaches (Fisher & Statman, 2000; Brown & CIliff, 2005; Kumar & Lee, 2006;
Joseph et al., 2011; Kim et al., 2022). Even if a relationship between investor sentiment and
stock returns has already been proven, it is not always possible to prove a causal relationship
between sentiment values determined based on a theoretical methodology and stock returns, as
timing and magnitude of the effect of investor sentiment on stock returns seem to be highly

irregular (Frydman et al., 2021). A study by Kim et al. (2022) suggests that sentiment indicators
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using market indices have a higher predictive accuracy for stock returns than news sentiment.
Baker and Wurgler, whose index-based approach to sentiment measurement is one of the most
widely used foundations for sentiment research today, “predicted” the future development of
shares and their returns (Baker & Wurgler, 2007) using a market-wide approach. On the
individual company level, the daily, company-specific sentiment indicator (OSI) by Seok et al.
(2019a), which is based on the calculation methodology of Baker and Wurgler but includes
other variables, has also already been tested for its predictive accuracy. In a 2019 study, Seok
et al. (2019a) show that the level of firm-specific sentiment impacts the stock returns of the
following day. In turn, Allen et al. (2019) proved that sentiment extracted from newspapers
also predicts daily stock returns. In 2024, Seok et al. found that investor sentiment exhibits a

more significant influence in situations of higher uncertainty (Seok et al., 2024).

While the predictive accuracy of sentiment indices has been proven at both market-wide and
individual company levels, the use of a firm-specific indicator at an aggregate level for
predicting the returns of a market index has not been investigated in depth. Individual traders
(Barber et al., 2014; Chung et al., 2016) and inexperienced traders (Kim ef al., 2017) seem
more susceptible to behaviors beyond the neoclassical concept of rationality in general and
investor sentiment in particular. At the same time, there is evidence that the sentiment of
individual investors is more strongly expressed at a firm level (Hsieh et al. 2020). DeVault et
al. (2019) argue that institutional investors drive market-wide sentiment to a large extent. By
focusing on individual companies instead of market indices, capturing sentiment reactions by
sentiment-sensitive retail investors following the COVID-19 events should become more
accessible. This procedure aligns with Barber ef al. (2017), who analyzed individual stock
trades to investigate retail trading behavior. Based on these findings, it can be assumed that

investor sentiment’s role is more pronounced at the firm level than at the market-wide level.

The performance of broad market indices, such as the S&P 500 Index, is determined by the
performance of the companies included in the index. Companies and their influence on the
overall index are weighted depending on various characteristics, such as market capitalization
in the case of the S&P 500 Index. Suppose a company-specific sentiment indicator can reliably
predict the stock returns of the companies under consideration. In that case, this should also be
possible for predicting the market index returns if the sentiment aggregation is carried out
similarly to forming the market index. Accordingly, the following hypothesis is proposed

(Predictive Hypothesis):
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H1: The Overall Sentiment Indicator is capable of predicting the daily returns of the S&P 500

index.

3.2 General Effect of Information about COVID-19 on Stock Prices

As comprehensively described in Chapter 2.5, the COVID-19 outbreak represents an external
shock situation of a new dimension. After the outbreak in the city of Wuhan in China, the virus
spread to most countries worldwide within a few months (BBC News, 2022). Due to the
collapse of global supply chains on the one hand and a slump in demand (from customers) on
the other, partly induced as a result of the lockdowns or retail closures introduced by many
governments, numerous companies reported significant sales losses in 2020 (Nicola et al.,
2020). Share prices in various countries' stock markets also initially plummeted following the
announcement of the first confirmed COVID-19 cases (Shehzad ef al., 2020). In the days and
weeks that followed, stock prices gradually recovered, and at the end of 2020, i.e., the broad-
based S&P 500 index even ended the year with a significant gain of over 16% (Macrotrends,
n.d.). The performance of share prices has varied significantly in some cases, depending on the
companies under review. Some companies appear to be the big losers of the crisis, while others
quickly reached or even surpassed their original pre-crisis highs (Mazur et al., 2021). The
reasons for these differences are manifold and seem to depend on the sector and market of
operation. Studies from He et al. (2020) and Mazur et al. (2021) showed that the sectors
developed differently over time, and further development of the COVID-19 spread.

The COVID-19 outbreak and spread consist of several sudden, unexpected
shocks affecting stock returns. Immediately after the first positive COVID-19 cases were
confirmed in different countries and at the latest with the official declaration of the pandemic
state by the WHO on March 11, 2020, significant uncertainty in the markets about the further
course of the spread of the disease and the associated economic and social implications was

induced (Boone, 2020).

Based on previous research, there is ample evidence that uncertainty and insecurity in the stock
markets may lead to an initial sell-off, particularly of riskier asset classes (Dzielinski, 2012).
Investors tend to overreact in situations of more significant uncertainty (Brown et al., 1988)
while exaggerating their personal assessment of future development (De Bondt & Thaler, 1985;
Seok et al., 2024). Following unexpected events and negative news, individual investors react

more sensitively to sentiment (Barber et al., 2014; Chung et al., 2016). For institutional
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investors, an initial sell-off can develop into a ripple effect, as high liquidity is essential for

them in times of falling prices (Bernardo & Welch, 2004).

For the COVID-19 pandemic, it can also be argued that the events and course of the spread of
COVID-19 differ from those of other shocks. On the one hand, the personal, social, and
economic impact is much more far-reaching than in many comparable situations. Even the
terrorist attacks of September 11% 2001, had no actual material impact on the private lives of
such a large number of people. On the other hand, a pandemic with a largely uncontrollable
course, spreading at the speed and dynamic of a new dimension, is particularly suitable for

spreading fear, uncertainty, and panic.

This leads, in turn, to two assumptions. First, the panic-like reaction following COVID-19
events should be observable, not only for broad market indices but also for individual
companies. Second, investors will react more sensitively with a substantial, negative reaction
due to the potential impact on their personal economic situation. Previous research suggests
that retail investors, in particular, tend to make sentiment-driven decisions (Hsieh ef al., 2020),
which makes an increased focus on this target group useful. For broad-based market portfolios
of different countries, it has already been shown in the context of the COVID-19 outbreak that
it led to negative, abnormal returns (Ali ef al., 2020; Rahman et al., 2021).

Numerous events occurred during the COVID-19 outbreak and spread, all of which could
represent potential shock situations for individual investors or groups of investors. The focus
of'this study is on three specific events, which have been identified as part of the research design
(Chapter 5.2.1). These three significant events likely represent shock situations in the context
of the spread of COVID-19 worldwide, particularly in the US, due to their importance and
(financial) implications for the local economy and society. For these events, it can be assumed
that the market participants had no prior knowledge and that the events were, therefore, actually

unexpected:

e The official confirmation of the first positive COVID-19 case in the US on January 21%,
2020.

e The declaration of the COVID-19 outbreak as a “Public Health Emergency” on January
31%, 2020.

e The official declaration of the COVID-19 outbreak as a global pandemic by the World
Health Organization on March 11, 2020.
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The hypotheses are therefore formulated as follows (Return Hypotheses):

H2a: The disclosure of the first COVID-19 case in the US leads to negative abnormal returns

on stocks of companies included in the S&P 500 index.

H2b: The declaration of the COVID-19 outbreak as a public health emergency in the US
(American Hospital Association 2020) leads to negative abnormal returns on stocks of

companies included in the S&P 500 index.

H2c: The World Health Organization's declaration of a pandemic leads to negative abnormal

returns on stocks of companies included in the S&P 500 index.

3.3 General Effect of the Release of Information about COVID-19 on Stock Volatility

Several aspects found in previous research serve as foundations for the hypothesis regarding
the effect of information about COVID-19 on stock volatility in this dissertation. First, higher
volatility after disclosing new information can be seen as an indicator of stock market efficiency
(Chen et al., 1999; Tweneboah-Koduah et al., 2020). In line with the concept of EMH,
investors’ expectations are based on an analysis of the company's fundamental data or the
market under consideration. Even if the fundamentals of companies initially remain unchanged
after an exogenous shock situation, such as the COVID-19 outbreak, the market environment
and outlook for companies operating in the affected markets change. Irrespective of whether
investors adjust their expectations rationally and sell the security because the reservation price
has fallen short or show an irrational reaction to the unexpected event and sell in a panic, this
will result in increased volatility. As demonstrated by Berkman et al. (2011), already the
perceived likelihood of a sudden disaster occurrence causes an increase in volatility and the risk
premium for securities. In turn, exogenous shocks, disclosing sudden, unexpected information,
should lead to changes in volatility levels, assuming that this volatility can also be measured at

the company-specific level.

Second, uncertainty in expectations concerning a company’s stock is closely linked with
increasing volatility (Su ef al., 2019). Furthermore, also the emergence of uncertainty and
instability in society is closely linked to rising volatility in the financial markets (Tetlock, 2007;

Corbet et al., 2018).

Third, a study by Engelhardt e al. (2021) concluded that societal trust and trust in the country’s

government are essential factors influencing volatility. Their study showed that the volatility of
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securities in countries with more trusted governments is lower than in countries with less trust.
In general, there is evidence that political uncertainty has an impact on the volatility of different
asset classes (Fang et al., 2019; Wang et al., 2019; Wang et al., 2020) and that, conversely,
political measures can reduce volatility, especially in the event of pandemic disease outbreaks
(Bai et al., 2020). A study also shows that the volatility of US equities is sensitive to positive

or negative news in different industries (Baek et al., 2020).

Fourth, investor sentiment also impacts the volatility of securities in general (Reis and Pinho,
2020). Lee et al. (2002) show that a shift to more negative sentiment leads to increased
volatility. In some studies, volatility indices such as the Volatility Index (VIX) are even used
as a measure of market sentiment themselves (So and Lei, 2015; Ding et al., 2021). The authors
argue that an increase in the VIX can indicate increased uncertainty and a more pessimistic
mood, leading, in turn, to higher volatility. However, just as increased volatility can be
interpreted as a sign of uncertainty and, therefore, pessimism, in some cases, a high level of
optimism also indicates increased trading activity and greater exploitation of market potential.
This can be observed, for example, in the price performance of cryptocurrencies in the course
of individual events that are generally positive (Sapkota, 2022). Even ifit is not fully
transparent whether volatility can be seen as a sign of more positive sentiment and increased
occurrence of irrational market forces or vice versa, changes in volatility should become visible

and measurable when investor sentiment changes.

There is already evidence of an increase in volatility after the outbreak of the COVID-19
pandemic for broad market indices or market portfolios (Bai et al., 2020; Haroon & Rivzi, 2020;
Baker ef al., 2020). In turn, Sharma et al. (2014) observed that the overall volatility of a market
also impacts volatility at the individual company level as part of a spill-over effect.
Accordingly, it can be expected that an increase in volatility due to the disclosure of unexpected
information in the wake of COVID-19 should be measurable when determining the effect at the
company-specific level, in particular, while considering the change in the conditional standard
deviation induced through the investigated events. Thus, the following hypotheses are set

(Volatility Hypotheses):

H3a: The disclosure of the first COVID-19 case in the US has an effect on stock price volatility
for companies included in the S&P 500 index.
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H3b: The declaration of the COVID outbreak as a public health emergency in the US
(American Hospital Association 2020) has an effect on the stock price volatility of companies

included in the S&P 500 index.

H3c: The World Health Organization's declaration of the pandemic has an effect on the stock
price volatility of companies included in the S&P 500 index.

3.4 Moderating Effect of Investor Sentiment on the Relationship between Release of

Information about COVID-19 and Stock Prices

The primary aim of the study is to deepen the understanding of the moderating role of company-
specific investor sentiment during exogenous shocks such as the outbreak and spread of
COVID-19. As explained in Chapter 2, investor sentiment refers to the consolidated attitude of
investors towards a security. The fact that investor sentiment significantly impacts stock prices
is widely documented (Fisher and Statman, 2000; Seok et al., 2024). The phenomenon of
investor sentiment can be observed not only when looking at overall markets or indices, but
also individually for individual companies. DeVault et al. (2019) argue that market-wide
sentiment indicators measure the changes in sentiment at a broad level, which no longer allows
analysis of the individual development of the trading risk of individual companies. In addition,
a company-specific view of sentiment allows for a more thorough analysis of individual
characteristics of companies and, in the further course of the study, the characteristics of sectors
in aggregated form. This detailed analysis is no longer possible when using a market-wide
sentiment indicator. Seok et al., for example, identified the effects at the company level for the
Korean stock market (Seok et al., 2019a; Seok et al., 2019b). They also determined that positive
investor sentiment towards a company leads to higher returns in the short term. One possible
explanation for this phenomenon could be that investor sentiment stands for (in this case)

positive expectations, which causes the security price to rise due to increased demand.

Investor sentiment could also play a role in a sudden shock situation. As the Return Hypotheses
H2a — H2c demonstrate, a shock situation leads to negative, abnormal returns in the short term.
This is likely caused by a sharp sell-off of securities due to a panic-like reaction to the sudden
event. Studies have already shown that investor sentiment influences the return from securities
in situations of uncertainty (Tetlock, 2007; Kaplanski and Levy, 2010; Birru & Young, 2022).
Birru and Young (2022) show that the impacting role of investor sentiment is substantially more

prominent in times of higher uncertainty relative to when uncertainty levels are at their means,

67



which is confirmed by a similar study by Garcia (2013). Tetlock (2007) showed that investors
tend to overreact to events when sentiment is negative, leading to increased stock price
discounts, even when the fundamental value remains unchanged. Furthermore, a study by Ryu
et al. (2019) found that investor sentiment did exhibit a significant impact on stock returns
during the financial crisis of 2008 and 2009 in the Korean market, which can be seen as
an exogenous shock. In negative shock situations or when uncertainty increases, investors
might not initially sell all securities in their portfolio. However, for rational reasons, they
initially tend to prioritize divesting securities for which they hold the most pessimistic
expectations regarding future performance. Investor sentiment could be a differentiating factor
for such situations. It can be assumed that in an exogenous shock, investors will initially sell
securities for which their attitude is (more) negative than for other securities held. This would
mean that companies with similar business models and fundamentals but different sentiment
levels could react differently to exogenous events. As positive investor sentiment also positively
affects security prices on "normal" trading days (Fisher and Statman, 2000; Brown & CIiff,
2005), this observation should also apply after shock situations according to the same logic.
Accordingly, although negative abnormal returns occur in the context of sell-offs, these are not
as strong for securities with a predominantly positive investor sentiment as for securities with
a more negative investor sentiment. Yu and Yuan (2011) argue that, while rational traders need
a defined compensation for a given risk, sentiment-driven traders could assess this risk
compensation differently due to their sentiment bias and distort the risk-return relationship by

asking for a lower price of risk.

As part of an investigation into the COVID-19 pandemic and its impact on the US and European
securities markets, Reis and Pinho (2020), as well as Sun et al. (2021) in a study of the Chinese
securities market, found initial indications that investors are sensitive to the number of cases in
the respective countries (albeit to varying degrees), which further supports the assumption.
According to Sun et al. (2021), these sensitive reactions cannot be based solely on economic
indicators, indicating an influence of investor sentiment. Such a correlation should also be
recognizable in a company-specific calculation of investor sentiment, and this effect should
also be transferable to other securities markets in other countries. Therefore, the following

hypotheses are proposed (Moderating Effect Hypotheses):

H4a: Investor sentiment moderates the relationship between the release of information about

the first COVID-19 case and the stock prices of companies included in the S&P 500 index.
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H4b: Investor sentiment moderates the relationship between the release of information about
the declaration of the COVID outbreak as a public health emergency in the US (American
Hospital Association, 2020) and the stock prices of companies included in the S&P 500 index.

H4c: Investor sentiment moderates the relationship between the release of information about
the declaration of the pandemic by the World Health Organization and the stock prices of
companies included in the S&P 500 index.

The four stages of the dissertation, including the hypotheses assigned to each, are summarized

in Figure 4.

Stages Hypotheses
Stage 1

- Determination of the company-specific sentiment indicators

- Determination of the sector-based sentiment indicators H1

- Determination of the aggregated overall sentiment indicator (OSI)
- Testing the OSI for predictive accuracy for daily stock returns.

Stage 2
- Investigation of the impact of the defined events on stock prices H2a - H2c¢
- Determination of CARs

Stage 3

- Investigation of the impact of the defined events on stock price volatility H3a - H3c

Stage 4
- Investigation of the role of investor sentiment in the development of CARs | H4a - H4c
during the defined events.

Figure 4. Sequence of the Investigation

Source: own compilation.

Chapter 3 develops the hypotheses of the dissertation from a synthesis of theoretical principles,

previous findings from empirical research, and the research questions as formulated in Chapter
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1. The hypotheses form the basis for the selection of suitable empirical research approaches in
the following chapters. The hypotheses are tested using statistical methods, and the empirical
results are analyzed and interpreted in Chapter 6. The investigation sequence is summarized in
Figure 4, comparing research stages and hypotheses. An overview of the Research Questions,
related hypotheses, stages, and the corresponding chapters of the dissertation is provided in

Appendix A.
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CHAPTER 4
METHODOLOGICAL FOUNDATIONS

This chapter provides a scientific and methodological overview of the econometric and
statistical methods applied in this study. First, various types of sentiment indicators are
discussed in detail. Then, based on the indicators' characteristics, advantages, and
disadvantages, the sentiment indicator used for this study is selected. Subsequently, the
construction of the chosen sentiment indicator, in which several econometric methods are used,
is discussed in detail. Various econometric methods are used in the present study to ensure that
the research questions investigated are answered scientifically. To calculate the investor
sentiment indicator based on the approach developed by Seok et al. (2019b), the linear
regression method and principal component analysis were used. To determine the prediction
reliability of the aggregated Overall Sentiment Indicator (OSI) for S&P 500 index daily returns
(Predictive Hypothesis, H1), Granger’s test for causality is applied. The event study method is
used to test hypotheses H2a, H2b, and H2c (Return Hypotheses). The generalized sign test is
used for the significance test. For further analysis of hypotheses H3a, H3b, and H3c (Volatility
Hypotheses), a GARCH model is first specified, and the significance test is then carried out
using a cross-sectional t-statistic based on an approach by Savickas (2003). Finally, to test
hypotheses H4a, H4b, and H4c (Moderating Effect Hypotheses), the U-Mann-Whitney test and

a median test were applied.

4.1 The Measurement of Investor Sentiment

Investor sentiment is complex and thus difficult to determine (McGurk et al., 2020) and is
sometimes influenced by many invisible factors or factors where a connection does not seem
obvious. Due to the “non-tangible” character of investor sentiment, it is essential to select the
appropriate operationalization in the form of a suitable model for measuring investor sentiment
as part of the research project preparation to effectively exclude possible sources of error and

confounding variables from the outset.

Sentiment indicators can be classified according to the underlying data or individual indicators,
the so-called proxies, which represent an operationalization of investor sentiment and form the
basis for calculating the corresponding indicator. Bu (2021) distinguishes direct and indirect

measures, with direct measures mainly based on direct opinions and indirect measures derived
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from other data or KPIs. According to Zhou (2018), approaches to operationalizing investor
sentiment can be classified into three categories: survey-based, text- and media-based, and

market-based.

As described in the context of theory development, various approaches exist to measure investor
sentiment in markets, indices, or individual companies. A common fact of these approaches is
that their operationalization can only ever approximate the actual sentiment of market
participants as closely as possible. After all, "real investors and market [...] are too complicated
to be neatly summarized by a few selected biases and trading frictions" (Baker & Wurgler,
2007). Therefore, investor sentiment can only be "an approximate measurement of the stock
market's attitude at a given time" (Gallant, 2017). Even if this statement is valid, a wide variety
of approaches have proven their suitability for predicting, for example, future stock returns or

the volatility of securities, at least based on the usual significance levels.

However, some of the approaches were criticized because the metrics considered are basically
the result of investor sentiment. The IPO first day returns, for example, used by Baker and
Waurgler (2006) in their study, result at a certain level precisely because the investor's attitude
towards this security is mainly positive or negative. Qiu and Welch (2004) therefore raise the
question "how does one test a theory that is about inputs and outputs with an output
measure?* Although the approach developed by Baker and Wurgler, as described later in the
chapter, predominantly considers "outputs" for measuring investor sentiment, it has received

widespread recognition to date and has been revisited in several studies (Corredor et al., 2013).

In addition to operationalizing investor sentiment, the question of measuring sentiment at the
company level is also coming to the fore in more recent research. Increased data availability
and the assumption that investor sentiment can vary not only between markets but also between
companies have prompted several studies to address this topic (Seok et al., 2019b). The first
approaches of this kind initially attempted to link market-related sentiment measurements with
company-specific problems (Bergman & Roychowdhury, 2008; Hribar & Mclnnis, 2012;
Livnat & Petrovits, 2011; Mian & Sankaraguruswamy, 2012; Walther et al., 2013), which,
however, disregards company-specific characteristics, at least when measuring sentiment. RQ3
asks about the suitable methods of measuring IS on a daily and company-specific basis. In this

chapter, the various approaches will be systematized and characterized.
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4.1.1 Survey-based Sentiment Indicators

Survey-based indicators are used in numerous studies as a proxy for investor sentiment (Fisher
& Statman, 2000; Qiu & Welch, 2004; Greenwood & Shleifer, 2014; Amromin & Sharpe,
2014). On the one hand, measuring investor sentiment via a direct survey of market participants
offers the advantage over other approaches of direct, fast, and transparent availability of
sentiment information. In contrast to other approaches, sentiment is not "operationalized" but
directly available. On the other hand, disadvantages lie in the time-consuming data collection
and the limitations in sample size, sample selection, and survey frequency (Zhou, 2018). Also,
the risk of socially desirable answers or the emergence of the so-called "prestige bias", in which
respondents give personally positive answers (Beer & Zouaoui, 2013), must be considered.
Furthermore, it is questionable whether all market participants know their attitude towards a
particular security or market precisely because "sentiment" is an unconscious phenomenon.

Therefore, survey-based measures are considered “less objective” (Bu, 2021).

In a review by Zhou (2018), mixed results for survey-based indicators’ potential were found,
with the predictive accuracy appearing to depend primarily on the number of people surveyed
and the time horizon of the surveys conducted. Nevertheless, Zhou (2018) states that the
possibilities offered by the Internet and the ability to conduct surveys via smartphones could
make determining sentiment via surveys more important in the future. In this context, Chau,
Deemonsak, and Koutmos (2016) determined that sentiment-driven investors consider survey-
based indicators when making investment decisions. It is also worth noting that survey-based
indicators are particularly used as robustness checks in addition to other indicators (Colén-De-
Armas et al., 2017). Well-known “ready-made”, survey-based proxies for investor sentiment
are the UBS/ Gallup sentiment survey or the weekly American Association of Individual

Investors Investor Sentiment Survey (Maknickiene ef al., 2018).

4.1.2 Text- and Media-based Analytic Indicators

Text- and media-based indicators represent another category of sentiment indicators, with
news-analytical indicators forming an important sub-category. This frequently chosen method
of determining investor sentiment is an analysis based on categorizing current opinion
statements from various stakeholder groups - usually from institutional analysts or private
shareholders. An overall sentiment for individual companies up to entire markets is thus

determined from a suitably large sample. The source of the news is diverse. Traditionally,
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analyst reports and newspaper commentaries (Garcia, 2013; Mangee, 2018; Baker et al., 2020;
Fisher & Statman, 2000) have predominantly been analyzed in more detail to determine
sentiment. Both the sentiment and the surprise index from Marketpsych by Thomson Reuters
also used text-based measurements built from many sources of the investment and business
sector (Bu, 2021; Papakyriakou et al., 2019). Since the early 2010s, the analysis of Internet-
based news and social media posts, such as Twitter posts (Bollen & Mao, 2011; McGurk et al.,
2020; Sanford, 2022; Zeitun et al., 2023), Facebook posts (Karabulut, 2013), Reddit Posts
(Lyocsa et al., 2022; Bowden & Gemayel, 2023) or Google search queries (Lydcsa et al., 2020,
Reis & Pinho, 2020; Chen et al., 2021), has increasingly come to the fore. In the case of Google
search query analysis, the studies rely on analyzing Google content and determining sentiment

based on the search frequency of specific terms or combinations of terms over time.

After an initial survey, the content of the opinion expression is evaluated according to the
direction of sentiment (positive, neutral, or negative, in some cases, also scale-based, further
gradations). Dictionaries or lexicons are used to assign those emotion scores to the words
(Shapiro et al., 2022; Garcia, 2013). In a 2011 study, Mao examined the usability of various
internet-based operationalization approaches for investor sentiment. The author showed that
both the analysis of Google queries and the analysis of Twitter postings can be used to predict
the stock returns of the Dow Jones Industrial Average (Mao, 2011). Critical to the success of
using social media streams as sentiment indicators is, first, the use of a sufficiently large sample
size, a reliable determination of the direction of sentiment from the postings, and ensuring that
there are "real" people behind the postings who, if possible, are themselves active in the

securities markets (Bu, 2021).

Another approach, which combines the "traditional" method of text-based sentiment
determination using daily published articles with the use of modern software tools to determine
the direction and strength of sentiment as accurately as possible, was presented as the Daily
News Sentiment Index by Shapiro, Sudhof, and Wilson (2022). This Index shows a prediction

accuracy at the level of survey-based sentiment analysis methods (Figure 5).
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0,30

Figure 5. Daily News Sentiment Index Around the COVID-19 Outbreak

Source: own compilation based on data from the Federal Reserve Bank of San Francisco,
https://www.frbsf.org/research-and-insights/data-and-indicators/daily-news-sentiment-index/ (as of 25" of
August, 2024).

While analyzing the role of investor sentiment during the outbreak of the COVID-19 pandemic,
the focus of the research was initially on sentiment following COVID-19-related news and its
influence on the development of share prices or the volatility of securities, whereby text- or
media-based indicators were predominantly used for measurement. For example, the Google
Search Volume Index was used for this purpose, in which individual search terms were assigned

a positive or negative alignment (Cevik et al., 2022).

In other studies, a keyword analysis in Google Trends was used to construct a “COVID-19 fear
index” as an investor sentiment proxy (Subramaniam & Chakraborty, 2021; Anastasiou ef al.,
2022). Sun, Bao, and Lu (2021) used individual opinion statements from the Chinese investor

social platform Guba to build the GubaSenti index.

4.1.3 Market-based Indicators

Contrary to the other types of sentiment indicators, market- or ratio-based indicators are
characterized by high reliability and unambiguity in their determination and, at the same time,

broad data availability. They are based on one or a combination of several indicators, which in
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themselves are demonstrably suitable as an operationalization for the prevailing sentiment, such
as closed-end fund discount (Baker & Wurgler, 2006; Colon-De-Armas et al., 2017), stock
exchange turnover, equity shares in new issues or dividend premiums (Baker & Wurgler, 2006).
The final investor sentiment index is then often calculated as the difference between a
theoretical expected value (often operationalized as the vector of residuals) and the actual

observed proxy value (Zhou, 2018).

To improve the prediction accuracy of the proxies, different investor sentiment indicators use
a combination of various individual measures as a composite IS index based on the principal
components of the individual proxies. Baker and Wurgler used the closed-end-fund discount,
NYSE share turnover, the number of IPOs, the average first-day returns on IPOs, and the equity
shares in new issues as the dividend premiums to build their index (Baker & Wurgler, 2006).
Based on this approach, Seok ef al. (2019a) developed a similar indicator, using different
market indicators (Relative Strength Index, Psychological Line Index, logarithm of the trading
volume, and the adjusted turnover rate) and a principal component analysis to build a daily,
company-specific sentiment index. They used the residuals of a regression of the individual
components against the general market return (for the market where the companies are listed).
Regressing stock price movements against market returns or other macroeconomic factors (e.g.,
GDP, long-term interest rates, Consumer Price Index) is generally a common approach to

distinguish rational from irrational price movements (Uygur & Tas, 2014).

In general, a broad distinction of market-based indicators can be made based on the level of

aggregation under consideration:
e Country-specific indicators
e Market / index-specific indicators
e Sector-specific indicators
e Company-specific indicators

"Index-based indicators" can be seen as a sub-category of the market-based indicators. These
are simplified and “ready-made” into an index figure based on an underlying calculation
methodology. Numerous providers offer different indices whose objectivity, validity, and
reliability, and thus suitability as an operationalization for investor sentiment, have been proven
in part by corresponding studies. Among the most prominent providers are Ravenpack (Hafez

& Xie, 2016), the Bear Sentiment Index (Bu, 2021), and, for example, the empirically derived
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sentiment index of the two researchers Malcolm Baker and Jeffrey Wurgler (Arif, 2014;
Corredor et al., 2013; Mian & Sankaraguruswamy, 2012). The main drawback of those ready-
made indices is the non-disclosure of the exact calculation formula of the indicator by the
publishing body. Thus, it is not transparently comprehensible which factors or which
weightings of various elements were applied to create a sentiment value. Especially in
connection with the essential fact mentioned above that the determination method of sentiment
must be adapted to the research question, this lack of transparency may be problematic. On the
other hand, the advantage of these "prefabricated" factors is their uncomplicated availability
and easy applicability for research purposes. During investigations into the COVID-19
pandemic, these “ready-made” indices also offer the advantage of consistent availability at any
frequency and being tailored to the desired sample size, from individual companies and specific

sectors to large markets.

4.2. Sentiment Indicator Used for This Study

The following section is dedicated to deriving the sentiment indicator used for the present study
from the broad selection of available indices in the various categories. The respective
approaches are more or less suitable for different investigation purposes. Therefore, selecting a
suitable determination methodology is essential for the meaningfulness of the investigation
result against the background of the object to be investigated. Thus, the content of this
subchapter, aimed at selecting a specific sentiment indicator, directly relates to Research

Question 5 (RQ5).

4.2.1 Selection Criteria for Calculating the Investor Sentiment Indicator

Research Question 5 (RQS5) seeks to identify the most suitable method of measuring investor
sentiment in the context of this study. A sentiment indicator must meet several criteria to be
suitable for this study. First, this thesis focuses on the impact of COVID-19 on investor
sentiment for US companies in various sectors and the role of investor sentiment in moderating
the relationship between the outbreak of COVID-19 and company stock prices. As a result, the
most appropriate indicator is a company-specific investor sentiment indicator. In this case,
indicators measuring broad market indices or countries' sentiments cannot be applied. In

principle, indicators from each of the above-presented categories provide company-specific
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investor sentiment measures. As such, they fulfill this criterion and seem suitable for the present

study.

Second, a quality criterion to ensure valid and reliable results is to avoid a spill-over effect
between the companies and sectors under review, with the sentiment from one company or one
sector affecting other companies in the same or different sectors because of an economic
relationship. Although these spill-over effects can never be entirely ruled out, they have been
reported particularly for news-based indicators, especially against the backdrop of shock
situations (Long & Zhao, 2022). This finding is underlined by a study by Cohen and Frazzini,
who demonstrated a price effect in companies that have an economic relationship with each
other in situations where relevant news occurs at an affiliated company (Cohen & Frazzini,

2008).

Third, the boundary condition of the present study is the need for the broad availability of a
uniform sentiment indicator on a daily basis. Some studies make use of prefabricated text- or
survey-based sentiment indicators developed by companies (Refinitiv, Ravenpack, and others;
Chapter 4.1), presumably due to the easy accessibility and availability of the data. However, in
many cases, the availability of these indicators is limited to popular companies or companies
with a large market capitalization, and their composition and data basis are often not
transparently accessible. To ensure broad data availability also for smaller or less "well-known"
companies as well as to guarantee the traceability of the study results, it, therefore, makes sense
to go for a market-based indicator based on generally available key figures that can, thus, in
case of doubt, be generated for each company under consideration from freely accessible data.
In addition, a rising number of researchers have highlighted concerns that ready-made text-
based or survey-based indices may fail to sufficiently account for the irrational aspects of
investor expectations (Pham et al., 2025; Ung et al., 2024), and may also be affected by
methodological limitations, such as sample selection bias (Zhou, 2018). Consequently, market-
based indices are often considered to provide a more objective measure of investor sentiment

(Aggarwal, 2022; Pham ef al., 2025).

Fourth, this dissertation’s added value comes precisely from the intensive development and
application of a sentiment indicator, which is why using a “pre-calculated” index is not useful.
Finally, this study aims to examine the development of investor sentiment for a defined period
in more detail by investigating the underlying drivers, which would also not be possible using

a “ready-made” indicator.
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To sum up, even though many studies analyze the impact of investor sentiment on share prices
using, e.g., text-based measures, this dissertation chooses to use a market-based indicator.
Examining the suitability of such an approach for the research questions at hand also represents

an added value of this dissertation.

4.2.2 The Daily Company-Specific Sentiment Indicator

Seok, Cho, and Ryu (2019a) propose a daily, company-specific investor sentiment indicator
(IS) based on a combination of several financial market metrics related to corporate investor
sentiment (investor sentiment proxies). This extends an initial approach by Yang and Zhou,
which initially aimed at generating a proxy based on commonly available metrics (Yang &
Zhou, 2015). A similar approach is also used in further research by Ryu et al. (2017) and Yao
and Li (2020).

The IS construction is similar to the investor sentiment indicator proposed by Baker and
Wurgler (2007). However, it uses other individual proxies. Moreover, it supplements Baker and
Wurgler's approach with aspects that are particularly helpful for this study’s research questions,
i.e., on the one hand, it offers lagging elements that provide consistency and tend to develop
more slowly over several trading days (e.g. Relative Strength Index and Psychological Line
Index), and on the other hand, by taking into account the daily trading volume and the adjusted
turnover rate, the formula includes proxies that take into account the short-term nature of an
exogenous shock. This takes into account the fact that in "normal" times, sentiment tends to
adapt to a changed market or company situation in the medium term and with a specific time

lag, while at the same time retaining the flexibility required to analyze a shock situation.

All individual proxies are combined to generate the indicator using a principal component
analysis (based on the Baker / Wurgler proposed variant for determining a sentiment indicator).
The principal-component analysis is intended to level out the weaknesses of the separate
proxies and thus increase the measurement accuracy of investor sentiment (Liu et al., 2020).

The following components are used to generate the sentiment indicator:
e Relative Strength Index (RSI)
e Psychological Line Index (PLI)
e Adjusted Turnover Rate (ATR)

e Logarithm of Trading Volume (LTV)

79



Finally, the PCA outcomes are combined using a linear function to generate the IS indicator

(based on the Baker and Wurgler proposition for determining a sentiment indicator).

The Relative Strength Index (RSI)

The relative strength index (RSI) is a financial market indicator that provides insight into the
relative strength of a market and thus gives statements on the "overbought" or "oversold" status

of a stock. The RSI itself is defined as

Rsi,t
1+RS;¢

RS, = [ ]-100,

where
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The RSI determines if a stock or index is overbought or oversold in a certain period. The RSI
is thus a lagging indicator, as it moves based on observing a stock's past behavior. In many
investigations, the 14-day RSI is used, which includes the market development in the past 14

trading days in its calculation.

The RSI was applied in several studies as an operationalization for sentiment. In 2008, Chong
and Ng proved that a trading strategy based on the RSI generates better returns than the buy-
and-hold strategy (Chong & Ng, 2008). For the first time, Chen ef al. (2014) used the RSI as a
proxy for an explicit sentiment measure in 2010 in a study of the Chinese stock market. The
indicator, which was developed from six individual components, showed "good out-of-sample

predictability".

Subsequently, several investigations demonstrated the suitability of the Relative Strength Index
as a proxy for investor sentiment in studies of the stock/ securities market (Kim & Ha, 2010;
Phoung, 2021), while another study demonstrates the suitability of the RSI for the futures
market as well (Gao & Liu, 2020).

The Psychological Line Index

The Psychological Line Index (PLI) is another index used to indicate market conditions and
momentum. It counts the number of upward movements during a predetermined period and

captures short-term price reversals and the psychological stability of investors. The PLI is
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calculated by considering the proportion of individual subperiods in the overall period under

consideration in which prices rose. The calculation of the PLI is based on the following formula:

PLI,, = [2,1;0 {m“"(P ek P i'f—"—l"’)} /12] -100.

Pit—k—Pit—k-1

A PLI with a value between 50 and 100 thus indicates that the number of subperiods with higher
closing prices than starting prices was in the majority. In contrast, a PLI between 0 and 50
indicates a situation of subperiods with predominantly lower closing prices (Murphy, 1999).
For the interpretation of the index, this means that in the case of a value between 50 and 100,
buyers dominate the market, while at a lower value, sellers dominate the market. Furthermore,
at a value of 75 and higher, the market or the company under consideration is considered
overbought, while a value of less than 25 indicates "oversold". For this reason, PLI can be

interpreted as an indicator of prevailing sentiment.

It should be noted that the PLI merely reflects the proportion of positive subperiods in the total
number of periods and, therefore, does not indicate the total gains or losses in the period under
review. At the same time, this statement reveals a weakness of the Psychological Line Index
when used as an indicator of investor sentiment: experiencing few individual subperiods with
high losses in the period under review, accompanied by a large number of positive periods with
small gains, can in total lead to a "bullish" indicator, while the security price fell in the same
period. Also, the choice of the appropriate period and the determination of the length of a single
period are essential for the success of an investigation. In the context of their study, Ryu et al.
rely on a total period of 12 trading days with an individual subperiod length of one trading day
(Ryu et al., 2017).

Numerous other studies also use the Psychological Line Index as a proxy for investor sentiment.
It is used either as a stand-alone indicator (Jaziri & Abdelhedi, 2018; Phuong, 2020) or with
other financial indicators (Liu et al., 2020; Yang & Chi, 2021). The Psychological Line Index
has also been used in a study to measure investor sentiment in the futures market (Gao & Yang,

2017).

Logarithm of Trading Volume (LTV)

The trading volume of a share is closely linked to its liquidity. Liquidity results from the
“realizability of a share,” i.e., the ability to be absorbed by a market without losses (Pagano,

1989). A market's increased ability to absorb shares in the short term, in turn, makes it more

81



attractive to market participants, resulting in higher market activity. The activity of a market

can be determined by the trading volume (Pagano, 1989).

Baker and Stein (2004) found a relationship between investors' optimism and liquidity in the
market. Scheinkman and Xiong (2003) also argue that heterogeneous beliefs based on investors'
overconfidence lead to increased speculative trading among market participants, which, in turn,

increases trading volume.

In line with these findings, Liu proves in a more recent study that trading volume and investor
sentiment are linked (Liu, 2015). Moreover, the author argues that the basic behavioral finance
theory, the concept of "noise trading," also implies increased trading activity when market
sentiment is correspondingly positive. The author also argues, based on the findings of a study
by Odean and also in line with Scheinkman & Xiong (2003), that high investor sentiment and,
consequently, high self-confidence among securities market players leads to high stock

liquidity (Liu, 2015; Odean, 1998).

Two other studies also demonstrated that Twitter messages or news from a real-time stock ticker
can serve as a proxy for investor sentiment at the firm-specific level to predict higher trading
volume (of the S&P 500 index, among others). Accordingly, it can be assumed that higher
trading volume is significantly related to positive investor sentiment and that this also allows
for drawing further conclusions about the development of stock prices in future periods (Duz

Tan & Tas, 2021; Joseph et al., 2011).

In contrast to these findings, a study by Kim, S.H., and Kim, D. (2014) found no correlation
between investor sentiment extracted from internet postings on the Yahoo Finance portal and
the trading volume of the investigated companies, nor with the future stock returns of the
companies studied. In contrast to previous studies, they used a longer time horizon of six years
and a broader sample of 91 companies and 32 million downloaded text messages to answer
their research questions. Investor sentiment was determined at individual company and
aggregate levels (Kim & Kim, 2014). In a study on the Johannesburg Stock Exchange, trading
volume was also used as an investor sentiment indicator to predict the volatility of stock prices.
The study's authors could infer the further development of securities volatility based on the

development of trading volume (Rupande et al., 2017).

Additionally, in the study by Siganos, Vagenas-Nanons, and Verwijmeren (2017), the authors
identified another significant relationship between investor sentiment and trading volume. The

study examined how substantial divergence and dispersion of sentiment affect trading volume.
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Specifically, it was possible to determine and prove that in situations with a high divergence of
sentiment, trading volume was higher following the release of both positive and negative
company news than in situations with greater homogeneity of sentiment (Siganos et al.,

2017). In this dissertation, the LTV was calculated using the following formula:

LTV;, = In(Viy).

Adjusted Turnover Rate (ATR)

Baker and Wurgler propose using the Turnover Rate as a proxy for measuring investor
sentiment as part of their comprehensive study. The turnover rate does not provide any
information on the direction of sentiment. The reason is that it is not possible to clearly state
whether increased turnover was caused by positive or adverse investor sentiment. To make the
ratio more manageable, Zhang and Yang in 2014 finally proposed the use of the "adjusted
turnover rate," which can be defined as described by the following formula (Yang & Gao,

2014):

Vit . Rig
number of shares outstanding;s |Ri¢|

ATR;, =

Beyond its original use as a financial indicator, the turnover rate's usability as a sentiment
indicator was confirmed in another study on the securities market and a study focusing on the
futures market (Gao & Liu, 2020; Gao & Yang, 2017). Furthermore, the suitability of shares

outstanding as a proxy to predict stock returns has also been empirically proven (Nelson, 1999).

Calculation of The Company-Specific Sentiment Indicator

The next step in developing the overall sentiment indicator is to determine the residuals of the
four individual components on a daily basis by regressing the daily values against a "risk-free
market return". This is based on the assumption that the residuals, i.e., the unexplained portion
of the variance of a value, represent the irrational component of the sub-indicators as an

unexplained value contribution.

This is in line with the definition of investor sentiment, which precisely assumes that this type
of sentiment is irrational and thus cannot be explained by typical models. Each stock return
value must be adjusted for its "market share" to calculate the residuals. Again, this is based on
the assumption that each trading day’s overall price gain or loss is not solely attributable to

individual company considerations but that general market events and micro- and
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macroeconomic trends influence price movements. In order to finally measure a company's
investor sentiment, each factor of the sentiment indicator must, therefore, first be adjusted for

this market-induced component (Seok et al., 2019a).

To do this, each individual component is now regressed based on the formula (Seok et al.,

2019b):
Compy;r = ag + a; - Market, + & ;¢

where Market, is the market excess return (i.e., market return less the risk-free rate) at time t.
This results in four equations, one for each component. Residuals obtained from these equations
are the isolated daily residuals of each of the four sub-indicators. These residuals form the basis

for calculating the sentiment indicator.

For the final calculation of the daily, company-specific sentiment, the next step is to calculate
a Principal Component Analysis (PCA) for each of the calculated partial values (ultimately four
PCAs per company examined) to reduce the dimensions and further condense the collected data
systematically. This approach was proposed initially by Baker and Wurgler (2007) and was
subsequently used in numerous studies (Chen et al., 2014; Seok et al., 2017; Aggarwal &
Mohanty, 2018)

PCA is a mathematical method of multivariate statistics that structures extensive data sets using
the covariance matrix's eigenvectors and simplifies a data set by reducing the linear
combinations to principal components (Greenacre et al., 2022). The PCA in the current
investigation will be carried out using the statistical analysis software Stata. An eigenvalue of

at least 1 is the threshold value for extracting a component.

For the final calculation of the daily sentiment indicator, the calculated principal components
are now multiplied separately at the individual company level by the respective daily values for

the individual indicators, and the results are finally added together:
Sit = First X RSl + Fipy X PLI ¢ + Fi grr X ATR; ¢ + Fy pry X LTV,

The resulting variable is a company-specific sentiment indicator, available daily over the

observation period.
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4.3 Granger’s Test for Causality

Granger's test for causality, introduced by C.W.J. Granger in 1969, measures whether one time
series is useful for forecasting another (Granger, 1969). The test is widespread and often used

to analyze time series data in many fields (Shojaie & Fox, 2022).

Even though Granger speaks of “causal relationships” and tests the “causality” with his
procedure, the test procedure is only based on the assumption of a flow of information between
a variable y at time t = 0 and a variable x at a later time. Variable y is therefore considered
causal for x if (past) values of y contribute to the explanation of x. An actual and direct causality
cannot be proven using the test procedure, which is why “Granger causality” is also referred to

as a fixed expression in this context.

The linear vector autoregressive model (VAR) originally developed by Granger is a bivariate
model, initially not including any other influencing variables, leading to less precise results.
More recent approaches, such as Network Granger Causality, solve this problem by considering
additional variables or simultaneously determining the Granger causality of several time

series (Shojaie & Fox, 2022).

The vector autoregressive model proposed by Granger, which is still, along with the Sims test
(1972), among the most popular tests to measure Granger-causalities (Maziarz, 2015), is based

on the following framework:
A%, = Zg=1 Afxe i + e,

where A°,...,A% can be described as p X p lag matrices and d denotes the lag or order, whereas
e; 1s the error term of the calculation (Shojaie & Fox, 2022). This basic autoregressive model
uses X;_j as predictors for x;. To test the additional explanatory power of y in the development

of x, the model is now specified further (Ding et al., 2006):
A% = Do Ao+ XFo 1 B¥ ye i + e

The Granger test for causality tests the null hypothesis B = B? = --- = B¢ = 0, indicating that
the past development of y has no additional explanatory value for x. If at least one B¢ would
be significantly different from 0, y would be Granger-causal for x (Shojaie & Fox, 2022). The
significance of the calculation can be determined using an F-test, including values of the
reduced model (which only contains the values of the time series of x) in addition to the full

model (which contains the values of both time series, x and y) (Shojaie & Fox, 2022):

85



_ (RSSred - RSSfull)/(r - S)
RSSpyu /(T —1)

with R§Sf,;; and RSS;..4 as the residual sum of squares for the full and the reduced models with

r and s as parameters, respectively. As an alternative, the y>-statistic based on Wald statistics or

on the likelihood ratio can be used (Cromwell, 1994).

According to Shojaie and Fox (2022), the “Granger direct test” (Maziarz, 2015) has various
restrictions, as there are many underlying assumptions and requirements that need to be fulfilled

to identify Granger-causal relationships with the described model reliably:
e continuous valued observations

e linearity

e stationarity

e perfect observation of the variables

e discrete sampling frequency

e known lag

The fulfillment of these criteria can be tested using various techniques. For example, to
determine the regression coefficients, the lag maximizing the explanatory share of the analysis
needs to be defined arbitrarily (Maziarz, 2015). The correct lag can be determined manually or
supported by using the Akaike, Schwarz Bayesian, or Hannan-Quinn criterion. Additional tests,
such as the Augmented Dickey-Fuller (ADF) procedure, can be used to check for
stationarity (Agiakloglou & Newbold, 1992). In the case of non-stationarity of time series, the
data can be reshaped. In the case of non-linearity, a non-linear form of Granger’s test can be
used (Ding et al., 2016). Upstream tests such as Spearman's rank correlation test can pre-qualify

the relationship between the variables to be analyzed and provide additional insights.

Samples, in reality, violate many of the assumptions mentioned. In addition, several authors
(Harvey & Stock, 1989; McCrorie & Chambers, 2006) found that test results vary or might be
misleading if samples are taken too rarely. For this reason, the model is not without criticism
about its informative value; after all, it cannot be used to make a clear statement about causality
between two variables. However, Granger’s test for causality is popular for analyzing time
series in finance, economics, and other disciplines such as neuroscience or climate science

(Shojaie & Fox, 2022). One reason that might explain the popularity is the lack of theories on
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mechanisms between two variables potentially being in a causal relationship (Maziarz, 2015),

resulting in analyzing a “simple” flow of information between the variables.

4.4 The Event Study as an Investigation Method in Capital Market Research

This dissertation uses the event study method to identify possible abnormal returns in the
security prices. Abnormal returns are understood to be gains and losses that arise for investors
due to a specific event and that exceed the expected, for example, the average securities return,
which was also previously estimated within the framework of the event study (Fama et al.,
1969). The event study is not a stand-alone method. Instead, the method combines "various
known statistical tools in the context of describing and explaining capital market reactions to

substantively broadly similar particular events in the above sense" (Gerpott, 2009).

In addition to the historical development of the event study into an established and recognized
research methodology, this section will also deal with the ideal-typical structure of such a study,
suggestions for the systematization of event studies as well as the statistical test procedures
used, the procedure of the statistical test procedures for checking the robustness as well as the

significance test of the abnormal returns determined.

4.4.1 Economic Theories Underlying Event Study Methodology

In economics, event studies are predominantly used to examine the effects of economically
relevant (firm-endogenous and exogenous) events on the value of firms, which, in the case of
listed companies, can be determined based on the prices of their securities (MacKinlay, 1997).
They represent a central and frequently used methodology in this context. Binder (1998) calls
the event study "the de facto standard method for calculating the price behavior of securities in
response to events [...]". By applying the event study methodology, on the one hand, the results
of numerous studies offer important implications for companies, mainly related to information
policy and shareholder communication. On the other hand, focusing on shareholders’ reactions

to events makes it possible to investigate market efficiency.

Event studies have a comparatively long tradition in the scientific examination of economic
contexts, especially in the analysis of capital market prices. The majority of event studies
investigate returns by examining companies' ordinary shares. However, other securities, such

as corporate bonds or listed preference shares, are also used (Pauser, 2008).
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A paper by Dolley (1933) is seen as the first event study conducted (MacKinlay, 1997),
investigating abnormal returns in connection with stock split-ups on the New York Stock
Exchange. With the increasing availability of large amounts of data (for example, on share
prices, corporate events, and corporate reputation), the popularity of event studies continued to
grow in the following years. Myers and Bakay (1948), as well as Barker (1956 and 1957), also
investigated the impact of stock split-ups on market prices, while another study by Barker and
an investigation by Ashley focused on the impact of a change in dividends on stock return
(Barker, 1958; Ashley, 1962). In particular, the 1968 work of Ball and Brown, and the 1969
work by Fama, Fisher, Jensen, and Roll defined a standard for event studies that is still used
today in a largely unmodified form. Both studies were the first to use the market model
approach to determine a “fair value” of a share. Fama ef al. (1969) used a regression of stock
returns against market returns to determine the fair values of the shares and the expected
“normal” returns. They then used the difference between the observed returns and the
theoretical “normal returns” to determine whether abnormal returns occurred during the event
under investigation. This was a further development of the accounting practices used to date,
whose homogeneous principles did not allow any conclusions to be drawn about the actual
financial condition of companies (Ball & Brown, 2014). According to Ball & Brown (2014),
Fama et al. (1969) also changed the understanding of the relationship between share prices and
information about events. Whereas previously, the focus was on the assumption that share
prices develop emergently from a wide range of information about macroeconomic variables,
Fama et al. concentrated on the effects of a specific event on share prices at different points in
time (Ball & Brown, 2014). This rethink ultimately laid the foundation for the event study
methodology. Further developments of the approach took place in the following years within
the framework of the studies by Brown and Warner, among others (1980 and 1985), and by
Kothari and Warner (2007).

Today, the event study is used in many contexts. According to Kothari and Warner (2007), 565
papers using event studies were published in major journals between 1974 and 2000, showing
the popularity of this econometric framework. In economics, event studies are used, for
example, in M&A processes after the announcement of news (i.e., of macroeconomic variables)
or after the issue of new equity or debt (MacKinlay, 2007). In law, the impact of regulatory
changes or legal cases on company value can be assessed (MacKinlay, 2007). Other
applications are, for example, in history, marketing, or political science (Corrado, 2011). A

literature review by Wang and Ngai (2020), analyzing 1219 papers related to event studies from
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1983 to 2016, identified seventeen different “research clusters” covering various research

questions by applying the event study methodology.

In the meantime, event studies have also been used in other contexts outside of "classic"
economic research questions with a wide variety of investigative goals; for example, a study
from the field of biotechnology dealt with the effect of patent applications on the value of rival
firms (Austin, 1993). Other studies examined the effect of football match victories on the value
of the winning teams' respective major sponsors (Benkraiem & Louhichi, 2009; Scholtens &
Peenstra, 2009) or the impact of IT outsourcing (Duan et al., 2009) and IT failures (Goel &
Shawky, 2009).

Event studies are based on several classical financial theories and also serve to test specific
theoretical finance concepts. The question of why certain events cause short-term reactions in
capital markets is closely linked to main capital market theories, such as the principle of the
rationality of market participants (as a central characteristic of Homo Oeconomicus and a basic
assumption of the efficient market hypothesis), which has been described in Chapter 2 and
which is, in particular, central to the event study methodology. When new information is
published, investors are expected to process this information and price it into the share price
without delay. The financial impact of new information can, therefore, be determined by
measuring the change in share prices (Wang & Ngai, 2020). This change in the capital of shares
thus represents the changed expectations of market participants based on the new information

(Wang & Ngai, 2020).

Assuming the strong form of market efficiency, all observations should be fully explainable by
a rational inclusion of the available information by the market participants. However, the
principal-agent theory, as a fundamental principle of asymmetric information distribution and
the concept of information efficiency, already implies that information is not always fully
available to all market participants, pointing to disturbances in market efficiency. Apart from
testing market efficiency, the event study also makes it possible to measure (sentiment-driven)
effects that classical economic theories cannot explain. These effects may also exist during
“normal times” but may be further amplified by the occurrence of unexpected events, such as
exogenous shocks, and due to the uncertainty they induce in the market. As shown in previous
investigations, uncertainty and risk increase the role and impact of (irrational) sentiment

compared to other situations (Kim et al., 2021; Lee & Ryu, 2024).
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4.4.2 Structure of the Event Study

This section describes the procedure for conducting an event study in more detail. The
structured procedure of an event study is described differently by different authors. In addition,
since the 1980s, there has been a parallel strand of research that deals with the theoretical-
statistical or econometric framework of the event study as a method. Detailed considerations
were developed, for example, by McWilliams and Siegel (1997) and Kothari and Warner
(2007). McWilliams and Siegel, for instance, propose a ten-step approach with a strong focus
on the quality of the event study design. Extracts from their study will also be described in the
following sections. Newer literature reviews summarizing the most recent developments in
event study design have been published by Wang and Ngai (2020), Eden ef al. (2022) and El
Ghoul et al. (2023).

First, it needs to be noted that the different steps of the event study described below offer scope
for adaptation to the individual situation under investigation. At the same time, the event study
is subject to comparatively strict application requirements, which may lead to incorrect or less
accurate results if violated. As an event study's success largely depends on the design of the
event study framework, it is essential to define some basic assumptions and check the most
critical parameters before conducting an event study (Brown & Warner, 1980; Brown &
Warner, 1985; Pauser, 2008; Eden ef al., 2022). Before even starting, McWilliams and Siegel
(1997) suggest checking whether the use of the event study methodology is appropriate in the
research context. According to them, an event study needs to (1) have a financial impact, (2) be
as non-anticipated as possible by the market participant, and (3) provide new information to the

market (McWilliams & Siegel, 1997).

Furthermore, McWilliams and Siegel describe three basic assumptions on which every event

study is based:
1. Markets are efficient
2. The event was not anticipated in advance
3. There were no other influencing events during the event period

In addition, they describe five essential research design and implementation issues

(McWilliams & Siegel, 1997):
1. Sample size

2. Nonparametric test to identify outliers
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3. The length of the event window and its justification
4. Confounding events
5. Explanation of the abnormal returns

Having defined the assumptions and essential research and implementation issues, the ideal-
typical procedure of an event study may be discussed. For instance, several recent studies
investigating investors’ reaction to events refer to an approach by MacKinlay (1997) (Flammer,
2013; Ichev & Marin¢, 2018; Goodell & Huynh, 2020) as a basis for their event study.
MacKinlay (1997) describes the following steps to conduct an event study:

1. Defining the event of interest and the length of the event window
2. Determination of the selection criteria for the sample

3. Definition of the observation window, calculation of normal returns and abnormal

returns

4. Design of the abnormal returns testing framework: Formulation of the hypothesis and

calculation of the CARs.
5. Presentation of diagnostics and empirical results

In the following sections, the steps for conducting an event study based on the mentioned stages
are explained in more detail. The formulation of the hypotheses has already been described in

more detail in Chapter 3 and is therefore not described separately.

Defining the Event to be Observed: Event Time and Event Window

In general, the period of the event window should be selected carefully depending on its
usefulness concerning the research question (MacKinlay, 1997), taking into account some
factors that can impact the quality of the event study (Eden et al., 2022; Blajer-Gotebiewska &
Nowak, 2024). There is no “standard window” that suits every event study design and research
purpose (Eden et al., 2022). In principle, the literature distinguishes between "long horizon
studies" and "short horizon studies", each using shorter or longer investigation periods. This
distinction is not dogmatic but merely a point of reference and orientation. It is generally
assumed that studies with an investigation period of longer than one year are to be assigned to
the "long horizon" (Kothari & Warner, 2007). As a rule, the use of short-horizon studies is
recommended, since the longer the survey, the greater the probability of the occurrence of other

variables that influence stock prices (Curran & Moran, 2007). Lyon, Barber, and Tsai even
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described the long-horizon study as "treacherous" (Lyon, Barber & Tsai, 1999). Brown and
Warner found that long event windows reduce the test statistic’s power (Brown & Warner,
1980; Brown & Warner, 1985). As stated by McWilliams & Siegel, the event window should
be as short as possible while still capturing the “effect” of the event (McWilliams & Siegel,
1997; Eden et al., 2022).

For short-horizon studies, an event period of several trading days is the most frequently chosen
length. McWilliams and Siegel argue that it has already been empirically proven that a short
event window is suitable to measure the impact of an event (McWilliams & Siegel, 1997). Less
frequently, so-called intra-day studies record price data within one trading day (e.g., Bedowska-
Sojka, 2016). However, these are rarely encountered, firstly due to data availability and
secondly due to the difficulty of scheduling the event to be observed to the minute (Gerpott,
2009). MacKinlay recommends including at least one trading day after the day the actual event

occurs to measure the effects after the market has closed (MacKinlay, 1997).

Concerning the definition of the event to be observed, it is of central importance, particularly
for excluding possible disturbance variables, to precisely determine the exact event
time (Bowman, 1983; Pauser, 2008; Eden et al., 2022). The decisive question is not when the
event actually took place (effective day), but when the information reached the market
participants (announcement day) (Eden ef al., 2022). This can be particularly relevant in
international research contexts, as information sometimes only reaches markets with a delay
due to time differences. Eden et al. (2022) cite the death of a political leader as an example.
The relevant event here is not the date of death itself, but the time of the corresponding
announcement. Further studies investigated the impact of the inclusion of a company to a
specific stock market index, for both the announcement day and the effective day of inclusion
(Cheung & Roca, 2013; Blajer-Gotgbiewska & Nowak, 2024). In the case of companies listed
in the US, for example, the time of publication of information in the Wall Street Journal or,
since the introduction, the time of publication of ad hoc announcements (Hauser and Hauser,

2003) is often used as the event time for endogenous events (Thompson, 1995).

Certain events, such as an exogenous shock (in the present investigation in the form of
individual events as part of a pandemic), can already be in the offing over a more extended
period. On the one hand, new information can either be leaked before the actual announcement
or people already react more sensitively to smaller pieces of information. On the other hand, an
event can have an impact over a longer period after the event time. So, it can be useful to also

measure the abnormal returns for some time prior to the announcement to check for leakage of
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information or anticipatory effects (McWilliams & Siegel, 1997; Clougherty & Duso, 2011;
Tischer & Hildebrandt, 2014; Eden ef al., 2022). In addition, in some research contexts, it can
be useful to observe the reactions to the event over a longer observation period after the event
and not only in a short period right after. The use of symmetrical event windows, which cover
both a period immediately before the event date, the event date itself, and a period of equal
length after the event date, can provide corresponding insights in these cases (Citak, Akel &

Ersoy, 2018; Blajer-Gotebiewska & Nowak, 2024).

Also, in case of an exogenous shock with sudden market reactions driven by sentiment, the time
frame has to be kept short enough to isolate the desired observation. The longer an event
window is selected, the more difficult it becomes to view the desired event and its effects in
isolation (McWilliams & Siegel, 1997), resulting in more exclusions of observations in the
sample due to confounding events in the event period for longer event windows (the role of
confounding events will be discussed in the following section). Consequently, there is a trade-
off between the event-window length and the sample size. McWilliams and Siegel describe the
length of the event window and its justification as a “critical issue” for the successful design of

an event study (McWilliams & Siegel, 1997).

Selection of Inclusion Criteria for the Companies

Studies often cover companies in a specific stock index or listed on a particular trading venue.
When defining the sample, it is essential to define the overarching context of the sample, i.e.,
to identify connecting elements and precisely define the desired sample size (McWilliams &
Siegel, 1997). In practice, this allocation is usually based on the affiliation of companies to a
specific index or on the listing in a specific country. However, it can also be based on any other

criteria.

In the next step, it is also essential to analyze the sample regarding the specific point in time to
be observed. This involves eliminating observations affected by other factors (“‘confounding
events”), which might distort a precise observation of the desired effect at that particular time.
Examples of such confounding events are a substantial change to the company structure
(McWilliams & Siegel, 1997), a change of a board member (Modi et al., 2015), announcements
of financial reports (Doh et al., 2010; Modi et al., 2015) or the announcement of a merger or
an acquisition (McWilliams & Siegel, 1997; Modi et al., 2015). Which events are ultimately
seen as “confounding” depends on the hypothesis or theory that is being tested (Foster, 1980).

This targeted exclusion of individual elements from the sample should be based on clear,
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comprehensible, and uniform criteria (McWilliams & Siegel, 1997) to avoid selection biases

(Foster, 1980; Blajer-Gotebiewska & Nowak, 2024).

Foster (1980) suggests conducting an “information release analysis” for the considered
companies, taking into account relevant sources such as newspapers or official reporting
channels such as the Dialog Information Retrieval Service of the SEC and then either exclude
companies in cases which are non to have caused problems in past research or to check for

events which “appear to be related to differences in the observed security return” (Foster, 1980).

Foster also proposes several methods to handle the issue of confounding events. The author
suggests either eliminating companies from the sample where confounding events have been
identified, grouping companies that have been affected by the same confounding event,
eliminating companies from the sample only for the ‘“appropriate” period where the
confounding event occurred, or just recalculating abnormal returns by subtracting the effect of
the event (Foster, 1980). As a last alternative, Foster suggests keeping every company in the
sample and just assuming that the impacts of possible confounding events are not relevant, as

was done, for example, by Ball & Brown (1968).

Definition of the Observation Window, Calculation of Normal Returns, and Abnormal Returns

The estimation (or observation) window is a reference period in the event study. The expected
return without any influence of confounding events is called a “normal return” or “expected
return”, while the difference between the actual ex-post return of a stock after the specific event
is called the “abnormal return” (MacKinlay, 1997). In order to measure abnormal returns,
expected normal returns must be determined using a comparison period (i.e., estimation

window).

The term “estimation window” thus refers to the period during which the expected “normal”
returns can be determined by averaging. A stable period should be used in which there were no
economic events that could, in turn, cause "abnormal" returns. Accordingly, the event
considered in the study is not included in the estimation period. As a rule, the estimation
window is set before the actual event date. Exceptions are possible if company-internal or
external (i.e. macroeconomic) variables have been changed between the pre-event (estimation)
period and the event itself, making it difficult to determine normal returns meaningfully

(Masulis, 1980). In this case, a time window after the event can also be selected, although this
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should not immediately follow the event window in order to rule out possible confounding
effects (El Ghoul et al., 2023).

In principle, a sufficiently long period should be selected to ensure that distortions from inherent
events in the sample elements are avoided and that no significant macroeconomic changes occur
that could affect the formation of the "normal returns." In this context, Krivin et al. found that,
in many cases, shorter estimation/ observation windows can increase the power of the event

study (Krivin et al., 2003).

The lengths of observation windows chosen in the research range from a few trading days to
years (Krivin et al., 2003). For studies investigating daily stock returns, estimation windows of
at least 100 days are common (El Ghoul ef al., 2023). The specific procedure for collecting the
required data depends on the specific object of investigation. Usually, stock market data is
gathered from reliable sources, usually from websites providing information on individual stock
price development. Furthermore, there are several approaches to calculating “normal returns”
and abnormal returns, which are going to be described in Chapters 4.5.4 and 4.5.5. A schematic

overview of the time windows in event studies is presented in Figure 6.
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Figure 6. Schematic Representation of the Time Windows in the Event Study

Source: own compilation based on MacKinlay (1997).

4.4.3 Methods for Calculation and Normalization of Expected Returns

In order to divide the calculated returns of individual companies (or of an aggregated portfolio)
into an expected “normal” return and an abnormal return as sharply as possible, a benchmark
is needed that provides information on the return to be expected by the market (El Ghoul et al.,
2023). Several calculation models have been established, which are described by MacKinlay
(1997) and El Ghoul et al. (2023), among others, and which will be briefly discussed below.

The different models have been developed for various purposes, underlying various
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assumptions and prerequisites. A general distinction can be made between factorless, single-
factor, and multi-factor models (Pauser, 2008). While the factorless models are limited to the
purely statistical observation of the historical price development of the observed security, the
single-factor or multi-factor models include additional factors that take certain disturbance
variables into account from the outset and are thus intended to increase the quality of the
abnormal return determined (Pauser, 2008). In line with this distinction, Brown and Warner
(1980) distinguish between mean-adjusted return, market-adjusted return, and market- and risk-
adjusted return models. The selection of the most suitable model is again decisive for the quality
of the results obtained and dependent on the research goal. No model is superior to the other
models in all contexts. Dyckman et al. (1984) applied multiple models to compare their results
and thus further increase the quality of the study, indicating that the market model may be a
more powerful test in comparison to the mean-adjusted returns model and the market-adjusted
returns model. A selection of the most common models used in recent studies is briefly

described below.

The Constant Mean Return Model

The Constant Mean Return Model, as a factorless model, is based only on an expected return
and an expected disturbance variable. This model does not consider other securities (factors)
and is based only on the mean returns of the company under investigation (Brown & Warner,
1980). While making it independent of sector—or market-dependent price movements, it also
impedes the clear distinction between "expected" and "abnormal" returns since normalization
is only carried out through a temporal, historical observation, and no additional current
benchmark with comparable values is used. The idea of determining the expected return of a
company based on its mean historical return goes back to Markowitz (1952) and his concept of

Portfolio Selection.

The Market Model

The market model, as a single-factor model, takes into account, in addition to the historical
mean returns of the company under consideration, the price change of a comparative portfolio,
whereby in many cases, a broad-based market index such as the S&P 500 index is used for this
purpose (MacKinlay, 1997). This consideration is based on the assumption that the return of an
individual security is linearly related to the return of a sensibly selected market portfolio

(Copeland, Weston & Shastri, 2005). The basic equation for calculating the market model is
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Rit=a;+ i Rpn:+e.

The total return R; ; is composed of the unsystematic return «;, that a company can achieve from
regular business activity, while the development of returns on the capital market R,,. is
additionally weighted by employing the parameter 8, based on the dependence of the individual
security return on the overall market return. Finally, e;, represents an additional, unspecified,
or specifiable disturbance variable (such as firm-specific factors that affect the security’s return
but are not captured by the market return). The two parameters B, and @; can be estimated via,
1.e., the Ordinary Least Squares method of estimation (OLS) (Gerpott, 2009).

The market model thus represents an extension of the Constant Mean Return Model, as it
considers the company-independent, market-dependent fluctuations to determine the abnormal
returns. The market model is often applied in event studies because it offers good predictive

power and pragmatic applicability (Brenner, 1979).

The Capital Asset Pricing Model

Other approaches, such as the Capital Asset Pricing Model (CAPM), developed by Sharpe
(1963; 1964), Lintner (1965), and Mossin (1966), highlight the tradeoff between the risk of an
asset and its expected return in addition to the pure consideration of the historical price
development of the asset (Rossi, 2016). In the case of CAPM, the market model, as presented
above, is extended by weighting the expected return of a company’s security with its systematic

risk relative to a market portfolio (Rossi, 2016).

In CAPM, the expected return is calculated with the following formula (Sharpe, 1964):
E(rie) = R + Bi~ (E(Rme) — 1)

with

Ry — risk-free interest rate at time ¢,

B, = o;—zm — systematic risk of security j relative to the market portfolio,

E (Rm't) — expected value of the return of the market portfolio.
The abnormal returns can be determined by subtracting the expected return from the actually

observed returns:

ARyy =Rir — E(Rir)
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A positive AR; ; indicates that the asset has performed better than expected by the CAPM, while

a negative abnormal return indicates a poorer performance.

The CAPM, in particular, is criticized for its lack of empirical suitability. Including a risk-free
interest rate to determine abnormal returns initially raises the question of how the risk-free
interest rate is to be determined empirically. In practice, the risk-free rate, as the theoretical rate
of return that an investor would expect on an investment with zero risk, is operationalized, e.g.,
via the return of government bonds from countries with high credit ratings, which are

considered as investments with a default risk close to zero (Seok et al., 2019b).

Two empirical studies by Cable and Holland (1999a, 1999b) certify the superiority of the
market model over the CAPM in almost all cases examined. In another study by French (2018),
no differences were found between the use of the statistical mean and the CAPM. In response
to the apparent weaknesses, Fama and French initially developed their 3-factor model (1992),
which supplements the CAPM by adding the excess return of a small stock portfolio in
comparison to a portfolio containing large stocks (size premium) and the excess return of a
portfolio with a high book-to-market value in comparison to a portfolio with a low book-to-
market value (value premium) (Fama & French, 1992). Later, they extended their model by
introducing a five-factor model (Fama & French, 2015), where two other factors were added:

profitability and investment premiums.

4.4.4 Abnormal Returns and Cumulative Abnormal Returns: Calculation and Testing

Framework

The event study focuses on determining abnormal returns resulting from securities price
changes. Therefore, the change in the shareholder value of securities is the object of

observation.

In general, the returns for a security i under consideration at the time ¢ can be determined as

(Kothari & Warner, 2007; El Ghoul et al., 2023):

Ry = E(Ri¢|Q:) + AR,
where (); denotes the information set in the observation window, E (Ri,t|ﬂt) denotes the
expected normal returns and AR;, the "abnormal returns" for a company i at time t, which

results in a deviation from the expected normal return as a consequence of the event under

consideration. When using the market model, abnormal returns are considered to be the

98



disturbing portion of the calculation (MacKinlay, 1997). This means that AR;, denotes the
abnormal returns, consequently resulting from the difference between the actual returns R; , and
the expected returns E (Ri't|Qt) determined from the estimation period. The general formula

for calculating the "abnormal" returns is thus:
ARi¢ =R — E(R|2).

The expected returns are subtracted to isolate abnormal returns resulting from the event and
decouple them from price changes induced by general market movements (Pauser, 2008). A
complete and immediate reinvestment is assumed if dividends are paid during the event period
(Gerpott, 2009). In addition to examining individual companies, it is also possible, for example,
to analyze the aggregated earnings of several companies operating in the same industry (Pauser,

2008).

Aggregating abnormal returns to cumulative abnormal returns, as in determining normal or
abnormal returns, can be done in various ways (El Ghoul ef al., 2023). The concrete procedure
must be selected based on the research objectives and the research design. The null hypothesis
is usually taken as given in all event studies: The abnormal returns induced by a specific event
correspond to 0. The further development of the hypothesis for the current study is described

in Chapter 3 and will, therefore, not be addressed again in this section.

Several test procedures are suitable for testing the significance of the event study. The optimal
test procedure depends on the sample and must, therefore, be derived individually. The
subsequent sections will present several approaches to testing and evaluating the hypothesis,
including prior testing of a fulfillment of the basic assumptions of specific test procedures. The

evaluation and interpretation of the event study results round off the procedure.

Methods for the Calculation of CARs

Two methods have become established in the literature for summing up the (abnormal) returns
in the context of event studies, also over a multi-period view: the cumulative abnormal returns
(CARs) or the buy and hold abnormal returns (BHARs) (Kothari & Warner, 2007; El Ghoul ef
al. 2023). The CARs can be aggregated either through time for individual securities or by
summing up the abnormal returns of different companies (MacKinlay, 1997). The CARs are
calculated based on the abnormal returns determined for each period by choosing the

aggregation through time, as presented in the formula:
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tz
CAR(tl, tz) = Z ARt

t=t1

In addition, the variance of the observations is usually determined and set in relation to the
CARs in order to calibrate the observations. Depending on the observed event, there is always
the risk that this will induce a higher variability of capital market prices due to a less clear view

of the future of the company under consideration:
CAR(ty,t3)
[02(t1, tz)]%
with
o%(ty,t;) = Lo?*(ARy),

where 02(AR,) is the variance of the one-period average abnormal return. The equation thus
underlines the statement of Lyon, Barber, and Tsai (1999), calling long-horizon studies
"treacherous" due to the increasing variance with increasing time horizons. Event studies with
short horizons, however, are considered "straightforward and relatively trouble-free" (Kothari

& Warner, 2007).

4.4.5 Diagnostics and Statistical Tests

In his study (1997), MacKinlay emphasizes that the “presentation of diagnostics” is necessary
because, in some event studies, the results “can be heavily influenced by one or two firms.”
This clustering risk is only one aspect of thoroughly examining the statistical requirements for
applying specific econometric test procedures. The applicability of statistical tests is always
based on the fulfillment of particular prerequisites in the sample. Reliable and robust results
depend on conducting preliminary tests to verify these prerequisites. Without them, test

procedures may be invalid, and the risk of statistical error increases.

Checking the Statistical Assumptions and Robustness of the Surveyed Sample

All statistical procedures must fulfill specific quality criteria to minimize the risk of deviations
(Gerson, 2012). These criteria vary by procedure and can be verified by applying tailored

preliminary tests.

In the applied test procedures themselves, a distinction can be made between parametric and

non-parametric test procedures (Gerson, 2012). As a rule, the requirements are higher for
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parametric procedures than for non-parametric procedures (Brown & Warner, 1980; Campbell

et al., 1993).

Parametric test procedures require, apart from a sufficiently large sample size, three

fundamental assumptions to be fulfilled to produce reliable and valid results (Gerson, 2012):

Independence of the observations (i.e., no autocorrelation in the sample)
Homogeneity of variance

Normal distribution of the data within the sample

Parametric tests are commonly used to assess the significance of study results (Gerson, 2012),

but non-parametric tests offer an alternative when individual basic assumptions of the

parametric test procedures are violated.

The following test procedures are suitable for testing the basic assumptions of parametric test

procedures:

Tests for independence of the observations

Time series data, in particular, are prone to autocorrelation (Gerson, 2012), as a time
series value at time t + 1 directly depends on the value level at the time t. The same
applies to grouped data or data from repeated investigations. Event studies are, in
particular, subject to cross-sectional correlation due to the use of time series data and
the observation of the same event times for the items in the sample, potentially causing
“over-rejection” of the null hypothesis (Kolari & Pynnonen, 2010). The Durbin-Watson

test is a frequently used option for detecting autocorrelation (Gerson, 2012).

Tests for homogeneity of variance

The homogeneity of the sample’s variances is crucial when analyzing variance (Gerson,
2012). Levene’s test of homogeneity of variance (Gerson, 2012) is commonly used,
while other procedures such as the Brown and Forsyth test, Welch test, or Bartlett’s test

are used in particular test variations (Gerson, 2012).

Tests for normality of the distribution

Several procedures are used to test the normality of the distribution. Apart from a visual
inspection of the sample’s distribution (Gerson, 2012), the Doornik-Hansen test is an
easy-to-use test of the sample for normality based on skewness and kurtosis

measurements (Doornik & Hansen, 2008), while the Shapiro-Wilk test analyzes the
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sample based on an analysis of variance (Shapiro & Wilk, 1965). It is one of the most
frequently used test procedures for testing normality based on the empirical distribution
function (EDF) (Das & Imon, 2016). The Lilliefors test (a Kolmogorov-Smirnov test
variant) is also a well-known and widely used test for testing normality (Lilliefors, 1967;
Abdi & Molin, 2007). Lastly, the Jarque—Bera test is a procedure based on descriptive
measures (Thadewald & Biining, 2007; Das & Imon, 2016).

Concerning the event study, there are various problems with the application of parametric test
procedures. Due to the frequent use of time series data in event studies, the data used is
autocorrelated in many cases. In addition, Brown & Warner (1980) already argued that the
variance is increased by the event itself, increasing, in turn, the susceptibility to parametric test
error. A normal sample distribution is also often not given, as the data collected no longer has
a linear relationship due to the influence of the event under investigation. In many cases, non-

parametric test procedures must therefore be used.

Significance Tests

The results of an event study are empirically validated through statistical significance tests at a
defined significance level. Ultimately, the aim is to limit the error probability to a certain level
(e.g., 5% or 1%) when transferring the results to the population. Various test procedures have
been established for this purpose. After checking the statistical assumptions, a suitable

parametric or non-parametric test procedure is selected.

Both parametric and non-parametric procedures have advantages and disadvantages. Non-
parametric procedures are generally considered more robust, leading to a valid and reliable
result in more samples (Gerson, 2012). Parametric procedures, in turn, have a higher test
strength. A parametric procedure would provide a more accurate result with the same sample
than a non-parametric test procedure (when assumptions are fulfilled) (Gerson, 2012).
Therefore, parametric test procedures are always preferred if no basic assumptions of these
procedures are violated (MacKinlay, 1997). Carrying out the significance test with both a
parametric and a non-parametric procedure can be helpful to avoid falsely rejecting or accepting
the null hypothesis. In this case, an unambiguous statement concerning the hypothesis can only

be made if both tests arrive at the same result.

In the following section, examples of the t-test as a parametric procedure, as well as the

Generalized Sign Test and the Mann-Whitney (U) Test as nonparametric procedures, are
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discussed. The Generalized Sign Test is often used in event studies (Serra, 2004) and will be
applied in the dissertation. The Mann-Whitney U Test is a nonparametric test procedure used

to compare groups from the same sample (Nachar, 2008).

The t-test — a parametric Significance Test

The t-test, as a frequently chosen statistical significance test—also in the context of significance
testing of event studies—is defined by:

_ AR

)

Thus, the observed average abnormal return AR, in the event window is divided by the

measured average standard deviation in the estimation period. The standard deviation s(AR;)
is determined as follows, taking into account the determined average abnormal returns:
T 05

> (@R, - AR? (T - 1)

t=1

s(AR;) =

where t represents the respective trading day of the estimation period, while T is the last day of

the period. The term AR denotes the mean value of the average abnormal returns.

To test the significance, the t-value determined in this way is compared with the theoretical ¢t-
value with a given number of degrees of freedom (in this case, the number of degrees of freedom
results from the number of trading days in the estimation period, reduced by 1). If the
empirically determined value exceeds the theoretical value, the null hypothesis must be rejected

accordingly (Gerpott, 2009).

The Generalized Sign Z test — a non-parametric Significance Test

Before the Generalized Sign Test or Generalized Sign Z became a popular significance test for
event studies, the Sign Test by Brown and Warner (1980) was often used (Cowan, 1992).
According to Cowan (1992), the main weakness of applying the Sign Test for significance
testing is the necessary distribution of 50% positive abnormal returns to 50% negative abnormal
returns without the influence of a specific event. The test is based on comparing the distribution
in the event window with an assumed uniform distribution at another point in time without
influencing events. As this assumption is often violated in empirical applications, the power of
the test procedure is partially limited (Cowan, 1992). The Generalized Sign Test, first applied
by Cowan, Nayar, and Singh (1990) and Sanger and Peterson (1990), solves this problem by

103



comparing the distribution between positive and negative abnormal returns in the event window
with the actual distribution at another, unaffected point in time, a symmetric distribution of the
cross-sectional abnormal returns is thus no longer necessary (Cowan, 1992). Apart from this,
an empirical comparison of the procedure with, for example, the rank test by Corrado as an
alternative, non-parametric test procedure shows that the Generalized Sign Test becomes
relatively more robust with increasing length of the event windows. While the Rank Test has
greater power for event windows of one or two trading days, the Generalized Sign Test delivers

more reliable results for longer windows (Cowan, 1992).

To calculate the Generalized Sign Test, the comparative value of the positive cumulative
abnormal returns in a period without external influence must first be calculated, with which the
CARs in the event window are then compared. The comparison value is calculated using the

following formula (Cowan, 1992):

with
_ {1, if AR;; > 0

1t 0, otherwise

The test statistic of the generalized sign test is calculated using the formula (Cowan, 1992)
W —np

Zg = — 1
[np(1 - P)]2
with w as the number of stocks with positive CARs during the event window, and n stands for

the sample size.

The Mann-Whitney U test — a non-parametric Significance Test

The Mann-Whitney U test (Mann & Whitney, 1947) is another non-parametric test procedure
suitable for analyzing the differences between two data sets with an ordinal data structure
(MacFarland & Yates, 2016), being reliable even with small, non-normally distributed samples.
It is often used as a non-parametric counterpart to the parametric Student's t-test (Nachar, 2008).
The Hy hypothesis of the Mann-Whitney U test assumes that two groups with » observations
are part of the same population and therefore show no significant differences in their

distribution.
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To test the Hy hypothesis, it is necessary to calculate a U-statistic for each group, the distribution
of which is known based on the null hypothesis and was documented in tables by Mann and

Whitney (1947). The U statistics for each group are defined in two formulas (Nachar, 2008):

nx(nx+ 1)) — Rx

Ux:nxny+( 5

and

ny(ny + 1)) Ry

Uy=nxny+< >

with nx of the number of observations in the first group and ny as the number of observations
of the second group, Rx and Ry are the sum of the ranks assigned to the first and to the second

group (Nachar, 2008).

For samples with more than 8 observations (as the distribution of the sample approaches a
normal distribution, which is the applicable case in the current dissertation), the following

formula can be used to calculate the test statistic:

nxny
2

u, = = (Ux + Uy)2

and

oy = ((uny)(N + 1))/12

with N = (nx + ny) and u,, / 0, referring to the average and the standard deviation of the U
distribution.

The advantages of the Mann-Whitney U test lie in its broad applicability, even if the sample is
not normally distributed or if the sample size is small. According to Nachar (2008), Landers
(1981) found the statistical power of the test procedure to be comparatively high, reaching 95%
of the power of the parametric Student's t-test for an average sample size greater than 10. Apart
from this, the test procedure's only relevant disadvantage lies in the fact that, as mentioned
earlier, the procedure does not quite achieve the power of the comparable t-test. As with other
comparisons between parametric and non-parametric test procedures, the t-test should always
be used before the Mann-Whitney U test if the basic assumptions for using the parametric test
procedure are fulfilled (Nachar, 2008). Nachar (2008) summarizes that the Mann-Whitney U

Test is an “excellent alternative to parametric tests”.

As described comprehensively in Chapter 4.4, an event study can be carried out using different

methodological approaches. In the present study, the security prices of individual companies
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are examined. It is, therefore, useful to use market-oriented methods to calculate the event study
as well. For this reason, the normal returns are calculated based on the market model, and the
ARs and CARs are aggregated using the definitions and formulas presented in the respective
section. As furthermore shown in section 4.5.3, the selection of the estimation window, event
date, and event window, and a thorough selection of the companies to be included in the sample
are essential for the quality of the test results. A special focus should therefore be placed on the
derivation of these elements as part of the research design. As will be shown in section 5.2.3,
using the specific sample and applying the test procedures described in section 4.5.7, the sample
violates the basic assumptions of the t-test, which is why this parametric test procedure cannot
be used for the significance test. The nonparametric procedure used to test the hypotheses is

derived and described separately in the various subsections.

4.5 Volatility Analysis in the Wake of Exogenous Shocks

The following section outlines procedures to analyze the volatility development after
exogenous shocks, as addressed in hypotheses H3a, H3b, and H3c related to Research Question
6 (RQ6). In this dissertation, volatility is defined, based on a definition of Balaban et al. (2006),

as the daily standard deviation of continuously compounded daily returns.

The calculation or investigation of stock price volatility after an exogenous shock differs
fundamentally from the investigation of, for example, price developments as described in the
previous sections. Traditional event studies assume constant volatility (Brown & Warner, 1980;
Corrado, 1989), which is often not the case in practice. However, Brown & Warner (1980)
make clear that increases in variance following an event may lead to misspecifications and a
reduction in the power of the test statistic. Furthermore, financial time series also frequently
show strong (unconditional) heteroscedasticity (Balaban & Constantinou, 2006). When
conducting an event study, using the conditional volatility model, which, according to Balaban
& Constantinou (2006), provides accurate out-of-sample forecasts of financial asset returns,
can help to overcome these limitations. In 2006, Balaban and Constantinou developed,
following an initial research proposal by Savickas (2003), a new approach based on a GARCH
model to test the impact of an event on the mean and conditional volatility function of share

returns for the investigated companies. The approach will be described in the following section.
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4.5.1 GARCH Models

To calculate abnormal behavior in the stock prices’ volatility, a GARCH model approach can
first be applied at the individual company level and based on comparable studies (Biatkowski
et al., 2008; Tweneboah-Koduah et al., 2020) to determine the "normal" volatility on the event
days under consideration. GARCH models are particularly suitable for investigating stock price
volatility (Franses & Van Dijk, 1996; Chong et al., 1999). The approach has been developed
further over the years, introducing various calculation approaches (Bauwens et al., 2006).
Autoregressive moving average (ARMA) models were initially used to analyze volatility to
examine a sample's mean more closely (Bauwens et al., 2006). Since the 1980s, volatility
analysis has increasingly focused on Autoregressive Conditional Heteroscedasticity (ARCH)
models, first developed and introduced by Engle (1982). While ARMA models assume variance
to be constant over time, ARCH models predict volatility by considering the variance of the
error terms in a time series model as conditionally heteroscedastic (Engle, 1982) or, in other
words, allowing “the conditional variance to change over time as a function of past errors,
leaving the unconditional variance constant” (Bollerslev, 1986). In 1986, Bollerslev developed
the ARCH-model approach into the Generalized Autoregressive Conditional Heteroscedasticity
(GARCH) model. As the conditional variance was generated as a linear function of the past
errors in the ARCH approach, a long lag in the equation of the conditional variance was often
required in studies. The GARCH model extends the already empirically tested ARCH approach
to include the possibility of integrating lagging conditional variance in a more flexible approach
or “adaptive learning mechanism” (Bollerslev, 1986). The model is, therefore, better able to
capture the persistence of volatility (Bollerslev, 1986). In 2022, Lucio and Caiado (2022) state
that the impact of COVID-19 on stock volatility has not yet been analyzed in an aggregated
approach and that state-of-the-art methodologies do not offer such possibilities. Consequently,
they use a new model clustering method based on a fitted TGARCH model to analyze sectoral

impacts on volatility for the S&P 500 index and in the context of the COVID-19 outbreak.

The basic model applied in this dissertation is based on two formulas, which have been extended
in an approach by Balaban and Constantinou (2006), focused on analyzing event-induced

volatility after mergers and acquisitions among UK companies:
Riy =i+ Bi* Rme + Vi Dip + &1

2 _ L o2 . h2 .
h*iy =aio+ a1 €1+ A" h% o1+ 6 Diy,
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where R; ; is a firm-specific return for a company i at time t and R,  is the return of the whole
market (e.g., the S&P 500 index) at time t. The dummy-variable D;, = 1 at the time of the
event and D; . = 0 for all other points in time for a company i. Parameters y; and §; determine

respectively the abnormal returns and the abnormal or event-induced volatility for the company

i (Balaban & Constantinou, 2006).

Variable h?;, denotes the variance of the time series for a company i at time ¢, while h?; ;_;
denotes the variance of the previous period. The parameters @;q, a;; and A; need to be

estimated (Balaban & Constantinou, 2006).

4.5.2 Testing the Significance of the GARCH Model

The GARCH model's results can be tested for significance using an approach proposed by
Savickas (2003), which was extended by Balaban and Constantinou (2006).

Starting from calculating a typical and widely-used cross-sectional test statistic, which is often
applied to analyze price volatility in event study frameworks and which uses the y determined
in the GARCH calculation as a central element of the test statistic (test;) (Brown & Warner,
1980), the authors, in an extended approach (test,), standardize the determined values for y
using the estimated conditional standard deviation fli,t of a company i’th stock prices at the
respective event time (Balaban & Constantinou, 2006). The extended version of the test was
employed in our study, since the original approach of Brown and Warner (1980) assumes a
uniform unconditional standard deviation of companies’ prices in the sample, which is not
useful in the context of Research Question 6 (RQ6) and with a focus on company-specific
effects (Tweneboah-Koduah et al., 2020). The extended approach by Balaban and Constantinou
(2006) includes the company-specific, estimated conditional standard deviation on the
respective event date to ensure the company-specific view on the one hand and the event-
induced effects on the other hand. Furthermore, the occurrence of "abnormal" stock price
volatility can be determined holistically based on the entire sample and time series and,
therefore, does not depend on a specific selection of an event period by the researcher (Balaban

& Constantinou, 2006).

To summarize, test, addresses whether “abnormal” volatility occurred in the course of an event
and takes into account the company-specific conditional standard deviation on the day of the

event, while test; does not take this factor into account:
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The calculation results in a statement about significant deviations in volatility over the
observation period for the individual companies compared to the observation period itself.
According to the authors, their approach delivers significantly more reliable results than the
typical GARCH model (Savickas, 2003; Balaban & Constantinou, 2006) and a cross-sectional
test statistic. Therefore, even though the results of both significance tests are given in the current
dissertation, the results of test, are regarded as decisive for testing Volatility Hypotheses (H3a,

H3b, and H3c).

Chapter 4 outlined an overview of the methodologies and test procedures relevant to testing the
hypotheses derived in Chapter 3. Thus, it provides a theoretical framework that forms the
foundation for further exploration of the specific research context in this study. This

contextualization is presented in Chapter 5.
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CHAPTER 5
RESEARCH DESIGN AND DATA COLLECTION

Chapter 5 describes the specific procedure for collecting and calculating the relevant data for
further hypothesis testing. Based on the econometric methods described in Chapter 4 and the
derived methods to be used, the following section describes how the investigation of the
hypothesis was prepared and conducted. The first section of Chapter 5 describes the calculation
of the investor sentiment indicator (related to Stage 1 of the investigation). The second section
of the chapter describes the research design and data collection process for the event study
analysis based on investor sentiment indicators. The last two sections describe the methodology
and specific calculation of the volatility analysis for the investigation of hypotheses H3a, H3b,
and H3c, corresponding to Stage 3 of the investigation, as well as the procedure for measuring
and investigating the role of company-specific investor sentiment in moderating the impact of

exogenous shocks on stock prices (Stage 4).

5.1 Calculation of the Sentiment Indicator

This subchapter describes the calculation of the investor sentiment indicator. As explained in
the “Hypotheses Development” section (Chapter 3), the first stage of this study considers two
dimensions of investor sentiment and their development over the period under review. Firstly,
investor sentiment is calculated, analyzed, and compared at the company level. Secondly,
individual results for companies are weighted and aggregated according to their sector

affiliation. The calculated individual company sentiment is then used for further calculations.

5.1.1 Calculating the Daily, Company-Specific Sentiment Indicator

The foundations for calculating the company-specific investor sentiment are derived from the
method proposed by Seok, Cho, and Ryu (2019b) based on four market indicators, which are
individually related to investor sentiment: The Relative Strength Index (RSI(14)), the
Psychological Line Index (PLI(12)), the Logarithm of Stock Turnover (LTV), and the Adjusted
Turnover Rate (ATR).

The study sample comprises companies included in the S&P 500 index, representing various

sectors. There are several classification systems, each of which distinguishes between a
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different number of sectors. The Global Industry Classification System (GICS) and the Industry
Classification Benchmark (ICB) are the two best-known classification systems for assigning
companies to predefined sectors and subsectors. While not being entirely consistent, the GICS
was chosen in this study, as it is the standard for the S&P 500 index. The distribution of the

companies between sectors is presented in Table 4.

Table 4. Allocation of Companies in the S&P 500 Index to Sectors According to GICS

GICS Sector No. of Companies in S&P 500 Index
Communication Services 22
Consumer Discretionary 56
Consumer Staples 33
Energy 23
Financials 67
Health Care 64
Industrials 70
Information Technology 76
Materials 29
Real Estate 30
Utilities 30
Total 500

Source: own compilation.

In order to get a broad view of the development of the investor sentiment indicators, the
calculation of the data is based on daily values for opening and closing prices of the securities
examined for the period between January 2™, 2019, and April 30, 2020, which amounts to a
total of 334 trading days. The relevant data was obtained from the Yahoo Finance website,
which provides recognized and reliable stock price information. Furthermore, the daily trading
volume was also obtained from Yahoo Finance. Information on outstanding shares obtained
from various sources, such as company websites or annual reports, was therefore specified

individually depending on the security under consideration.

Calculation of the Relative Strength Index (RSI(14))

To calculate the RSI1(14), the daily return of a security must first be determined and expressed
in absolute terms in the underlying currency. For this purpose, the daily closing price of the

previous day is subtracted from the daily closing price of the day under consideration. The
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RS1(14) is now calculated based on the definitions given in Chapter 4 for a length of 14 trading
days.

The RSI(14) values range from 0 to 100. If the divisor of absolute price gains and price losses
results in 1, i.e., the absolute price gains and the absolute price losses are equal, the RSI
according to the above calculation formula is 50, i.e., exactly the middle between the minimum
and the maximum value, which means that the security is neither overbought nor oversold. The
security is considered oversold for RSI(14) between 0 and 49, while a value between 51 and
100 is considered overbought. Figure 7 shows a schematic representation of the different areas

of the RSI and their corresponding “statement”.

oversold overbought
] A

value of

R5I(14) 50 100

Figure 7. Areas and Statements of RS1(14)

Source: own compilation.

For the sample used in this study, the average RSI(14) was determined to be 53.58, with the
company Apple Inc. showing the highest arithmetic average of 61.89 and Paramount Global

showing the lowest arithmetic average of 44.89 for the entire observation period.

Calculation of the Psychological Line Index (PLI(12))

The Psychological Line Index follows a similar logic and approach to the RSI(14), whereby in
the calculation, not the absolute price gains or losses per trading day are involved, but only the
number of trading days with gains and the number of trading days with losses are put into
relation. Thus, in contrast to the calculation logic of the RSI(14), it is not decisive how strong
the price movements per trading day ultimately turned out to be. Consequently, as already
described in Chapter 4, the PLI can indicate an optimistic attitude towards a security, even if
the security records price losses in absolute terms during the period under review (and vice

versa).

In this study, the PLI(12) can be derived from the closing prices, which are determined

similarly to the RSI(14). For this purpose, the difference between two consecutive closing
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prices is determined. The PLI(12) ranges between 0 and 100. The average value for the
companies included in the sample was 53.02. The highest average value for an individual
company was 61.37 (Corpay Inc.), while the lowest average value for a company was 46.05

(GE Aerospace; formerly General Electric).

Calculation of the logarithm of the trading volume (LTV)

The trading volume can also be retrieved via Yahoo Finance, which is analogous to the data
regarding the price developments of individual securities. The values retrieved there are then

logarithmized using the standard calculation procedure as described in Chapter 4.

Apple Inc. had the highest average LTV of the sample with a value of 8.075, while NVR Inc.

showed the lowest average value of 4.418.

Calculation of the adjusted turnover rate (ATR)

In contrast to the “simple” trading volume, the adjusted turnover rate indicates the proportion
of the total available securities traded on a given trading day. This information is supplemented
by the sign of the ratio, indicating whether a total price gain or loss was achieved on the

respective trading day.

In addition to the data already required for calculating the other KPIs, the total number of shares
issued ("outstanding shares") is required for calculating the ATR. The outstanding shares were
determined individually for each company. So, it required research into each company’s annual
reports, company websites, and general financial websites. The number of outstanding shares
does not vary on a daily basis, as it changes, for example, due to the issuance of new shares or
the repurchase of shares by the company (Nelson, 1999). Therefore, it is also possible that the
number of outstanding shares remains constant over the entire calculation period. For the
calculation, only a stock’s daily individual trading volume is set in relation to the outstanding

shares according to the formula provided in Chapter 4.

The highest average AT R was observed for Advanced Micro Technologies (AMD), with a value
0f 0.006. The lowest average ATR was found for Ralph Lauren Corp. with an average ATR of
-0.002.
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5.1.2 Merging the Sub-Indicators to a Daily, Company-Specific Sentiment Indicator

As described in Chapter 4, the sub-indicators determined are adjusted for the return “of the
market” in the next step. The challenge here is operationalizing a risk-free return in the context
of the research question. Seok et al. (2015) focus on a selection of Korean companies and use
the difference between the daily price development of the Korean KOSPI index, which broadly
reflects the Korean market, and the 91-day deposit rate, which is considered comparatively risk-
free. The difference between the two values represents the “market share” or market excess
return, against which the individual components of the overall sentiment indicator can be
regressed in the next step. A similar approach will be taken for this study. Since the firms
considered in the current investigation are companies included in the S&P 500 index and
assuming that country-specific factors also play a role in the price development, the analysis
will be based on the S&P 500 index of the US. This approach is a simplifying assumption, as
the companies under consideration do not operate exclusively in one market but, in many cases,
globally. However, it is a common practice to make such a simplification. For instance, in the
study of Korean companies mentioned above, they were also not exclusively active in the

Korean market.

In line with this approach, for companies included on the S&P 500 index, the difference
between the return of the total S&P 500 index return itself as a recognized and broad index of
large US companies and the return of US 10-year government bonds is calculated as the market

excess return:

Market excess return = Ry, — Ry

with Ry, as the market returns and Ry as the risk-free return rate. US government bonds are said

to have an excellent credit rating and only a minimal default risk, so the return on this financial

instrument can be assumed “risk-free”.

The final calculation of the daily, company-specific sentiment indicators is then based on the
steps described in Chapter 4. After the different sub-indicators are regressed against the market
excess return, a principal component analysis is conducted using the residuals of the
regressions. Finally, the calculated principal components are appropriately used to create the

final sentiment indicator.
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5.1.3 Calculation of the Overall Sentiment Indicator and Sectoral Sentiment Indicators

Research Question 4 (RQ4) deals with whether a market-based approach to measuring
sentiment is a reliable predictor of future security performance. This question is to be answered
for the daily returns of the S&P 500 index, which is why investor sentiment must first be
determined at the aggregated level of the S&P 500 Index. Chapter 5.1 describes in detail the
calculation of the daily company-specific sentiment indicators. These are added to construct the
aggregated sentiment indicator, referred to below as the Overall Sentiment Indicator (OSI). A
weighting is applied based on the market capitalization of the respective company for the
addition. This corresponds to the logic behind the formation of the S&P 500 Index (Chapter
2.6), which also includes share price performance based on a weighting of market

capitalization:

k
0SI, = Z MC s
£ 2 MC, it
=1
with MC; as the market capitalization of a company i, MCs as the sum of the market

capitalizations of the companies in the sample and SI;; as the sentiment indicator value of a

company i at time t.

A sector-specific analysis offers the advantage that apparent differences between the sectors
can be identified and thus considered in the research design if necessary. According to Foster
(1980), pairing companies from the same sectors may be necessary to avoid errors in the
research design. For simplification, the present study does not include a statistical significance
test, e.g., for the occurrence of abnormal returns for each sector, and only describes and

interprets the general statistics and curves of investor sentiment.

To calculate the sectoral indices, the daily and company-specific sentiment indicators must be
weighted based on the market capitalization within the sector. Thus, in an additional step, the
daily market capitalization was first calculated as a multiplication of outstanding shares and
stock price and then set in relation to the total (= sum) market capitalization of all companies
belonging to the respective sector and included in the sample, ensuring that larger companies
also have a correspondingly higher share of “sector sentiment” and that the calculated sector
sentiment thus develops based on the actual company weighting within the sectors. This
additional calculation step results in a sector-based sentiment value, available daily, for all

eleven sectors considered according to the GICS.
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Both the sentiment indicators of the individual companies and OSI can take any value, with
higher values indicating a higher (sectoral) sentiment and vice versa. However, a high (sectoral)
sentiment does not automatically mean that all the companies included also show a high
sentiment. Instead, the (sectoral) indicator indicates a weighted average view of the companies

included.

5.2 Design and Data Collection of the Event Study

This subchapter describes the second stage of the study, i.e., the research design and data
collection methodology for the event study, which is applied to examine the impact of selected
COVID-19 events on stock prices and stock price volatility. The rules for sample formation are
explained, followed by a detailed description of the construction and calculation method of the

event study for this investigation and outlining the various sub-steps leading to the final result.

The following section is based on MacKinlay's (1997) ideal/typical structure for conducting an

event study. Each section describes one step of the procedure proposed in the 1997 study.

5.2.1. Event(s) of Interest and Length of the Event Window

It is crucial to decide on the relevant event(s) to be investigated to determine significant changes
within the (sector-specific and company-specific) sentiment indicators and compare the course

of the sectoral sentiment indices.

The events investigated in this dissertation were determined using a two-stage procedure. In the
first step, previously published event studies on the impact of COVID-19 on the stock markets
in general and individual sectors were reviewed for the event dates used in each case. This
analysis shows two patterns: Firstly, many studies refer to the first confirmed positive COVID-
19 case in the country or market whose index is to be examined (Alam et al., 2021; He et al.,
2021; Sayed & Eledum, 2023). Secondly, several event studies choose March 11%, 2020, i.e.,
the declaration of a global pandemic by the World Health Organization, as a central and globally
uniform date for conducting their analysis (Khatatbeh et al., 2020; Maneenop & Kotcharin,
2020).

In the present study, an additional analysis step is to be carried out to more precisely determine
the dates relevant to the US market in a second step. Analogous to the procedure by Mavragani

& Gkillas (2020) and Brodeur et al. (2021), Google Trends is used with a filter for the frequency
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of US search queries. Google Trends is a freely available tool from Google that checks the
frequency of search queries for any search term, over any period, and limited to any existing
country. The tool can determine the presence of a topic in the population and the interest in
further information, indicating a keyword's relevance in a specific period. Google Trends has

been used to investigate the interest in health-related topics (Mavragani & Ochoa, 2019).

The evaluation via Google Trend confirms January 21%, 2020, when the first positive COVID-
19 case was confirmed in the US, as a relevant date for the investigation (Figure 8). On this
day, the search volume for the term “Corona” (which was the most common term for the new
respiratory disease, later specified as COVID-19, at that time, also covering various other search
terms such as “coronavirus”, or “corona disease”) rises above the minimum value for the first
time. March 11™, 2020, can also be confirmed as a relevant date, with interest in the search term
“corona” already at a high level. The third date that can be identified is January 31%, 2020. On
this date, Alex Azar, Secretary of Health and Human Services at the time, declared the outbreak
of COVID-19 a National Health Emergency (American Hospital Association, 2020). Google
Trends shows a peak in interest in the search term on this day, before interest subsequently
declines again. This indicates that the event is significant for the US population and, therefore,

also for investors. Therefore, this date will also be considered in the event study.

To summarize, and as described in Chapter 3, the following dates will be analyzed in more

detail as “events” in this dissertation.:
Event 1; 21.01.2020: First confirmed positive COVID-19 case in the US.

Event 2; 31.01.2020: The declaration of the COVID-19 outbreak as a public health emergency
in the US.

Event 3; 11.03.2020: Official declaration of the outbreak of the COVID-19 virus, previously
referred to as the COVID-19 crisis, as a global pandemic by the World Health Organization.
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Figure 8. Google Trends for "Corona" in the United States of America, December 2019 - April 2020

Source: own compilation based on data obtained from Google Trends, https://trends.google.de/trends/ (as of August, 27, 2024).



Following the crucial remarks by McWilliams and Siegel (1997), it needs to be checked
whether events have a financial impact, can be seen as largely unanticipated by the market
participants, and provide news to the market. In this study, it is assumed that market participants
were aware of the potential financial impact of these events. Firstly, it can be assumed that
every significant announcement about the development of the COVID-19 pandemic can be seen
as an event with a potential financial impact. Secondly, as early as January 4™ 2020, WHO
reported the occurrence of a pneumonia cluster in Wuhan, and on January 13™, the first case
outside China was confirmed (Mavragani & Gkillas, 2020). Thus, market participants were
aware of the virus, which was still referred to as the "novel coronavirus" at the time, and the

economic impact of the Chinese government's initial containment measures was already visible.

Even though market participants had to assume that the virus might also reach the US, it had
only occurred in Asian countries until the first confirmed case in the United States. The
declaration of a public health emergency and the declaration of a pandemic by the WHO were
also events that market participants could not have expected and represented new information

at the time.

In order to determine the correct event window for these three events, several aspects need to
be considered. First, according to MacKinlay (1997) and McWilliams & Siegel (1997), the
event window should include the event date and be kept as short as possible. However,
according to MacKinlay, the event period can be extended if periods surrounding the event
should also be examined, mainly because the market may learn about the information before

the event, leading to abnormal pre-event returns (MacKinlay, 1997).

In many similarly designed event studies that deal with the check for abnormal returns
following exogenous shock situations, the observation period starts immediately after the time
of the event. This is based on the assumption that the event with the effect of an (exogenous)
shock situation occurs completely unexpectedly and, therefore, could not be anticipated
beforehand. This is also a necessary prerequisite for determining cumulative abnormal returns,
as the anticipation of an event reduces the uncertainty of market participants and thus either
prevents the emergence of CARs or ensures excess or short returns at an earlier point in time
(Guo & Mech, 2000; Cheng et al., 2007). This basic assumption may not be applicable in the
case of the COVID-19 pandemic. As already explained, the appearance and international spread
of the SARS-COV-2 virus had already been present in the media since the end of 2019. The
fact that the US would also be affected by a first case could, therefore, have been anticipated

earlier. Once the first case has occurred, it can be assumed that investors could also anticipate



further measures, such as the “lockdowns” imposed in the People's Republic of China in mid-

January.

In order to take this possibility of earlier anticipation of events into account as far as possible
in the present study, three observation logics and three event window lengths are defined in the
sense of an explorative approach and in line with the proposal by Krivin et al. (2003). This is
done to examine event windows ad hoc and flexibly based on the sample of the “recognizable”

course of the returns, which were summarized in a total of three “panels” (Table 5).

Table 5. Overview of the Different Test Scenarios

Scenario Length of Observation
Panel 1 No. Event Date  Period [Trading Days] Event Window
al 21.01.2020 3 17.01 - 22.01
bl 21.01.2020 5 16.01 - 23.01
cl 21.01.2020 7 15.01 - 24.01
dl 31.01.2020 3 30.01 - 03.02
el 31.01.2020 5 29.01 - 04.02
fl 31.01.2020 7 28.01 - 05.02
gl 11.03.2020 3 10.03 - 12.03
hl 11.03.2020 5 09.03 - 13.03
il 11.03.2020 7 06.03 - 16.03
Scenario Length of Observation
Panel 2 No. Event Date  Period[Trading Days] Event Window
a2 21.01.2020 3 21.01 - 23.01
b2 21.01.2020 5 21.01 -27.01
c2 21.01.2020 7 21.01 -29.01
d2 31.01.2020 3 31.01 - 04.02
e2 31.01.2020 5 31.01 - 06.02
f2 31.01.2020 7 31.01 - 10.02
g2 11.03.2020 3 11.03 - 13.03
h2 11.03.2020 5 11.03 -17.03
i2 11.03.2020 7 11.03 - 19.03
Scenario Length of Observation
Panel 3 No. Event Date  Period [Trading Days] Event Window
a3 21.01.2020 3 16.01 - 21.01
b3 21.01.2020 5 14.01 - 21.01
c3 21.01.2020 7 10.01 - 21.01
d3 31.01.2020 3 29.01 - 31.01
e3 31.01.2020 5 27.01 -31.01
f3 31.01.2020 7 23.01 -31.01
g3 11.03.2020 3 09.03 - 11.03
h3 11.03.2020 5 05.03 -11.03
i3 11.03.2020 7 03.03 -11.03

Source: own compilation.
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Panel 1 includes event windows symmetrical around each event day (effective day). Each
window in this panel begins before the event date and ends after the event date. The following
event windows are analyzed: (-1,+1), (-2,+2), (-3,+3). Event windows in Panel 2 begin with the
event date (the date of the event is included), covering such windows as (0,+2), (0,+4), and
(0,46). The event period of Panel 3 begins before the event and ends with the event date itself.
The respective event date is always included in the event window, resulting in the following
event windows: (-6,0), (-4,0), (-2,0). The event window lengths are set at three, five, and seven
trading days, respectively, corresponding to frequently selected observation periods in
comparable event studies (Das & King 2021), covering very short and rather long event

windows. This results in 27 different observation scenarios distributed across the three panels.

5.2.2 Determination of the Selection Criteria for the Sample

The following section describes the methodology used to form the sample for this study,
focusing on the procedure for excluding companies from the sample to ensure a valid and
reliable measurement of the study's subject without the impact of confounding events. As
described in Chapter 4, selecting the sample, i.e., the companies to be included, is crucial for

the quality of the research design and, thus, the final result.

Building the Research Sample based on the S&P 500 Index

As an ex-ante assumption, the S&P 500 index in the composition at the time of the events has
been defined as the basis for this investigation’s sample. For this reason, the 500 companies
included in this index at the time of the respective events represent the study population. The
companies in the S&P 500 index are distinguished by the fact that they are the largest companies
in terms of market capitalization and are headquartered in the US. To achieve the final sample,
this population must be revised in the next step using the procedure for confounding events

described in Chapter 4.

To increase the quality of the sample, it is necessary to identify and exclude companies from
the determined population that could potentially distort the measurement results based on the
“COVID-19 crisis” events. According to Brown and Warner and as described in Chapter 4, this
is particularly essential when conducting an event study, as non-compliance with the (rather

strict) basic assumptions can lead to less precise results (Brown & Warner, 1980; Brown &
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Warner, 1985). Companies can only be included in the study if they are not subject to any other
internal or external events (confounding events) within the event window, which could
influence the event's effect (McWilliams & Siegel, 1997; Blajer-Gotebiewska & Nowak, 2024).
To further increase the quality of the study, companies were also excluded from the target group
if significant events occurred before the event under investigation. This was done because,
especially in the wake of the COVID-19 pandemic, significant spill-over effects could emerge
from earlier events during the development and spread of the virus. In the present study,
companies excluded from the sample due to confounding events were neither included in the
calculation of (sector-related) investor sentiment nor in the event study. This was done because
it is also essential for calculating and analyzing (sector-related) sentiment development to
exclude possible confounding factors during the period surrounding the events to obtain as

realistic a view as possible of sentiment development in the various sectors.

As the course of the COVID-19 crisis is challenging to narrow down in terms of time and spill-
over effects may occur due to events immediately before or after the event dates (events that
become known immediately after the events could also be anticipated by investors at an earlier
point in time), a broad exclusion of potentially affected companies is carried out in this study.
Thus, all companies that experienced significant events between November 1%, 2019 (when the
first cases of the respiratory disease not yet specifically named at that time became known) and
April 30", 2020, were excluded from the sample. To do so, a two-step procedure (as described

below) was used to identify possible interfering events.

In the first step, the notifications under the so-called Securities Exchange Act of 1934 to inform
shareholders or the US Securities and Exchange Commission (SEC) about specific events, as
proposed by Foster (1980), were first analyzed. Under this law, companies in the US with more
than 10 million USD in listed assets and more than 500 shareholders (this regularly applies to
all companies included in the S&P 500 index) are obliged to publish an 8-K notification within
four working days of the occurrence of certain events within the company (SEC, 2023).
Notifications consider such events as modifications to shareholder rights, senior officer
appointments and departures, disclosures of financial statements, and others as listed in Table
6. This information obligation increases transparency and is intended to prevent distortion of
competition by minimizing an information imbalance between principal and agent. All events
listed by the companies under the Securities Exchange Act were examined in detail as part of

the sampling process. The companies in question were excluded from the sample.
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Table 6. Events Leading to a Filing of an 8-K

An Event That Leads to the Mandatory Filing of an 8-K

e signing, amending, or terminating material definitive agreements not made in the
ordinary course of business, bankruptcies, or receiverships

e mine shutdowns or violations of mine health and safety laws

e consummation of a material asset acquisition or sale

e results of operations and financial condition, creating certain financial obligations,
such as the incurrence of material debt

e triggering events that accelerate material obligations (such as defaults on a loan)

e costs associated with exit or disposal plans (layoffs, shutting down a plant, or
material change in services or outlets)

e material impairments

e delisting from a securities exchange or failing to satisfy listing requirements

e unregistered equity sales (private placements)

e modifications to shareholder rights

e change in accountants

e determinations that previously issued financial statements cannot be relied upon

e change in control

e senior officer appointments and departures

e directors’ elections and departures

e amendments to certificate/articles of incorporation or bylaws

e changes in the fiscal year

e trading suspension under employee benefit plans

e amendments or waivers of the code of ethics

e changes in shell company status

e results of shareholder votes

e disclosures applicable to issuers of asset-backed securities

e disclosures necessary to comply with Regulation FD

e other material events

e certain financial statements and other exhibits.

Source: own compilation based on SEC, 2023.

In the second step, additional news were taken into consideration, published in online media in
connection with the companies under consideration. The source used for this investigation step
was Google News. Not every event in the event window immediately led to an exclusion from
the sample—the exclusion was made based on a qualitative assessment by the author of this
study, based on the confounding events described by McWilliams and Siegel (McWilliams &
Siegel, 1997) and other authors (e.g., Blajer-Gotgbiewska & Nowak, 2024). They describe
events such as the declaration of dividends, the announcement of a merger, the signature of a

significant contract, or the announcement of a new product.
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Table 7. Companies Excluded from the Sample

Ticker Company Name Ticker  Company Name Ticker  Company Name

AOS A. O. Smith HOLX  Hologic SNPS Synopsys

ABBV AbbVie HST Host Hotels & Resorts SYY Sysco

ACN Accenture HWM Howmet Aerospace TMUS T-Mobile US

AAP Advance Auto Parts IBM IBM TROW  T. Rowe Price

AFL Aflac INTC Intel TPR Tapestry, Inc.

ALB Albemarle Corporation IPG Interpublic Group of Companies (The) | TSCO Tractor Supply

MO Altria INTU Intuit TWTR  Twitter

AMCR Amcor Qv IQVIA UDR UDR, Inc.

AEE Ameren IRM Iron Mountain UAL United Airlines Holdings
AMT American Tower JNPR Juniper Networks UNH UnitedHealth Group
AWK American Water Works KEY KeyCorp UHS Universal Health Services
AON Aon KEYS Keysight VTRS Viatris

AlV Apartment Investment & Management | KMB Kimberly-Clark v Visa Inc.

APTV Aptiv KSS Kohl's WBA Walgreens Boots Alliance
AJG Arthur J. Gallagher & Co. KHC Kraft Heinz WEC WEC Energy Group

T AT&T LDOS Leidos WEFC Wells Fargo

ATO Atmos Energy LMT Lockheed Martin WDC Western Digital

AZO Autozone MPC Marathon Petroleum WHR Whirlpool Corporation
BAX Baxter International MKTX  MarketAxess WTW Willis Towers Watson
BDX Becton Dickinson MAS Masco XEL Xcel Energy

BBY Best Buy MA Mastercard

BLK BlackRock MRK Merck & Co.

BA Boeing META  Meta Platforms

BWA BorgWarner MET MetLife

BSX Boston Scientific MGM MGM Resorts

AVGO Broadcom Inc. MU Micron Technology

CHRW C.H. Robinson MHK Mohawk Industries

CAH Cardinal Health MCO Moody's Corporation




CNP CenterPoint Energy MS Morgan Stanley

SCHW Charles Schwab Corporation NWL Newell Brands

CMG Chipotle Mexican Grill NI NiSource

CMS CMS Energy JWN Nordstrom

CTSH Cognizant 0):4' Occidental Petroleum
DHR Danaher Corporation ODFL Old Dominion

DVA DaVita Inc. OoMC Omnicom Group

DLR Digital Realty ORCL Oracle Corporation
DER Duke Realty PYPL PayPal

DD DuPont PBCT Peoples United Financial
EBAY eBay PEP PepsiCo

LLY Eli Lilly and Company PSX Phillips 66

EQIX Equinix PPL PPL Corporation

EL Estée Lauder Companies (The) PLD Prologis

ES Eversource PVH PVH Corp.

EXC Exelon QRVO Qorvo

EXPE Expedia Group RF Regions Financial Corporation
FFIV F5, Inc. ROK Rockwell Automation
FRT Federal Realty RCL Royal Caribbean Group
FLIR FLIR Systems SPGI S&P Global

FLS FlowServe CRM Salesforce

FOXA Fox Corporation (Class A) SLB Schlumberger

GL Globe Life NOW ServiceNow

HBI Hanesbrands SPG Simon Property Group
HRB H&R Block SIM J.M. Smucker Company (The)
HIG Hartford (The) SWK Stanley Black & Decker
PEAK Healthpeak STT State Street Corporation

Source: own compilation.
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Many aspects have already been covered by the 8-K filings mentioned before. Nevertheless, an
additional step was carried out to increase data quality. Companies were excluded from the
sample if the event had the potential to distort the “normal returns” irrationally in terms of size

and relevance for the respective company.

After carrying out both steps, 133 companies, as presented in Table 7, were removed from the

sample. The specific reasons for exclusion can be found in more detail in Appendix B.

In the third step, once the data for the remaining companies had been determined, some
individual value pairs (date and corresponding value) had to be removed from further
calculation. This was particularly the case where a company's daily return was 0. In this case,
the Adjusted Turnover Rate (ATR) calculation is impossible due to the underlying formula. In
line with Foster (1980), these individual daily values were removed from the entire sample. The
remaining sample consists of 367 companies, all of which are included in the S&P 500 index

and can be broken down by sector according to GICS (Table 8).

Table 8. Distribution of Companies in the Final Sample by Sectors

Total Number of Companies in Number of Remaining Companies

GICS Sector S&P 500 b for Further Research ¢ b
Communication Services 22 19
Consumer Discretionary 56 38
Consumer Staples 33 29

Energy 23 19
Financials 67 49

Health Care 64 41
Industrials 70 62
Information Technology 76 48

Materials 29 26

Real Estate 30 19

Utilities 30 17

Total 500 367

Source: own compilation.



5.2.3 Definition of the Estimation Window, Calculation of Normal and Abnormal

Returns

Definition of the Estimation (Observation) Window

Analogous to McWilliams & Siegel (1997), the estimation (observation) window forms the
basis for calculating normal returns. It should be noted that the selected window should be long
enough to reflect average "normal" returns, yet short enough to avoid being affected by
macroeconomic changes in the framework conditions, which could, in turn, impact the
formation of normal returns. According to Krivin et al. (2003), the observation window can

range from a few days and several years.

In this study, the observation window was selected based on the data used to calculate the
sentiment indicator: An observation window that only covers periods in which the COVID-19
virus was already known could already be influenced and, therefore, not provide correct normal
returns. It is, therefore, necessary to set the observation window to the time before the COVID-
19 virus became known. This study defined the period between January 2nd, 2019, and the

respective event time as the basis for calculating the normal returns.
The length of the observation windows is therefore:

02.01.2019 —20.01.2020: 264 trading days

02.01.2019 — 30.01.2020: 272 trading days

02.01.2019 — 10.03.2020: 299 trading days

Calculation and Aggregation of Abnormal Returns
The expected returns for the selected securities during the period under review must first be
determined as a basis for calculating the abnormal returns.
In this study, the daily returns are calculated using the formula
Rit = ai+ BiRm: +eis
where a represents the intercept and [ represents the “market beta”, both need to be estimated.

The difference between the expected return and the actual daily return is now used to calculate

the so-called abnormal return, which quantifies the reaction to the respective event. To
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aggregate the abnormal returns to cumulative abnormal returns, the abnormal returns
determined along the defined study scenarios are summed, which enables an overall view of
the event's cumulative effects. The combination of the three approaches with the varying
lengths of the observation periods results in a total of 27 investigation scenarios (3 x 9 individual

elements in the panels), analogous to the described panels in Table 5.

Statistical Analysis and Robustness of the Sample

Chapter 4 explains that various statistical test procedures are suitable for checking the
significance of the (cumulative) abnormal returns. Before deciding on a specific test procedure,
the sample must be checked for the applicability of the desired procedure. It is imperative to
ensure that the basic assumptions are not violated, as this would drastically reduce the
credibility of the event study (McWilliams & Siegel, 1997). Typically, in the case of a time
series, such as the data basis applied in this study, the normal distribution of the data in the
sample is the basic assumption for applying parametric test procedures. This can be derived
from the “efficient market hypothesis”, in which risk and return are linked in a linear
relationship (Fama, 1970). Only if a sample is distributed equally or normally, this assumption
holds true. In practice, however, it has often been proven that markets exhibit inefficiencies and
that normality cannot be assumed without further testing (Khang & Huq, 2012). Although
Chion & Veliz, among others, determine that samples collected over a longer time horizon
generally approximate the normal distribution (Chion & Veliz, 2008), the present sample

should also be examined in more detail first.

Normality can be tested visually and using various test procedures (Das & Imon 2016). For this
reason, normality is first checked for each of the described observation scenarios al — 13 (as

described in Table 5) using four independent tests:
e Doornik Hansen test
e Shapiro Wilk W test
e Lilliefors test
e Jarque-Bera test

The above-mentioned tests’ results for panels 1-3, with 9 series in each, are presented in Table

9.
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Table 9. Results of the Tests for Normality of the Abnormal Returns

Panel 1 al b1 cl d1 el f1 gl hl il
Doornik-Hansen test 61.182 26.900 35.360 1018.290 1679.530 545.803 53.428 176.181 75.625
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Shapiro-Wilk W 0.938 0.962 0.975 0.654 0.7362 0.798 0.957 0.136 0.925
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Lilliefors test 0.100 0.071 0.056 0.144 0.119 0.123 0.064 0.136 0.092
p-value 0.000 0.000 0.010 0.000 0.000 0.000 0.000 0.000 0.000
Jarque-Bera test 159.906 67.253 48.042 47067.500 1982.200  9631.870 227.476 1087.680 362.314
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Panel 2 a2 b2 c2 d2 e2 2 g2 h2 i2
Doornik-Hansen test 35.632 36.041 52.156 1003.200 243.553 425.999 31.425 59.781 20.757
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Shapiro-Wilk W 0.965 0.964 0.964 0.621 0.736 0.865 0.964 0.938 0.977
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Lilliefors test 0.070 0.074 0.076 0.170 0.152 0.102 0.082 0.074 0.056
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Jarque-Bera test 58.502 56.213 76.244 57016.900 27109.400  2582.760 88.195 223.421 43.784
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Panel 3 a3 b3 c3 d3 e3 3 g3 h3 i3
Doornik-Hansen test 66.850 184.988 157.914 86.756 64.397 64.213 526.818 339.589 307.098
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Shapiro-Wilk W 0.943 0.937 0.939 0.941 0.956 0.950 0.754 0.799 0.810
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Lilliefors test 0.083 0.067 0.064 0.074 0.074 0.054 0.147 0.136 0.134
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Jarque-Bera test 182.972 449.494 827.775 459.822 195.661 308.823  5023.520  2707.640  2141.940
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Source: own compilation.






The results of all tests showed that the sample is not normally distributed at the significance
level of p = 0.01. Consequently, there is a violation of acceptance for parametric test

procedures. Therefore, these test procedures cannot be used.

5.2.4 Test Procedure Used for the Current Investigation

Taking the above considerations into account, in this study, the Generalized Sign Test (or
Generalized Sign Z) will be used. The nonparametric test procedure, first described by Cowan,
Nayar, and Singh (1990) and Sanger and Peterson (1990), provides reliable results, even in the
presence of non-normality, increasing variance, or an increase in the event period (Cowan,

1992). The method is based on the proportion of positive CARs over the observation period.

5.3 Conduction of the Volatility Analysis

To analyze the volatility, the abnormal return on the specific event day (y) is first determined
using a GARCH model, as described in Chapter 4. The value obtained for y is then used using
the formulas described in Chapter 4 and tested for significance using the test procedure
introduced by Savickas (2003) as described in Chapter 4. In this study, the named parameters
are estimated based on the returns from the existing sample of 334 data records from the same

number of trading days (from 02.01.2019 to 30.04.2020).

Both the widely used cross-sectional test statistics, as mentioned by Brown and Warner (1980),
and Savickas' (2003) model, applied by Balaban and Constantinou (2006), are used without any
further adaptations, as their applicability for the present sample is given. The test is based solely
on whether the volatility determined on the event day differs significantly from the “normal”

volatility.

5.4 Determination of the Role of Company-specific Investor Sentiment in Moderating

the Impact of Exogenous Shocks on Stock Prices

The following section deals, in particular, with the procedure for dividing the sample into
“high” and “low” sentiments and the test setup for hypothesis testing. To test the Moderating
Effect Hypotheses H4a, H4b, and H4c and determine the role of company-specific investor
sentiment in moderating the impact of exogenous shocks on stock prices, the sample is first

divided into distinct groups based on company-specific sentiment. Specifically, the “investor



sentiment” surveyed as a metric variable is converted into an ordinally scaled variable with
three characteristics (“high”, “medium”, and “low”). The classification looks at investor
sentiment values on the day of the event under review, i.e., immediately before any possible
changes due to the event itself. There are different approaches to this in the literature. Bouteska
et al. define “high” investor sentiment as the sentiment that is at least one standard deviation
above the mean value of the sentiment benchmark/sample (Bouteska et al., 2019), while “low”
sentiment deviates negatively from the mean value by at least one standard deviation. All other
values also fall into the “medium” category. In addition, a classification can be done based on
the mean or median of the sample. Further differentiation arises when calculating the mean
value, as this can be carried out cross-sectionally and on an individual company basis or in
relation to the entire sample of all companies. Table 10 shows a breakdown of the 367

companies in the sample based on the various criteria at each of the three event dates examined.

Table 10. Distribution of Companies by Investor Sentiment Across Different
Classifications

Classification method Sentiment Total
High Low Medium
21.01.2020
mean (cross-sectional) 191 176 - 367
mean (individual company) 220 147 - 367
median (cross-sectional) 182 185 - 367
std. dev. of ind. company sentiment 99 42 226 367
31.01.2020
mean (cross-sectional) 171 196 - 367
mean (individual company) 120 247 - 367
median (cross-sectional) 184 183 - 367
std. dev. of ind. company sentiment 43 134 190 367
11.03.2020
mean (cross-sectional) 176 191 - 367
mean (individual company) 10 357 - 367
median (cross-sectional) 186 181 - 367
std. dev. of ind. company sentiment 0 324 43 367

Source: own compilation.

In the case of the classification methods based on the “mean” and “median”, a distinction is

only made between the two categories: higher / lower than the mean (median). In the case of
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the criterion “standard deviation”, the additional category “medium” is present, if the IS of the

analyzed company lies within the range between a positive and a negative standard deviation.

Table 10 shows that the approach chosen by Bouteska et al. (2019) does not seem useful for
the present study due to the high number of companies with “medium” sentiment and, in

lth

particular, at the time of the event on March 11", 2020, due to the unequal group sizes in the

sample. This approach is, therefore, not considered further for the subsequent calculation steps.

The remaining three approaches, combined with the varying lengths of the observation periods,

resulted in 81 investigation scenarios (3x 27 individual elements in the panels; Table 11).

Table 11. Overview of the Various Test Scenarios for the Moderating Effect Hypotheses

Event Scenario No. Length of Observation Observation Classification
Date Period [days] Period Method
Panel 1

mean (Cross-s.)
21.01.2020 al 3 17.01.-22.01. mean (ind. com)

median (cross-s.)

mean (Cross-s.)
21.01.2020 bl 5 16.01. - 23.01. mean (ind. com)

median (cross-s.)

mean (cross-s.)
21.01.2020 cl 7 15.01. - 24.01. mean (ind. com)

median (cross-s.)

mean (cross-s.)
31.01.2020 dl 3 30.01. - 03.02. mean (ind. com)

median (cross-s.)

mean (Cross-s.)
31.01.2020 el 5 29.01. - 04.02 mean (ind. com)

median (cross-s.)

mean (Cross-s.)
31.01.2020 fl 7 28.01. - 05.02 mean (ind. com)

median (cross-s.)

mean (Cross-s.)
11.03.2020 gl 3 10.03. - 12.03. mean (ind. com)

median (cross-s.)

mean (Ccross-s.)
11.03.2020 hl 5 09.03. - 13.03. mean (ind. com)

median (cross-s.)
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11.03.2020

il

06.03. - 16.03.

mean (cross-s.)
mean (ind. com)

median (cross-s.)

Panel 2

21.01.2020

a2

21.01.- 23.01.

mean (Cross-s.)
mean (ind. com)

median (cross-s.)

21.01.2020

b2

21.01.- 27.01.

mean (Cross-s.)
mean (ind. com)

median (cross-s.)

21.01.2020

c2

21.01.- 29.01.

mean (Cross-s.)
mean (ind. com)

median (cross-s.)

31.01.2020

d2

31.01. - 04.02.

mean (Cross-s.)
mean (ind. com)

median (cross-s.)

31.01.2020

e2

31.01. - 06.02.

mean (Cross-s.)
mean (ind. com)

median (cross-s.)

31.01.2020

31.01. - 10.02.

mean (Cross-s.)
mean (ind. com)

median (cross-s.)

11.03.2020

11.03. - 13.03.

mean (cross-s.)
mean (ind. com)

median (cross-s.)

11.03.2020

h2

11.03. - 17.03.

mean (cross-s.)
mean (ind. com)

median (cross-s.)

11.03.2020

i2

11.03.-19.03.

mean (cross-s.)
mean (ind. com)

median (cross-s.)

Panel 3

21.01.2020

a3

16.01. - 21.01.

mean (Ccross-s.)
mean (ind. com)

median (cross-s.)

21.01.2020

b3

14.01. - 21.01.

mean (Ccross-s.)
mean (ind. com)

median (cross-s.)

21.01.2020

c3
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median (cross-s.)

mean (Cross-s.)
31.01.2020 d3 3 29.01.-31.01.  mean (ind. com)

median (cross-s.)

mean (Cross-s.)
31.01.2020 e3 5 27.01. - 31.01. mean (ind. com)

median (cross-s.)

mean (Cross-s.)
31.01.2020 f3 7 23.01. - 31.01. mean (ind. com)

median (cross-s.)

mean (Cross-s.)
11.03.2020 g3 3 09.03. - 11.03. mean (ind. com)

median (cross-s.)

mean (Cross-s.)
11.03.2020 h3 5 05.03.-11.03. mean (ind. com)

median (cross-s.)

mean (Cross-s.)
11.03.2020 i3 7 03.03.-11.03. mean (ind. com)

median (cross-s.)

Source: own compilation.

The significance test is then carried out using the non-parametric Mann-Whitney U test to
analyze the groups' rank sums. At the same time, the median test is carried out to verify the

findings based on the groups' medians.

Chapter 5 describes the application of the methods described in detail in Chapter 4 in the
research context and in the specific application to the research question and sample of the
present study. In particular, it describes in detail how the quality of the study is ensured on the
one hand by the thorough approach to compiling the sample and selecting the event times, and
on the other hand by the use of suitable test procedures. The procedure described in Chapter 5
ensures that the empirical study results presented in the following chapter provide valid

statements to answer the research questions.
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CHAPTER 6
EMPIRICAL STUDY RESULTS AND DISCUSSION

This chapter presents the results of the statistical data analysis carried out as part of the
dissertation. The analysis is based on empirical tests of theoretical hypotheses as developed in

Chapter 3, in order to support the theoretical assumptions with statistical evidence.

First, the most important descriptive statistics for sentiment indicators are analyzed, providing
an overview of the characteristics and distribution of the variables applied. Second, the results
of Granger’s test for causality are described to investigate the relationship between the OSI and
the S&P 500 daily returns. Third, statistical testing of the hypothesis on the impact of the
exogenous shocks on stock returns and stock volatility is conducted. Finally, the role of investor
sentiment in moderating the relationship between the disclosure of new information and stock
returns is described in detail. Furthermore, the results are discussed and connected to the context

of the COVID-19 outbreak.

Presentation of study results and discussion address Research Questions 4-8, while Research
Questions 1-2, focusing on theoretical foundations and existing literature regarding the research
problem, were discussed in the theoretical section of the dissertation. Research Question 3,
regarding suitable methods of measuring investor sentiment, was discussed in Chapter 4.1. The
most suitable approach to measuring IS in the context of this study (Research Question 5) is

presented in Chapter 4.2.

6.1 Sentiment Indices

One aspect of Research Question 6 (RQ6) focuses on how exogenous shocks, like the COVID-
19 pandemic, impact investor sentiment across companies and sectors (Chapter 1.2). To answer
the question, the sentiment course for the companies included in the S&P 500 index and various
sectors within the S&P 500 Index was analyzed in more detail using the OSI and sector-based
sentiment indicators, both aggregated based on a newly developed aggregation methodology.
The following section addresses these aspects before the statistical analysis of the research

questions formulated in the hypotheses.
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6.1.1 Aggregated Overall Sentiment Indicator

Figure 9 first shows the development of the aggregated OSI calculated for the S&P 500 Index
for the period between January 2™, 2019, and April 30%, 2020. It is worth noting that the OSI
was not determined based on the key figures of the actual S&P500 Index but, for the purposes
of this study, was aggregated based on calculated individual sentiment trends for the companies

included in the index, weighted by their market capitalization.

-15

=20 i
11.03.2020

2020

-25

Figure 9. Weighted Sentiment Indicator for S&P 500 Index between 02.01.2019 and
30.04.2020

Source: own compilation.

Visual inspection of the curve shows that the OSI fluctuated significantly between positive and
negative values over time, with no apparent visual trend. In 2020, several adverse solid

fluctuations can be observed, representing global lows on the curve.

January 21, 2020 (when the US Department of HHS declared a global health emergency),
represents a local high point in investor sentiment. The Investor Sentiment Index rises shortly
before this trading day and falls again immediately after the date. January 31%, 2020 (the first
confirmed COVID-19 case in the United States), on the other hand, marks a local minimum,
with the opposite situation to January 21%, 2020. On January 31%, 2020, the index fell shortly

before the event date and rose again. The most dramatic slump in investor sentiment, with the
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most significant negative amplitude, as shown by the graph's lowest point, occurred after
February 24", when the sentiment index reached its lowest point at almost -20. Despite a
thorough review of the news and events surrounding this date, no clear explanation for this
dramatic shift could be identified. The second lowest point occurred on March 11%, 2020—the

day when the WHO declared the pandemic.

6.1.2 OSI vs Daily News Sentiment Index

Research Questions 3 (RQ3) and 5 (RQS5) focus on how investor sentiment can be measured in
general as well as specifically in the context of this dissertation and what methods or indicators
best capture its nuances. In Chapter 4.2, the type and calculation of the sentiment indicator that
seems best suited to the research questions of this dissertation was determined based on an
extensive literature review. To further verify this derivation, the OSI will be compared with
another index, the Daily News Sentiment Index, which is based on the systematic analysis of

news and, thus, represents a different approach to measuring sentiment.

In 2020, Shapiro, Wilson, and Sudhof presented their Daily News Sentiment Index, determining
investor sentiment based on an analysis of economics-related newspaper articles (Shapiro et al.,
2020). Specifically, articles from 24 different newspapers are included to determine sentiment
for the US market, covering different US regions or having a national focus (Federal Reserve
Bank of San Francisco, 2024). Figure 10 shows the comparison between the aggregated,
weighted sentiment indicator (OSI) based on the individual companies of the S&P 500 index
and the Daily News Sentiment Index in the period between January 2019 and April 2020.
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Figure 10. Comparison of Transformed OSI and Transformed Daily News Sentiment
Index

Source: own compilation.

Both indices have been transformed based on their value on the first observation day (=0) to
make them comparable. This means that every daily value of both indices has been divided by
the respective value on the first observation day. 1 is subtracted from these obtained values to

start with a common basis of 0 and to make the movements of both indices comparable.

The orange line, which shows the Daily News Sentiment Index course, has a “calmer” and less
erratic course compared to the OSI. In 2019, the index fluctuated between -2 in September 2019
and +3.2 in May 2019. At the end of 2019 and the beginning of 2020, the index reached a local
peak of around +2.8. After reaching the peak, the index drops until the end of the period under
review. Both indices generally show a negative trend, especially in 2020, with the OSI

demonstrating more immediate, short-term fluctuations.

The most significant difference between the two indicators is precisely between January and
the end of April 2020. While the Daily News Sentiment Index remains negative after falling
into negative territory from January 2020, the aggregated sentiment indicator OSI shows an
almost equally strong countermovement after a solid negative decline, finally leading investor
sentiment back into positive territory. The interpretation of this development will be provided

in Chapter 6.2.
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6.1.3 Sector-Related Sentiment Indicators

Figures 11, 12, and 13 provide an overview of the weighted sentiment indicators for the eleven
sectors according to GICS, comparing each of them to the OSI for the S&P 500 Index, also for
the period January 2™, 2019, and April 30%, 2020.

First, most sectoral indices show similar trends compared to the OSI for the S&P500 index.
Only the Utilities and Real Estate sectors show visible differences. In addition, throughout the
observed period and particularly between January 2020 and February 2020, the Energy,
Consumer Staples, and Healthcare sectors take on values contrary to the sentiment indicator
trend for the S&P500 index. Table 12 presents key descriptive statistics for the sector sentiment

indices across the entire observation period.

Table 12. Summary Statistics of Sectoral Investor Sentiment Indicators

Variable (Sector) Mean Median  Std. dev. Min Max
Communication Services 0.18 1.22 5.91 -17.20 13.50
Consumer Discretionary 0.27 1.50 7.85 -19.80 17.70
Consumer Staples 0.13 0.52 5.07 -18.80 14.00
Energy 0.10 1.13 9.51 -20.30 22.00
Financials 0.12 0.46 8.07 -23.80 17.60
Healthcare 0.17 0.61 6.15 -18.60 16.60
Industrials 0.14 0.90 7.60 -19.30 15.50
Information Technology 0.12 1.95 7.61 -21.50 15.60
Materials 0.14 0.81 6.30 -20.50 13.90
Real Estate 0.14 0.11 7.72 -17.60 21.80
Utilities 0.03 0.11 7.41 -20.00 19.30

Source: own compilation.
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The summary statistics (Table 12) show that the arithmetic means of all sector indices are
positive for the observation period, spanning from +0.03 in the Ultilities sector to +0.27
in the Consumer Discretionary Sector. The medians, in comparison, exhibit more
significant variation across sectors, although all values also remain positive. The Real
Estate and Utilities sectors have the lowest median at +0.11, whereas the Information
Technology sector has the highest median value (+1.95). Regarding variability, expressed
by the sectoral indices' standard deviation, the Energy sector shows the highest value,
with a standard deviation of 9.51. In contrast, the Consumer Staples sector shows the least

variation, with a standard deviation of 5.07.

The Financials sector has the lowest minimum value of -23.8, while the Energy sector
reaches the highest maximum of +22. The range between the minimum and maximum
values is smallest in the Communication Services sector, with a difference of 30.7, and
most extensive in the Energy sector, at 42.3. In summary, the table reveals considerable
differences and variability in sectoral sentiment indices, with the Energy and Financials

sectors showing the most extensive ranges in values.

Table 13 provides a comparison of the same key statistical metrics for the same sectors
as indicated before, comparing two periods: January—April 2019 in comparison to
January—April 2020. The statistics included are again (arithmetic) mean, median, standard

deviation, and minimum/maximum values for each sector.

For the means, all sectors, with one exception, experienced positive values in 2019, with
the highest value in the Energy sector (+6.55). Healthcare is the only sector with a
negative mean (-0.55). However, in 2020, most sectors experienced a significant decline,
leading to negative means. Only the Consumer Discretionary sector maintained a barely
positive sentiment (+0.03). In contrast, the Energy sector saw the most significant decline,
with an arithmetic average in sentiment of -4.84, dropping by more than ten points from

+6.55.

An analysis of the median values shows that in 2019, all sectors had positive values,
ranging from +0.03 for Healthcare to +6.95 for Industrials. Similar to the arithmetic
means, the medians also declined substantially in 2020, with several sectors, such as

Energy (-4.66; after +6.41 in 2019) and Industrials (-1.15; after +6.95 in 2019), showing
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negative median values. However, sectors like Information Technology, Consumer

Discretionary, and Real Estate remained positive despite the lower median values.

Table 13. Summary Statistics of Sectoral Sentiment Indicators, Jan—Apr 2019 vs.
2020

Std. Std.

Mean Median Median dev dev Min Min Max Max
Variable Jan- Jan- Jan- Jan: Jan: Jan- Jan- Jan- Jan-
(Sector) Apr Apr Apr Apr Apr Apr Apr Apr Apr

2020 2019 2020 5019 o0 2019 2020 2019 2020

Communication  , » 4 3.05 -1.70 3.54 722 461 -17.17 10.12  9.43
Services
Consumer 0.03 3.99 2.85 4.64 932  -6.13 -19.05 15.15 14.05
Discretionary
Consumer 2.49 3.51 1.85 2.81 6.19 -408 -18.76 9.54 10.58
Staples
Energy -4.84 6.41 -4.66 4.60 10.56  -6.13 -2025 1647 1643
Financials -4.98 2.83 323 7277 796 -1041 2379 1756  9.64
Healthcare -1.25 0.03 -0.43 5.27 737 -1480 -18.60 10.64 11.87
Industrials -3.00 6.95 -1.15 5.98 786 991 -1926 1546  9.57
Information 228 4.78 0.51 3.54 8.58 298 -21.54 13.08 14.66
Technology
Materials 3.73 491 311 3.92 7.62 507 2049 1255 11.12
Real Estate -0.99 5.55 1.39 8.66 847 -11.78 -17.57 2184 12.62
Utilities -1.22 5.48 037 6.39 983 879 -1998 1398 1927

Source: own compilation.

The standard deviation increased in 2020 across most sectors, indicating higher volatility
than in the previous year. For instance, the standard deviation in the Energy sector more
than doubled from 4.6 in 2019 to 10.56 in 2020. Similarly, the Financials sector
experienced a slight increase in standard deviation, while Real Estate marginally

decreased in value during the same period.

Considering minimum and maximum values, all sectors experienced a decrease in their
minimum values in 2020 compared to 2019. The Financials sector showed the most
significant drop from -10.41 in 2019 to -23.79 in 2020. In general, the visual inspection
of the graphs shows that every sector experienced a new global minimum value during
March 2020. Maximum values remained relatively stable for many sectors between the
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two periods. However, there were notable declines in sectors such as Industrials, where
the maximum value dropped from 15.46 to 9.57, and Real Estate, where the maximum

value decreased from 21.84 to 12.62.

In summary, the data shows a clear trend of increased volatility of the sectoral sentiment
indicators, expressed through the substantial increases in standard deviations and more
negative sentiment in 2020, indicating the influence of external (economic) factors and,
most likely, the outbreak and spread of COVID-19. The Energy and Financials Sectors,
in particular, exhibited the most extreme shifts in sentiment, with significant drops in

average and median and an increased standard deviation.

6.1.4 Understanding Investor Sentiment Behavior during the COVID-19 outbreak

Investor sentiment reflects the optimism or pessimism of financial market participants
about a security, a sector, or an index. Based on the results and trends of the aggregated
sentiment indicator for the S&P 500 index, it becomes clear that the COVID-19 outbreak
impacted market participants' investor sentiment (Table 13, Figures 10, 11, 12, and 13).
While sentiment was still largely positive in 2019, the sharp slump surrounding the
essential outbreak-related events examined in this dissertation is clearly visible, even
based on purely visual inspection (Figure 10). The reasons for this sharp drop in sentiment
into negative values may be the significantly increased uncertainty caused by the events
of the pandemic, the political interventions introduced, and the resulting economic cuts.
The fact that these factors can have a negative impact on investor sentiment has already

been explained in earlier chapters of the dissertation.

Looking at the specific event dates, the analysis shows that the sentiment indicator
initially falls into hostile areas immediately after the first positive COVID-19 case is
reported in the US on January 21%, 2020 (Figure 10). It can be assumed here that the
certainty that the “disease caused by the novel coronavirus” has spread beyond the borders
of Asia led to this substantial decrease. For S&P 500 index investors, it may then have
become more evident that measures such as those already spread by the media from China
could also be introduced in the US. This would lead to a much more negative market

outlook than before.

January 31%, 2020, marks the local minimum of the sentiment curve, following a clear
negative trend since January 21%, 2020. Subsequently, sentiment developed a positive
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trend. A purely visual inspection does not reveal any (negative) impact of January 31% on
investor sentiment. It is, therefore, also not possible to recognize that investors reacted
“shocked” in a negative sense to the new information, and consequently, sentiment also

adjusted to the negative trend.

This statement initially leaves room for further interpretation and opens up the potential
for further research. In research, the term “shock” and the “shocked” reaction in the sense
of the efficient market hypothesis always refer to the effect of the investor reaction on
stock prices; the effects are visible and measurable in the form of cumulative abnormal
returns, for example. However, little research has been done into whether shocks can also
be recognized directly in the development of sentiment itself or whether sentiment reacts
to unexpected events with a delay or at a slower pace. The emergence of positive or

negative “cumulative abnormal sentiment” has not yet been considered in research.

A look at investor sentiment between January 31% and March 11%, 2020, suggests that a
“shock” reaction also seems possible in investor sentiment itself. Here, a drop in
sentiment value from +5 to almost -20 can be seen within only two trading days (Figure
10). At no other time during the review period did investor sentiment shift with such
short-term intensity. There was no other specific event when this strong movement
happened. It can be assumed that the sum of the events—the further spread of the COVID-
19 disease, and the resulting gradual build-up of uncertainty and insecurity—Iled to a

panic-like change in investor sentiment at this point.

Furthermore, the course of the sentiment graph could already be strongly influenced by
the spread of COVID-19 in late February 2020. If this is the case, investors will have
already adjusted their expectations to a lower level before the actual (significant) events.
Nevertheless, the development of sentiment on the trading day of March 11, 2020, in
particular, can be seen as a reaction to an exogenous shock situation, namely the
declaration of the spread of the coronavirus as a global COVID pandemic by the WHO.
Therefore, it can be concluded that March 11" is indeed an exogenous shock situation

with a strong and visual impact on investor sentiment (Figure 10).

An analysis of the different sectors according to GICS allows comparable conclusions.
While the sentiment curves in 2019 are still uneven and show different positive and
negative swings, sentiment trends in 2020, especially in the period between February and

March 2020, are converging. In all graphs (Figures 11-13), the W-shape of the sentiment
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curve in the trading days immediately before March 11", 2020, is clearly visible. The
trends in investor sentiment, which develop differently over the observation period
depending on the respective sector, differ only slightly following the occurrence of an
exogenous shock situation. While investors were previously able to differentiate their
sentiment with regard to individual sectors by precisely analyzing market, sector, and
company data, this is not possible with the same level of detail and thoroughness
immediately after a shock situation. In addition, there may be irrationally driven herd
behavior - market participants infect each other in their panic, further reinforcing the

negative effect on investor sentiment (Bouri ef al., 2021).

Two sectors reveal a particular trend in investor sentiment that requires further
interpretation: Utilities and Energy. The Utilities sector showed above-average positive
investor sentiment immediately before the sharp decline in February and March 2020
(Figure 11). The Utilities sector includes companies that provide public utilities - these
are mainly companies in the electricity, water, and waste disposal sectors. One reason this
sector showed outstandingly positive sentiment could be the stricter hygiene requirements
resulting from the COVID-19 outbreak and the associated additional expenses in the
Utilities sector. In many cases, utilities companies are either operated by the state itself
or are partially nationalized, which distinguishes investors' attitudes towards them
compared to private companies. Furthermore, a second reason could be that these
companies provide essential services that continue to be provided even during economic

instability or a slump in demand.

The second sector with a conspicuous sentiment trend in the period around the events
considered in the dissertation is the Energy sector. While the Utilities sector showed
exceptionally positive sentiment between the end of February and the beginning of
March, the Energy sector showed exceptionally negative sentiment (Figure 11). This
negative investor sentiment is possibly due to investors' expectations that lockdowns and
plant closures could also occur in the US, as was the case in China a few weeks earlier
(KPMG, 2020). This would result in a significant reduction in energy consumption by
companies, which are much more energy-intensive than private households, which would

cloud the outlook for energy-producing companies in the Energy sector.

The development of sentiment during the COVID-19 outbreak is mainly in line with
previous findings from other studies. Two studies found a correlation between uncertainty

in the context of the pandemic (+) and investor sentiment (-) (Shaikh, 2021, investigating
149



12 major global markets; Haroon & Rivzi, 2020 for the US market). This is confirmed by
the study by Dash and Maitra (2022) on the development of investor sentiment during the
COVID-19 pandemic in the G7 countries. This can also be seen in the sentiment trends
determined, with the average and median values of the individual sectors from January to

April 2020 consistently showing lower levels than a year earlier.

In comparison with the Daily News Sentiment Index (DNSI), according to Shapiro and
Wilson, a visual inspection of the curves revealed that the OSI and DNSI do not show
parallel trends. In a study by Buckman et al. (2020), the authors found that the DNSI has
a different course compared to the survey-based measurement of investor sentiment in
the context of COVID-19. The DNSI has also not yet been tested for its predictive
accuracy concerning the returns of individual securities or stock indices. Shapiro et al.
(2022), on the other hand, were able to prove that the DNSI can predict the course of
survey-based sentiment measures. As the OSI is an index-based indicator, it can be
assumed that the functional mechanism of the DSNI is not comparable to that of the OSI
(as it is not for other sorts of measurement) and that both indicators, therefore, have their

raison d'étre when used in the correct context.

This study also confirms that different sectors can have different sentiment trends, as
shown by other authors (Song, Hao & Lu, 2021). However, this finding is supplemented
by the observation that investor sentiment can no longer be differentiated by market

participants depending on the sector after an actual panic-like reaction.

Finally, other effects may also have had an indirect impact on investor sentiment in the
present study: In their study, Mili et al. (2023) found a sensitive reaction of the
Psychological Line Index and the Relative Strength Index in the wake of (negative) news
on COVID-19. Chebbi et al. (2021) also determined that the COVID-19 outbreak reduced
average stock liquidity in the S&P 500, which in turn is negatively correlated with trading
volume (see the explanations in Chapter 4). All three elements are part of the sentiment
indicator constructed for this study, which is why these influences could also have an

impact on the shape of the investor sentiment graph.

6.2 Daily OSI as a Predictor of S&P 500 Index Daily Returns

Research Question 4 (RQ4) asks whether investor sentiment measured using a market-
based approach a reliable predictor of future security performance (Chapter 1.2). It
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corresponds to Hypothesis 1 stating that the OSI available on a daily basis, aggregated
from the companies included in the S&P 500 index, is capable of predicting the daily
returns of the S&P 500 index (Chapter 3.1).

In the following section, the results of the empirical-statistical study on Research
Question 4 (RQ4) are discussed in a first step on the basis of the data set collected. In the
second part, the results are placed in the context of the COVID-19 outbreak, interpreted,

and initial implications are derived.

6.2.1 Market-Based Investor Sentiment vs. the S&P 500 Index

The basis of the sentiment indicator used in this dissertation is an index proposed by Seok
et al. (2019b), consisting of various sub-indicators. The predictive accuracy of the
sentiment indicator, even after the occurrence of news (i.e., earnings news), has already
been demonstrated by previous studies based on companies included in the Korean

KOSPI index (Seok et al., 2019a; Seok et al., 2019b).

The current dissertation adds a new aspect to the approach of measuring investor
sentiment, as initially proposed by Seok et al. (2019b). In order to be able to determine
the sentiment for the S&P 500 Index with its five hundred individual companies from the
eleven sectors according to GICS as precisely as possible, it was aggregated into an
overall sentiment indicator (OSI) using the individual, company-specific indicators and
based on a weighting of the companies according to their market capitalization. This
approach represents a new development that has not yet been empirically tested for its

usefulness in predicting stock returns.

Two research questions are related to this aspect. First, Research Question 3 (RQ3) asks
about the methods that are most suitable for investigating the role of investor sentiment
in moderating the impact of exogenous shocks on stock prices. It was partially answered
in Chapter 4.2, where the selection process of the most suitable approach to capture daily,
firm-specific investor sentiment has already been described based on the specific
requirements of this research framework. The second is Research Question 4 (RQ4) on
whether an investor sentiment measured using a market-based approach is a reliable
predictor of future security performance still needs to be investigated. Hypothesis H1 is
the operationalization of RQ4, referring to the Overall Sentiment Indicator (OSI) and the
daily returns of the S&P 500 index.
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To assess the prediction accuracy of the weighted OSI for the daily returns of the S&P
500 Index between January 2", 2019, and April 30", 2020, the non-parametric
Spearman's rank correlation test was used in the first step to determine the correlation
between the OSI and the S&P 500 Index daily returns (Table 14). Spearman's rank
correlation test shows a significant correlation between the OSI values and the S&P 500

daily returns.

Table 14. Results of Spearman's Rank Correlation Test for the OSI and the S&P
500 Index daily returns

Spearman's Assymp. std.
p error t-test p-value
0.16 0.06 2.89 0.004***
Note: n=321.

Source: own compilation.

The next step is to use the Granger test for causality between the daily OSI values and the
S&P 500 Index daily returns. First, the stationarity of the two variables is checked using
the Augmented Dickey-Fuller test (Dickey & Fuller, 1979) (Table 15).

Table 15. Results of the Augmented Dickey-Fuller Test for OSI and S&P 500 Index
daily returns

ADF (Augmented Dickey-Fuller Test for Stationarity)

OSI S&P 500 index daily returns
Tau stat -18.861 -45.286
Tau crit -2.871 -2.871
Stationary yes yes
AlIC 4.627 -4.912
BIC 4.650 -4.889
Lags 0 0
Coeff. -1.060 -1.736
p-value <0.01 <0.01

Source: own compilation.
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The results show that both variables are stationary, which is the central requirement of
Granger’s causality test. Second, the number of lags with the highest goodness of fit is
first determined using the Akaike criterion, Schwarz’s Bayesian criterion, and the

Hannan-Quinn criterion (Table 16).

Table 16. Determination of the Optimal Number of Lags for Granger’s Test for
Causality

Lags Loglik p(LR) Akaike Schwarz Bayesian Hannan-Quinn
Criterion Criterion Criterion
1 153.505 - -0.949 -0.876* -0.920
2 162.180 .002 -0.979 -0.858 -0.931
3 170.720 .002 -1.008 -0.839 -0.941
4 182.414 .000 -1.057 -0.841 -0.971
5 183.929 553 -1.041 -0.777 -0.936
6 210.331 .000 -1.128 -0.815 -1.002
7 215.420 .000 -1.192 -0.832 -1.048
8 220.225 .050 -1.198 -0.789 -1.034
9 230.561 .000 -1.238 -0.781 -1.056*
10 235.899 .030 -1.247* -0.742 -1.045

Note: asterisks indicate the minimized values of the respective information criteria.

Source: own compilation.

The Schwarz Bayesian criterion indicates a lag of 1 as the best-fitting to the model. In
contrast, the Hannan-Quinn Criterion indicates 9 lags, and the Akaike Criterion 10 lags
as the model with the highest goodness of fit. It can be assumed that the lowest possible
lag tends to increase the probability of causality due to the reduced probability of the
influence of other variables for shorter lags. The further calculation and test for Granger
causality is thus carried out based on a lag of 1 (Tables 17 and 18). Two tests for Granger
causality were conducted for lag = 1. One for daily OSI potentially affecting S&P 500
index daily returns (Table 17), and the second for S&P 500 index daily returns potentially
affecting daily OSI (Table 18).

153



Table 17. Results of Test for Granger Causality between Daily OSI and S&P 500
Index Daily Returns (lag 1)

Coefficient Std. error t-ratio p-value

const 0.000 0.000 0.237 0.813
OSI 0.000 0.000 2.315 0.021%*
S&P 500 index daily returns -0.395 0.053 -7.436 0.000%**
F-test P-value
F(1,317) 5.358 0.021%*

Source: own compilation.

Table 18. Results of Test for Granger Causality between S&P 500 Index Daily
Returns and Daily OSI (lag 1)

Coefficient Std. error t-ratio p-value

const 0.009 0.134 0.065 0.948
OSI 0.913 0.023 40.100 0.000%**
S&P 500 index daily returns 5.962 7.510 0.794 0.428
F-test P-value
F(1, 317) 0.630 0.428

Source: own compilation.

Significant Granger causality was found for the first direction of influence tested, for a
lag = 1 (Table 17). Thus, the daily OSI values help forecast the S&P 500 index's daily
returns. Regarding the inverse direction, Table 18 shows no significant Granger causality
for lag = 1. So, the S&P 500 index's daily returns do not predict daily OSI values.
Concluding, the results support the Predictive Hypothesis HI1, stating that the OSI
available on a daily basis, aggregated from data for companies included in the S&P 500

index, is capable of predicting the daily returns of the S&P 500 index.

6.2.2 Sentiment Indicator as a Predictor of Daily Stock Returns

In the first step, Spearman's rank correlation test to statistically analyze this hypothesis
proved that the values of the sentiment indicator and the daily stock returns of the S&P
500 Index are correlated (Table 14). The correlation is positive, so an increase in the
sentiment indicator's daily value also increases the daily stock returns. Furthermore,
Granger’s test for causality shows that the daily OSI values Granger-cause the S&P 500
index daily returns (Table 17).
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These findings show that there is an information flow between the two variables. Even if
Granger's test for causality cannot prove “real” causality due to its limitations, there is
more than just a simple correlation between the two variables. The weighting of
companies based on their market capitalization thus proves to be a helpful aspect in the
construction of precise sentiment indicators. At the same time, the significant result
proves the suitability of an index-based approach for predicting stock returns, even in a

period with potentially unexpected, shock-like events.

These results confirm the suitability of the approach proposed by Seok et al. (2019b),
which was tested in the Korean markets in the past, also for a broader and more developed
index such as the S&P 500. However, the results contrast with the findings of a study by
Canbas and Kandir (2009), who were unable to prove Granger-causality in an
investigation of the causal relationship between investor sentiment and stock returns in
the emerging market of Turkey, while finding that vice versa, stock portfolio returns, on

the other hand, appear to influence investor sentiment.

To sum up, the Predictive Hypothesis (H1) stating that the Overall Sentiment Indicator
available on a daily basis between January, 2™, 2019, and April, 30", 2020, aggregated
from the companies included in the S&P 500 index, is capable of predicting the daily
returns of the S&P 500 index, cannot be rejected. Investor sentiment can predict stock

prices.

6.3 Exogenous Shock and Abnormal Returns

One aspect of Research Question 6 (RQ6) delves into how exogenous shocks, like the
COVID-19 pandemic, impact stock prices across companies. To investigate this aspect
and to answer RQ®6, the first step is to test Return Hypotheses H2a, H2b, and H2c¢ to check
whether cumulative abnormal returns occurred for stocks of the companies examined
during the events investigated, i.e., the first confirmed positive COVID-19 case in the US
(H2a), declaration of the National Health Emergency (H2b) and declaration of the
pandemic (H2c).
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6.3.1 Abnormal Returns during the Defined Event Windows

All measured values and cumulative abnormal returns in this analysis were calculated
based on the daily stock performance of individual companies, which have been
aggregated subsequently to measure the statistical significance of the findings. Thus,
results for individual companies may vary; though this study does not examine or address

those differences in more detail.

The effect of information about COVID-19 on stock prices (abnormal returns) was tested
using the test statistic of the Generalized Sign Test is calculated using the following

formula:

w—NXp

JN X —p)

where w is the number of positive AR; o in the sample at the time of the event and P is

the positive proportion of abnormal returns AR; ; in the observation window.

The results in 81 values for z statistics calculated for the 27 individual scenarios,
distributed across the three panels (Table 19): symmetrical around each event day (panel
1), starting on the event date (panel 2), and beginning before the event and ending with

the event date (panel 3) as described in Chapter 5.2.1.

Hypothesis H2a states that the disclosure of the first COVID-19 case in the US leads to
negative abnormal returns on stocks of companies operating in the US and included in
the S&P 500 index. Scenarios a-c are the corresponding scenarios in the overview. For
none of these scenarios, significant results were found, so hypothesis H2a needs to be

rejected.

Hypothesis H2b states that the declaration of the COVID-19 outbreak as a public health
emergency in the US (American Hospital Association 2020) leads to negative abnormal
returns on stocks of companies operating in the US and included in the S&P 500 index.
So, it refers to January 31, 2020, and scenarios d-f are the corresponding scenarios in the
overview. The test statistics show mixed results for this date. In panel 1, significant CARs
can be found for five trading days and seven trading days around January 31, 2020. In
panel 2, three, five, and seven trading days after January 31%, 2020, show significant

results. In the case of panel 3, only the periods of three and seven trading days before the
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event show significant results, confirming the occurrence of CARs during these periods.
Overall, the findings support hypothesis H2b, although further differentiation and
interpretation of the results is necessary (Chapter 6.3.2).

Table 19. Effect of Information about COVID-19 on Stock Prices

Scenario Date (Length of Event Z p-value  Significance
Window in Trading Days)
Panel 1
al 21.01.2020 (3) -1.041 0.149
bl 21.01.2020 (5) 0.534 0.703
cl 21.01.2020 (7) -1.041 0.149
dl 31.01.2020 (3) -1.146  0.126
el 31.01.2020 (5) -3.875 0.000 Hok*
fl 31.01.2020 (7) -2.825 0.002 *ok*
gl 11.03.2020 (3) -4.295 0.000 oAk
hl 11.03.2020 (5) -8.809 0.000 oAk
il 11.03.2020 (7) -6.605 0.000 oAk
Panel 2
a2 21.01.2020 (3) 1.164 0.878
b2 21.01.2020 (5) 0.429 0.666
c2 21.01.2020 (7) -1.566 0.059
d2 31.01.2020 (3) -3.035 0.001 *ok*
e2 31.01.2020 (5) -4.925 0.000 *ok*
2 31.01.2020 (7) -5.450 0.000 Hok*
g2 11.03.2020 (3) -8.180 0.000 ok
h2 11.03.2020 (5) -6.815 0.000 oAk
i2 11.03.2020 (7) -7.025 0.000 Hok*
Panel 3
a3 21.01.2020 (3) -0.411 0.341
b3 21.01.2020 (5) 0.010 0.504
c3 21.01.2020 (7) -1.041 0.149
d3 31.01.2020 (3) -2.930 0.002 Hok*
e3 31.01.2020 (5) -0.936 0.175
f3 31.01.2020 (7) -2.300 0.011 **
g3 11.03.2020 (3) -5.345 0.000 ok
h3 11.03.2020 (5) -5.240 0.000 HoHk
i3 11.03.2020 (7) -3.875 0.000 Hok*

Source: own compilation.

Hypothesis H2c states that the WHO's declaration of a pandemic leads to negative
abnormal returns on stocks of companies included in the S&P 500 index. So, it focuses

on March 11%, 2020, as the event date. For this event date, every scenario (g-i) showed
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significant results, meaning that for every investigated period and every panel, CARs

occurred and were significant. Finally, the results support hypothesis H2c.

6.3.2 Understanding the Effect of COVID-19 on Stock Prices

The statistical analysis relating to hypothesis H2a, referring to the disclosure of the first
COVID-19 case, shows no significant results; the occurrence of CARs can, therefore, not
be proven based on the study panels for January 21%, 2020 (Table 19). Hypothesis H2a
must, therefore, be rejected. One explanation for the findings may be the course of
infection during the COVID-19 outbreak. When looking at January 21%, it must be taken
into account that although the virus had already reached several countries by this date,
more than 95% of infections were registered in China at the same time. The case
confirmed in the US was even the first outside Asia (WHO, 2020). Since even the period
immediately before the event examined as part of panel 3 did not show any significant
(negative or positive) cumulative abnormal returns either (Table 19), this indicates that
the event might not be considered sufficiently significant by market participants or as a
somewhat local phenomenon similar to the spread of Ebola. The endemic spread of Ebola
is predominantly limited to the African continent, as the incubation time of the disease is
so short and the mortality rate is so high that most infected patients die before further
infections can occur over a greater distance (Huber et al., 2018). A second explanation
could be investors' earlier anticipation of the event, leading to the fact that the event had
been priced earlier. Investors had to assume that it was only a matter of time before the
virus reached other countries, such as the US. Both explanations, although contradictory,
seem conceivable in this case. A third aspect that could explain the lack of an abnormal
reaction and adaptation of investors’ expectations could be the fact that it was only two
days later that a country (in this case, China) took concrete, restrictive measures
("lockdown") for the first time. Until this point, it is possible that the specific economic
effects and implications of the spread of COVID-19 to the US were not yet visible or
assessable enough to determine a measurable reaction from market participants around
January 21%. To summarize the findings on January 21, it can be stated that the effects
of an event (regardless of whether they will occur or are merely speculation) must be

sufficiently concrete to trigger a measurable short-term reaction from market participants.
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The results for the second observation date, January 31, 2020, vary by scenario (Table
19). In Panel 1, analyzing a symmetrical number of trading days around the event date,
significant results can only be found in the observation windows of five (-2,+2) and seven
trading days (-3,+3) around the event. Panel 2, focusing on the occurrence of CARs
strictly after the event date, shows significance for three (0,+2), five (0,+4), and seven
trading days (0,+6) periods. Panel 3, focused on anticipatory effects, reveals significance
for the (-2,0) window and for the (-6,0) window. These results suggest that the US health
authorities' declaration of a national health emergency was largely unexpected, causing
abnormal returns as investors adapted their expectations based on the news, particularly

in the days surrounding and following the event.

Finally, all panels and scenarios examined around the event date of March 11, 2020,
show highly significant results, confirming that the declaration of COVID-19 as a global
pandemic by the WHO had a significant impact on S&P 500 stock prices both before and
after the event, leading to irrational, cumulative abnormal returns (Table 19). By this time,
COVID-19 had already spread widely, and to many countries globally, initial restrictions
had been put in place. The pandemic declaration made it clear to market participants that
the outbreak was not short-term or local and that S&P 500 companies would likely be

affected by future measures, solidifying investor uncertainty.

Regarding hypotheses H2a, H2b, and H2c, cumulative abnormal returns were detected
for most scenarios and for the dates of January 31 and March 11™, 2020. This is in line
with the results of Chau ef al. (2016), who found that sentiment is a relevant factor in
stock price variations for US stocks, and various other studies suggesting a significant
impact of COVID-19-related events on US stock prices and the S&P 500 index, in
particular in March 2020 (Chapter 2.4). The results show that investors faced an

lth

unexpected, exogenous shock on January 31% and March 11™, 2020, resulting in more

emotional behavior. January 21

, however, cannot be considered a “shocking” event. To
analyze the strength of impact for the three events, the z-values, indicating the magnitude

and direction of the difference from the comparison period, can be analyzed (Table 19).

The obtained values show that the direction is negative for the significant event dates. For
January 31%, 2020, in particular, a comparison of the respective scenarios (scenarios d2,
€2, and 2 in comparison to scenarios d3, €3, and 3) in panel 2 and panel 3 clearly shows
that the event's negative impact on stock returns is significantly greater and more visible

after the event than immediately before the event. This indicates that there were fewer
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anticipatory effects on this day than on the other dates examined and that this event was
actually unexpected for many market participants. Differences in the magnitude of the
effects identified between panels 2 and 3 can also be demonstrated for March 11, 2020,

but these are not as clear as they were for January 31%, 2020.

Furthermore, the effect's overall magnitude increases from event to event. Research
Question 8 (RQS8) focuses on this aspect, asking about identifiable patterns in how
investors respond to a series of shock events. Unlike studies suggesting that repeated
shocks being linked to the same overarching situation (e.g., in the case of wars) lead to
more rational markets and thus weaker responses (corresponding to lower or no CARs)
over time (Peleg et al., 2013), this study indicates that the accumulation of COVID-19-
related events increased the impact of behavioral or even emotional factors, resulting in

higher CARs.

Investor action seemed to be driven by “dwindling optimism”. Early in the pandemic,
optimism persisted despite concern. However, as the virus spread and the number of
infections grew, particularly by March 2020, when the pandemic was officially declared,
hopes for a quick recovery faded. This led to further sell-offs, shifting from rational to
more emotional responses. This development fits well with the observations on the course
of the OSI (Chapter 6.1), which shows decreasing sentiment values from event to event.
The compounding nature of these events, rather than isolated reactions, suggests that
future behavioral finance research should consider how linked events influence investor
behavior. In summary, it can be stated that hypothesis H2a cannot be supported in the
present study, while hypotheses H2b (partly with differentiation) and H2c are supported
by findings.

6.4 Exogenous Shock and Stock Price Company-Specific Volatility

This section deals in particular with the development of volatility in the period under
review. This aligns with one of the aspects of Research Question 6 (RQ6), asking how
exogenous shocks, like the COVID-19 pandemic, impact stock price volatility across
companies. The hypotheses referring to this problem are H3a, H3b, H3c (Chapter 3.3).
They state that the analyzed events affect stock price volatility for companies operating
in the US and included in the S&P 500 index. H3a refers to the event of disclosure of the
first COVID-19 case in the US. H3b refers to the declaration of the COVID outbreak as
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a public health emergency in the US by the American Hospital Association in 2020, and
H3c to the World Health Organization's declaration of the pandemic. They focus on
measuring significant deviations from “normal” volatility behavior, which in the present
study is characterized by the comparison period starting on January 2", 2019, and ending

on the respective event date.

The calculation and testing of the model are carried out (as described in Chapter 5) based
on two test procedures. First, the “classic” cross-sectional test statistics recommended for
event studies by Brown and Warner (1980) will be calculated to check for abnormal
volatilities. Second, a modified and more suitable version of the cross-sectional t-statistics
for event studies, as proposed by Savickas and Balaban (2006) based on an approach by
Savickas (2003), will be used. The test results for the widely used cross-sectional test

statistic according to Brown and Warner (1980) are presented in Table 20.

Table 20. Cross-Sectional t-Statistics Based on Brown & Warner (1980) for
Company-Specific Volatility

Event Date 21.01.2020  31.01.2020 11.03.2020

testy (¥) -2.255 -0.999 -2.000
p-value 0.031** 0.242 0.054*
Note: n=360.

Source: own compilation.

In the case of the first event (21.01.2020), when using the unstandardized gamma values
based on the normal cross-sectional t-statistics as suggested for an event study by Brown
& Warner (1980), the result was found significant at the « = 0.05 level. For the second
event date, 31.01.2020, the cross-sectional t-test shows no significance. For the event date
of the declaration of the COVID-19 outbreak as a global pandemic (11.03.2020), the

result was found significant at the @ = 0.1 level.

The results obtained using the procedure according to Savickas (2003) and Balaban and

Constantinou (2006) are presented in Table 21.
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Table 21. Cross-Sectional t-Statistics Based on Balaban & Constantinou (2006) for
Company-Specific Volatility

Event Date 21.01.2020 31.01.2020 11.03.2020

test, (¥) 1.187 -1.000 -1.054
p-value 0.197 0.242 0.229
Notes: n=360.

Source: own compilation.

None of the tests based on this “standardized” approach showed significant results. As
described in Chapter 4, the results of test, are decisive for the investigation of hypotheses
H3a, H3b, and H3c due to the stronger consideration of the company-specific reaction to
the respective events. Test 2 shows no significant results in each case, though hypotheses
H3a, H3b, and H3c are therefore rejected. As part of the interpretation of the results in

Chapter 6.4.2, the test results will be discussed in more detail.

Based on the significance test by Savickas (2003) and Balaban & Constantinou (2006),
taking into account the normalization by company-specific and event-induced conditional
standard deviation, abnormal volatility development could not be demonstrated for the
present sample for any of the events Using the “simple” cross-sectional test statistics,

however, significant results were found for January 21%, 2020, and March 11, 2020.

The results initially appear counterintuitive, mainly because several studies have
demonstrated the impact of uncertainty on volatility in general (Su et al., 2019; Asgharian
et al., 2023) and in the case of the COVID-19 outbreak in particular. The findings in this
study seem inconsistent with those of previous research. Numerous studies have
demonstrated the influence of COVID-19-related news and events (Baek et al., 2020;
Baker et al., 2020; Chaudhary et al., 2020; Haroon & Rivzi, 2020; Zaremba et al., 2020;
Zhang et al., 2020; John & Li, 2021) and other factors, such as positive cases or deaths
(Chowdhury et al., 2022) in the wake of COVID-19, on stock price volatility, mainly
showing a vast increase in the volatility levels. In summary, volatility tends to increase
when the market environment shows increased ambiguity, with many market participants
developing negative expectations about the future. In contrast, other market participants
see the same situation as an opportunity for gains and, therefore, as a buying opportunity,

both impacting the volatility of securities.
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A closer look reveals an explanation for the differing results. First, this dissertation deals
with the effects of three particular events on the company-specific volatility of the
companies in the sample, unlike other studies, focusing on the general influence of
variables such as confirmed cases or generally “the outbreak of COVID-19” on the
volatility development of a market. Beak et al. (2020) apply a Markov Switching AR
Model, which is not linked to the impact of a specific event, to the overall market
volatility in the wake of the COVID-19 outbreak. Baker et al. (2020) use a newspaper-
based Equity Market Volatility Tracker, matching it to the VIX index to determine the
effect of COVID-19 on the overall market volatility. Zhang et al. (2020) compare
different country indices' volatility from February 2020 to March 2020 and perform a
correlation analysis to find underlying connections and patterns. Zaremba et al. (2020)
use regression to measure the impact of government interventions on stock price volatility
in different countries based on interventions’ stringency. John and Li (2021) investigate
the effects of, besides others, the COVID-19 index on the jump component of the VIX
index in the ten days between January 21* and January 31%, 2020.

Furthermore, this study considers company-specific factors, which have been largely
ignored for volatility analysis during the COVID-19 pandemic. In particular, the effect of
company-specific conditional standard deviation as a standardizing element for event-

induced volatility has not been considered by any study to date (as far as is known).

Even though Haroon and Rivzi (2020) use an EGARCH model, considering conditional
variance, followed by an OLS regression to determine the impact of news sentiment on
volatility, their investigation focuses on world and US indices. Chaudhury et al. (2020)
apply a GARCH model, which also considers conditional variance, extend it by a
COVID-19 dummy variable, but do not focus on specific events, and rather differ the
non-COVID-19 period from the COVID-19 period (January 1%, 2020, to June 30, 2020).

They investigate ten market indices of various countries.

In summary, the studies and results published to date are not exactly comparable with the
results of this dissertation, mainly due to a different focus and research design. Previous
studies have mainly focused on the impact of COVID-19 on the volatility of broad
country and market indices without focusing on company-specific factors. The research
methodologies used only partially or indirectly take into account company-specific

conditional or event-induced volatility.
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Based on the “standard” cross-sectional test statistics, the results of the other studies are
reflected. They show significant results for two of the three events examined (January
21% and March 11%, 2020) (without considering the effects of the events examined on
company-specific volatility). However, this result cannot be confirmed at the company-

specific level in the current dissertation.

Regarding Research Question 6 (RQ6), the results of this study reveal that the three
exogenous shocks do not impact stock price volatility at the company-specific level. In
turn, and given previous research and the (partially) significant results of the cross-
sectional test statistics, it can be assumed that not a specific event or a specific new piece
of information but the generally increased uncertainty leads to a change in volatility in
the wake of COVID-19. No significant effects can be measured considering a company-
specific development of the standard deviation. Thus, the Volatility Hypotheses (H3a,
H3b, and H3c¢) are not supported by the results of this study either.

In addition, the obtained result provides two critical implications for further research:
First, future studies should incorporate the firm-specific perspective more firmly in their
considerations, as a pure focus on broad indices may lead to misleading results. Second,
it shows that analyzing volatility is a complex challenge that can lead to different

implications depending on the chosen research design.

6.5 Moderating Role of Investor Sentiment During Exogenous Shock

The following section deals with investor sentiment and its moderating role in connection

with the events under consideration and the development of the share prices examined.

The investigation of the moderating role of investor sentiment in the occurrence of CARs
following the events investigated during the COVID-19 spread is based on hypotheses
H4a, H4b, and H4c, stating that investor sentiment moderates the relationship between a
given release of information and the stock prices of companies operating in the US and
included in the S&P 500 index. These hypotheses are linked to Research Question 7
(RQ7), investigating the role of investor sentiment in stock prices’ changes during the
COVID-19 pandemic outbreak. The focus here is on whether positive (negative)
sentiment has a dampening (reinforcing) effect on the share price performance of the
companies examined. asking about the role of investor sentiment in stock prices’ changes
during the COVID-19 pandemic outbreak.
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The different examination scenarios include different classification logics for
categorizing the examined companies into high, medium, and low sentiment, as well as
different lengths and positions of the event window compared to the respective event date.
The significance tests (the Mann-Whitney test and the Median test) were calculated for
the 81 scenarios as presented in Tables 22 and 23. The results show that for the event
dated January 21%, 2020, findings support hypothesis H4a and, thus, investor sentiment
moderates the relationship between the release of information about the first COVID-19
case, and the stock prices of companies operating in the US and included in the S&P 500
index. In the case of January 31%, 2020, which is related to hypothesis H4b, results are
significant around the event date (panel 1) except for means for individual companies in
the 7-day event window. Regarding the effect starting on the event date (panel 2), the
results were found significant for all methods only in the case of the 7-day windows. In
the window before the event, all the results were significant. For March 11, 2020, the
results vary depending on the observation period under consideration, with 20 out of 27
scenarios confirming significant differences between the “sentiment groups”. In total, the
findings support hypothesis H4c. In other words, investor sentiment moderates the
relationship between the release of information about the declaration of the pandemic by
the WHO and the stock prices of companies operating in the US and included in the S&P
500 index. The detailed implications of the results and the differences between the
differentiation methods used to form the ordinal sentiment clusters are explained further

in the interpretation of the results.

Not all hypotheses were confirmed, while others showed significant results. Given the
overall results of the statistical analyses, it can be stated that investor sentiment plays a
moderating role in the wake of the investigated events, even if further distinctions and
further investigations are necessary in detail. The results suggest, after considering the
direction and strength of the test results of the Mann-Whitney U test (Table 22), that the
companies in the “high” sentiment group immediately before the event show significantly
lower (cumulative) abnormal returns than the companies in the “low sentiment” group.
This observation can be largely confirmed for all event data and all classification logic
used, with a few exceptions in individual measurement combinations. Overall, the results

thus support the Moderating Effect Hypotheses (H4a, H4b, and H4c).
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Table 22. Mann-Whitney U Test Results for Different Scenarios

Date (Length of Cross-Sectional Cross- Mean of
Scenario Event Window in Mean Sectional Individual
Trading Days) Median Company
Panel 1
al 21.01.2020 (3) -7.686%** -7.490%** -7.920%**
bl 21.01.2020 (5) -7.676%** -7.428%** =821 1%
cl 21.01.2020 (7) -9.081*** -9.187%** -9.880%**
dil 31.01.2020 (3) -5.845%** -5.7767F** -5.702%**
el 31.01.2020 (5) -5.497%** -5.761%** -5.154%%*
f1 31.01.2020 (7) -3.012%** -3.848%#* -3.107%*%*
gl 11.03.2020 (3) -1.584 -1.558 -1.050
hl 11.03.2020 (5) -5.880%** -6.121%** -1.576
il 11.03.2020 (7) -5.244%** -5.420%** -3.627%%*
Panel 2
a2 21.01.2020 (3) -6.372%** -6.046%** -7.099%**
b2 21.01.2020 (5) =7.753%** -7.929%** -8.443 %%
c2 21.01.2020 (7) -7.280%** -7.590%** =7.7739%%*
d2 31.01.2020 (3) -0.794 -1.064 -0.263
e2 31.01.2020 (5) 0.810 0.508 1.089
2 31.01.2020 (7) -3.261%** -3.627%** -2.689%**
g2 11.03.2020 (3) -2.245%* -2.395%* -2.366%*
h2 11.03.2020 (5) -5.485%#* -5.410%** -4.082%**
i2 11.03.2020 (7) -1.433 -1.540 -3.114%**
Panel 3
a3 21.01.2020 (3) -9.604%** -9.398%** -9.612%**
b3 21.01.2020 (5) -10.498*** -10.667*** -10.458***
c3 21.01.2020 (7) -11.701%** -11.661%*** -11.588%***
d3 31.01.2020 (3) -7.818%** S7.718%** -7.675%**
e3 31.01.2020 (5) -0.641%** -9.963%** -9.612%**
3 31.01.2020 (7) -12.864*** -12.874%*** -12.330%**
g3 11.03.2020 (3) -7.126%** S7.126%** -1.479
h3 11.03.2020 (5) -8.169%** -8.642%** -8.169%**
i3 11.03.2020 (7) -11.354%** -11.747%%* -3.347%%*

Source: own compilation.
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Table 23. Median Test Results for Different Scenarios

Date (Length of Cross-Sectional Cross- Mean of
Scenario Event Window in Mean Sectional Individual
Trading Days) Median Company
Panel 1
al 21.01.2020 (3) S51.171%%%* 46.691%%* 51.645%%%*
bl 21.01.2020 (5) 42.539%** 38.469%** 51.645%%*
cl 21.01.2020 (7) 60.600%*** 65.522%#* 75.483%H*
dl 31.01.2020 (3) 32.444**x* 28.744%** 24.560%***
el 31.01.2020 (5) 30.085%*** 28.744%** 7.307%**
fl 31.01.2020 (7) 4.451** 34.302%** -1.584
gl 11.03.2020 (3) 0.011 0.011 1.026
hl 11.03.2020 (5) 28.828*** 31.039%** 2.849%
il 11.03.2020 (7) 16.858*** 18.575%%* 9.2209%**
Panel 2
a2 21.01.2020 (3) 29.923*** 26.534%** 37.379%%*
b2 21.01.2020 (5) 51.151%** 58.891%** 57.996%**
c2 21.01.2020 (7) 51.171%%* 58.891%* 54.775%%*
d2 31.01.2020 (3) 0.712 0.895 0.0507
e2 31.01.2020 (5) 1.602 0.895 5.074%%*
2 31.01.2020 (7) 4.451%* 5.846%* 4.110%*
g2 11.03.2020 (3) 4.001** 4.873%* 5.583%%*
h2 11.03.2020 (5) 18.632%** 18.575%%* 5.583%%*
i2 11.03.2020 (7) 1.341 1.337 9.230%**
Panel 3
a3 21.01.2020 (3) 67.327%%%* 65.522%%%* 61.309%**
b3 21.01.2020 (5) 97.781%*%%* 103.980%** 103.831%**
c3 21.01.2020 (7) 115.134%** 117.241%%* 112.759%**
d3 31.01.2020 (3) 57.677*%* 55.709%** 51.961%***
e3 31.01.2020 (5) 60.927*** 68.970%** 65.763%**
3 31.01.2020 (7) 134.626%** 141.111%%* 116.912%**
g3 11.03.2020 (3) 31.134%%* 35.901*** 2.849%
h3 11.03.2020 (5) 49.754%** 54.104%** 5.723%%*
i3 11.03.2020 (7) 117.585%** 126.508*** 5.583%*

Source: own compilation.
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Concerning the various panels and their design, it can also be deduced from the results
that the events examined were predominantly already anticipated. The results of Return
Hypotheses H2a, H2b, and H2c¢ provide the concrete indication that cumulative abnormal
returns occurred in the context of the events (except January 21, 2020), the differences
between the companies with high and low investor sentiment, even for the observation

periods prior to the events, are clearly documented.

Following the analysis of the significant and insignificant effects of exogenous shocks on
stock prices using the GARCH (1,1) model, the results indicate that for the first event,
71.5% of the dummy variables were significant, while 28.5% were not. For the second
event, 51.4% were significant and 48.6% insignificant, and for the third event, 35.8%
were significant compared to 64.2% insignificant. These findings suggest a declining
influence of external shocks related to COVID-19 over time, likely due to increased

availability of information about the pandemic.

Table 24 presents the results of the Chi-square test of independence, which evaluated the
variation in stock price responses to external shocks between companies with high IS and
those with low IS. Although differences in CARs were observed, the Chi-square tests
revealed no statistically significant difference in the stock price responses between the

two groups.

Table 24. Differences in impact significance for S&P 500 companies with high/low

IS

P1_mean P1_median | P2_mean P2_median |P3_mean P3_median
No. High Low |High Low |High Low |High Low |High Low |High Low
Signific. 139 117 | 120 136 | 102 82 86 98 74 54 67 61

Insignific. 60 42 52 50 97 77 86 88 125 105 105 125
Statistic 0.61 0.49 0.00 0.26 0.40 1.48
p-value 0.44 0.48 0.95 0.61 0.53 0.22

Notes: P1 (P2, P3) — refers to event date, specifically 21.01.2020 (31.01.2020, 11.03.2020), mean(median)
— high IS defined as higher than the cross-sectional mean (median).

Source: own compilation.
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Two different theories can be considered to explain these results, which are based on the
question of the rationality of the investor reaction as a central distinguishing feature.
Firstly, the companies with high sentiment were conceivable to be subject to a “protective
mechanism”. Since, by definition, shock situations occur unexpectedly and investors
react to negative news, in particular with overreactions (Barberis et al., 1998), it can be
deduced that a short-term reaction of market participants to the event is to be regarded as
emotional rather than rational. Suppose the reaction of market participants is emotional.
In that case, they will react to the news in a panic and possibly be driven by herd behavior
(as described, i.e., by Bouri ef al., 2021) and thus want to sell their securities, resulting in
falling stock prices. Their behavior is additionally reinforced by the negativity effect
described by Baumeister et al. (2001), according to which investors react more strongly
to extremely negative news than to positive news. At the same time, however, they will
be unable to adjust their sentiment towards the individual companies in the short term.
Hence, the sentiment set for a company immediately before the event occurs remains

unconsciously valid.

Although there is a broad sell-off of stock due to the nature of the event, the positive
sentiment towards the companies helps to “protect” them, leading to lower negative
abnormal returns and reducing selling pressure compared to those companies with lower
sentiment. In other words, positive sentiment seems to shield companies from

uncertainty-driven price swings.

This explanation could relate well to previous findings on the influence of investor
sentiment on the risk-reward relationship. The COVID-19 spread increased uncertainty
in the market and the downside potential for individual securities. As discussed in Chapter
6.4, this leads to an overall increase in volatility in the stock markets, even if this increase
was not entirely attributable to the events investigated in this dissertation (Chapter 6.4).
This increase in uncertainty and volatility will likely result in a higher risk for market
participants, which should be reflected in a higher risk premium based on a positive risk-
reward relationship. The present results show that the risk-reward relationship developed
differently depending on investor sentiment. A less pronounced fall in stock prices for
companies in the “high sentiment” group indicates that more investors are prepared to
continue holding or buying the securities despite the increased risk. This difference can
be explained by a different, irrational perception of sentiment-driven investors. This is in
line with the findings of Seok et al. (2024), showing that firm-specific investor sentiment
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positively impacts stock returns, particularly when uncertainty increases. Another
interesting contribution from Pandey et al. (2024) found that markets in countries with a
higher level of population “happiness” seem to be less affected by tragic events, also

showcasing the impacting and “protective” role of positive sentiment in a different setup.

However, an alternative to this explanation could be a rational reaction on the part of
investors. Up until some years ago, it was not even conceivable that a sentiment-driven
reaction of investors could be seen as rational. This changed with recent investigations
(Chau et al. 2016, Ahmed, 2020), which focused particularly on the distinction between

sentiment-driven reactions into rational and irrational portions.

On the one hand, Soros (1987) already proved that sentiment-driven investors actively
trade against the herd when sentiment is low and prices fall as a result. He explains this
by a rational evaluation of the situation including a transparent knowledge about the
sentiment, leading to perceived buying opportunities for investors. Based on this study,
Chau et al. (2016) added two further findings. Firstly, they investigated the impact of
three groups of traders, the “rational utility maximizers, also called “smart money
investors”, the positive feedback traders, and the sentiment-driven investors on the US
stock prices. They proved that sentiment-driven investors trade more aggressively in
times of bearish, low market sentiment than in times of increasingly positive sentiment.
Secondly, by applying their research methodology to the S&P 500 Index and the DJIA,
they proved that sentiment-driven traders behave like so-called contrarians, i.e., buy
consciously and out of a rational profit motive when most market participants are selling.

A further study confirmed these findings (Ahmed, 2020).

The results of these studies could also apply to the results of this study. If the investors
did act rationally, like sentiment-driven contrarians following the investigated events,
they bought aggressively and out of rational interest, while the shocks resulted in panic-
like sell-offs in the market as a whole. The sell-offs have been evidenced by significantly
negative CARs. Chau et al. (2016) explained this behavior, similar to Soros (1987), by
referring to psychological effects known to sentiment-driven traders. Based on the
mentioned negativity bias, bad news leads to a more extreme reaction by investors.
Possibly, this could be seen as a good buying opportunity for the group of sentiment-
driven traders. In the study of Chau ef al. (2016) and the present investigation, investors
preferred buying stock from companies whose sentiment was already positive. The shock

led to falling stock prices, although these were lower for securities with positive sentiment
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as a result of the additional purchases and possibly stronger holding of the shares

compared to shares in the “low stock prices” group.

In comparing the two explanatory variants, the occurrence of emotional, sentiment-driven
behavior nevertheless seems more likely than the theory of rational “contrarian”-like
behavior in the current research framework. Based on previous research, the assumption
that the investors did not act rationally after such unexpected shocks and that the
“protective mechanism” for stocks with positive sentiment came about unconsciously
seems more likely and conceivable. Also, in the current study, there are hints that for non-
anticipated shocks, investors’ negative, abnormal reaction is pronounced stronger than
for partially anticipated situations. The investors react in the truest sense of the word
“shocked”. However, further research should focus on whether sentiment-driven
investors act rationally or emotionally during exogenous shocks with their sudden and

unexpected character.
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CHAPTER 7
CONCLUSIONS AND LIMITATIONS

This chapter summarizes the key findings of the dissertation. The research questions
formulated in Chapter 2 are first answered based on the results of the statistical study
(Chapter 6) and the subsequent interpretation. This is followed by a summary of the new
research approaches in this dissertation that have not been previously addressed in this

form.

The remainder of the chapter discusses the implications of the findings for further
research as well as for practical application in the economic context. Finally, the

limitations of the study are described, and a final summary is drawn.

7.1 Summary of Findings and Implications

As described in Chapter 1, this dissertation is based on various research questions that
previous research and literature have not sufficiently answered. The primary aim of the
study was to deepen the understanding of the role of company-specific investor sentiment
in moderating the impact of exogenous shocks on stock prices. Thus, the results of this
study can provide important implications for further research and investors in the stock

markets.

In the first step, the theoretical foundations were described in the context of the aim of
the dissertation (RQ1). Subsequently, the current study results were presented (RQ2), on

the basis of which the hypotheses of this dissertation were derived in a further step.

Subsequently, the approach to measuring investor sentiment on a daily and company-
specific level based on financial market indicators, developed by Seok et al. (2019b), was
tested for its applicability in the context of the S&P 500 index. The indicator was selected
following a detailed literature review of existing sentiment measures and research results.
Research Question 3, asking how investor sentiment can be measured daily and at a
company-specific level, and what methods or indicators best capture its nuances, has been

answered thoroughly in Chapter 2, Chapter 4.1, and Chapter 4.2.

To investigate the prediction accuracy of the sentiment indicator, the values obtained for

the individual companies in the sample were aggregated into the Overall Sentiment
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Indicator (OSI) based on their market capitalization, which is a new approach to building
an aggregated version of a sentiment indicator out of company-specific values that has
never been tested empirically before. It was shown that the calculation methodology is
valid as the obtained values significantly Granger-cause the daily returns of the S&P 500
Index while confirming previous research on the validity of the sentiment indicator itself
in a new context. Research Question 4, asking whether a market-based approach to
measuring investor sentiment can serve as a reliable predictor of future stock
performance, can be answered positively. Both, correlation and Granger-causality to S&P
500 index daily returns have been empirically tested and proven to be statistically

significant. However, for the reverse relationship, the Granger causality was not proven.

Research Question 5 referred to the question of how IS can be appropriately measured in
the context of this study. Chapter 4.2.1 describes which characteristics an
operationalization of the measurement of IS must fulfil for the current study.
Subsequently, a suitable method is derived on the basis of the approaches presented in

Chapter 4.1

Research Question 6 was about the impact of exogenous shocks, like the COVID-19
pandemic, on investor sentiment, stock prices, and stock price volatility across companies
and sectors. In order to answer this question, several investigation steps have been
conducted. The OSI and 11 sectoral indices were aggregated in the first step from the
company-specific sentiment values. These were then examined visually and based on
statistical data. This revealed that investor sentiment fell to its lowest levels in all sectors
between February and April 2020, showing decreases in investor sentiment compared to
the same period of the previous year. Individual sectors, such as the Energy and Utilities
sectors, showed conspicuous downward trends in the first months of 2020, which can be
explained by COVID-19-related micro- and macroeconomic changes. A comparison of
the OSI with the Daily News Sentiment Index also shows differences, particularly in the
period from February 2020. The question remains as to what the differences are due to
and which of the two indicators has a higher correlation to the development of the prices
of, for example, the S&P 500 index. The key finding of the dissertation is that investor
sentiment is negatively influenced by exogenous shock situations, with differences in the
intensity of the influence depending on the sector. The approach used, therefore, reflects
the “shock™ of market participants in the truest sense of the word. In the subsequent
discussion of the results, arguments were found that provide a conclusive explanation for
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the development of the sentiment over time and, in particular, the divergent developments
in investor sentiment between the sectors observed. However, the development of
sentiment was not analyzed in more detail in this dissertation through a deeper analysis
of the various sub-indicators. Other studies have already indicated which factors play a
role in forming sentiment following shock situations (e.g., Carter & Simkins, 2004).
Further research could provide even deeper insights here to better explain the emergence

and development of sentiment in the future, particularly as a result of exogenous shocks.

In a second step, other studies' findings confirmed that two events under consideration
also resulted in cumulative abnormal returns for the individual companies included in the
S&P 500 Index. However, this dissertation also concludes that the first confirmed positive
COVID-19 case in the US on January 21%, 2020, did not represent an exogenous shock
situation for market participants, resulting in no observable CARs for this specific event.
At the same time, however, it was also possible to prove that the other two events, despite
showing negative CARs, had already been anticipated by some investors, leading to

anticipatory negative CARs before the event dates.

In addition to the effects of the shock situations on the stock prices, the effects on
volatility were also examined in more detail. It was shown that during the COVID-19
outbreak, volatility increased compared to “normal” times, but only for the whole sample
and not when considering company- and event-specific factors. Thus, the results of this
dissertation also require more detailed analysis. Although the discussion already brought
up initial approaches, future research should investigate why no significant results were
obtained using the cross-sectional t-test with standardized values based on company-
specific and event-induced volatility. The use of a more far-reaching approach may
provide further insights here. Already, the findings have implications for investors as
well, as understanding the drivers of stock market volatility is crucial for risk management

and portfolio allocation.

This dissertation also offers implications for the assessment of the COVID-19 pandemic
as a whole, consisting of a sequence of several major or minor shocks, which corresponds
to Research Question 8. The results suggest that uncertainty increased as the pandemic
progressed and became more widespread, leading to ever-stronger negative bursts in
sentiment and ever-larger CARs. This pattern, indicating the “dwindling optimism” of
market participants, along with whether this finding is based on the decreasing sentiment

levels or whether the events’ effects “stack” over time, also requires attention by future
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research. Oler, Harrison, and Allen (2008) argue that, particularly in the case of complex
events whose effects are not fully known immediately or whose effects cannot be fully
understood by market participants, the effects of a specific event only really become
visible over a more extended period. The effects of the events investigated can be
described as complex, so further research should be conducted in this direction, e.g., by

expanding event and observation windows.

Finally, the question of what role investor sentiment plays in the price development of
securities before and after the exogenous shock in the wake of the spread of COVID-19
has been investigated (Research Question 7). The research framework in this dissertation
represents a new approach that has not previously been carried out in a comparable form
and level of detail for the COVID-19 pandemic (Research Question 6). Based on different
classification logics for “high”, “medium”, and “low” investor sentiment and different
research scenarios, this study was able to provide comprehensive evidence that investor
sentiment does indeed play a relevant role in the occurrence of cumulative abnormal
returns during the investigated events. In most of the study scenarios, CARs were lower
for companies with higher sentiment than those with lower sentiment. This finding has
far-reaching implications, as it enables investors to systematically reduce their risks when
exogenous shocks occur by systematically assessing the sentiment of companies and
allocating their portfolios accordingly. However, the results also provide approaches for
further research. For example, it is worth analyzing the phenomenon of investor sentiment
in more detail in connection with whether the strength and not just the direction of

investor sentiment also allows conclusions to be drawn about the formation of CARs.

Concluding, the findings of this dissertation hold significant theoretical, methodological,
and practical implications. Regarding theoretical implications, the study advances the
field of behavioral finance by deepening the understanding of how company-specific
investor sentiment moderates the effects of exogenous shocks on stock prices, thereby
extending existing sentiment theories to a new empirical context. Methodologically, it
validates and refines the applicability of the Seok et al. (2019b) sentiment indicator for
daily, firm-level measurement within the S&P 500, while introducing an innovative
approach to aggregating company-specific sentiment values into an Overall Sentiment
Indicator (OSI) based on market capitalization—a contribution that offers a replicable
framework for future sentiment research. Practically, the results provide actionable
insights for investors and financial analysts, demonstrating that sentiment dynamics can
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serve as early indicators of market vulnerability during crisis periods such as the COVID-
19 pandemic. This enables more informed risk management, portfolio allocation, and
strategic decision-making under conditions of uncertainty. Collectively, these
implications underscore the importance of incorporating behavioral factors into
traditional financial models and pave the way for further exploration of sentiment-based

prediction and shock-response mechanisms in financial markets.

7.2 Originality of the Dissertation

This dissertation adds some relevant aspects to previous research— both on the influence
of exogenous shocks in general and COVID-19 in particular, as well as on the role of

investor sentiment and its influence on stock prices and stock volatility.

First, the consideration of company-specific factors in the determination of investor
sentiment is not a unique feature of this dissertation. However, the subsequent
aggregation of the individual company values in conjunction with a weighting based on
market capitalization to form an overall sentiment indicator (in the case of the dissertation
carried out for the broad market index S&P 500 as an example) is a unique selling point
of this dissertation. The proof of the suitability of this aggregation method for future
research is provided in the dissertation by demonstrating Granger-causality between the

OSI and the development of the S&P 500 Index.

Another unique feature of the dissertation is the direct comparison of different relevant
event dates in the context of the outbreak of the COVID-19 pandemic as well as a
combined consideration of the various dates in the temporal course of the COVID-19
outbreak. Previous event studies have focused on individual investigation dates but lacked
comparisons with other points in time and considerations of different dates in context

with each other.

Third, with reference to the Volatility Hypotheses, the consideration of event-induced
volatility also represents an aspect not previously investigated in the context of exogenous
shocks. This dissertation also proves that the consideration of this aspect is relevant to the

quality of the research results.

Fourth, the role of (company-specific) investor sentiment in moderating the impact of

exogenous shocks on stock prices has not yet been investigated. In particular, the choice
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of three points in time during the COVID-19 outbreak for the investigation, also in this

aspect, is another unique characteristic of the dissertation.

7.3 Limitations of the Dissertation and Further Studies

Despite the already mentioned implications for further research in Chapter 8.1, the study
has further limitations that should be mentioned. The first limitation results from the
method of calculating investor sentiment. As explained in the introduction and Chapter
4, the correct operationalization of investor sentiment is the subject of controversial
debate and research. The decision favoring a specific approach always means a decision
against numerous other approaches. A comparison of the OSI with the Daily News
Sentiment Index, according to Wilson and Shapiro, also revealed that the trends develop
differently, especially from the wider spread of COVID-19. A study by Kim et al. (2022)
suggests that sentiment indicators using market indices have a higher predictive accuracy
for stock returns than news sentiment. In addition, Buckman et al. (2020) show that the
DNSI curve deviates from the curve of other sentiment indicators from 2020 onwards. A
limitation of this study is the lack of investigation of the research questions with a
different approach to measuring investor sentiment. Further research should shed more
light on these differences and identify which types of sentiment indicators are suitable for

use in specific contexts.

Research Question 6 looked at the emergence of CARs due to the various shocks, among
other things. The overall conclusion was that investors' reactions to the shocks became
ever more substantial, with the level of CARs increasing over time. This could be due to
the events' increasing significance and perceived significance, which leads to a
“dwindling optimism” among investors. The dwindling optimism is also reflected in
increasingly negative investor sentiment regarding the course of the OSI. This correlation
offers scope for future research approaches. They bring the question of whether increasing
CARs occurs solely due to the events themselves, or possibly to the prevailing investor
sentiment in the market, or whether there is actually a connection between the events, as

the results of this dissertation suggest.

Two further aspects were not covered in the current study. These should be examined in
more detail through further research. Firstly, more recent studies indicate that a sentiment-

driven reaction by market participants is not always an irrational reaction, as initially
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assumed. However, in certain situations, sentiment-driven participants can act rationally
as “contrarians” and display the opposite of the expected behavior. This behavior has not

yet been further analyzed during exogenous shocks.

Furthermore, the current study's results suggest that positive investor sentiment “protects”
stocks from more negative CARs. Further research should complement this finding with
additional elements, such as the moderating effect of investor sentiment on the risk-
reward relationship, especially during exogenous shocks. This will allow researchers to

better understand investor sentiment's impact in the wake of exogenous shocks.

7.4 Final Conclusion

This study aimed to investigate the role of investor sentiment during exogenous shocks.
As examples, three events in the context of the outbreak and spread of COVID-19 were
selected as proxies for “shocks”. A new approach to aggregate investor sentiment for
broad market indices showed that such an investor sentiment indicator has a Granger-
causal relationship with the daily returns of the S&P 500 Index. The effects of the shocks
on the returns of the stocks included in the index and their volatility development were
also analyzed. Corresponding effects were documented and interpreted in context.
Finally, the role of investor sentiment in the development of CARs was examined in more

detail, and relevant new findings were also found here.

This dissertation thus makes a significant contribution to two aspects. On the one hand,
it provides information on the effect of investor sentiment and thus contributes to the
emerging and growing literature on behavioral finance. By focusing on the spread of
COVID-19 in 2019 and 2020, the dissertation also contributes to a better understanding
of the reaction of equity markets to exogenous shocks in general, but in particular to the

further investigation of the interrelationships of the COVID-19 pandemic in particular.

In addition, the results of the study not only contribute to a better understanding of
investor sentiment but also provide important implications for investors' portfolio design
in the context of risk management. For example, to hedge their portfolios against
exogenous shocks, investors could include shares that previously exhibited a
correspondingly high level of investor sentiment. Furthermore, based on the available

results, there are indications that events related to one another may “build up” and lead to
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“dwindling optimism” over time. However, further research must first provide additional

findings and evidence.
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APPENDIX A. SUMMARY OF RESEARCH QUESTIONS, RELATED HYPOTHESES
AND STAGES OF THE EMPIRICAL STUDY

Research Questions Type of the | Related Related Hypotheses Stages of the Empirical Study
RQ Chapters
RQI: What are the theoretical | Exploratory | 2.1%; - -
foundations of the research 2.2%;
problem? 2.3%;
2.4%,
RQ2: What are the results of | Exploratory | 2.3%; - -
previous studies concerning the 2.4%;
research problem? 2.5%;
2.6%;
RQ3: What are the most suitable | Exploratory | 2.4%; - -
methods of measuring investor 4.1%;
sentiment on a daily and company- 6.2.1*%
specific basis?
RQ4: Is investor sentiment | Explanatory | 3.1; H1: The Overall Sentiment Indicator is capable of predicting the | Stage 1
measured using a market-based 4.3; daily returns of the S&P 500 index. (Predictive Hypothesis) - Determination of the company-specific sentiment
approach a reliable predictor of 5.1.3; indicators
future security performance? 6.2% - Determination of the sector-based sentiment indicators
- Determination of the aggregated overall sentiment
indicator
- Testing the OSI for predictive accuracy for daily stock
returns.
RQS5: What is a suitable method for | Exploratory | 4.2* - -
investigating the role of investor
sentiment in moderating the impact
of exogenous shocks on stock
prices?
RQ6: How do exogenous shocks, | Explanatory | 3.2 H2a: The disclosure of the first COVID-19 case in the US leads | Stage 2
like the COVID-19 pandemic, 4.4 to negative abnormal returns on stocks of companies included in | - Investigation of the impact of the defined events on
impact investor sentiment, stock 5.1 the S&P 500 index. stock prices
prices, and stock price volatility 52 H2b: The declaration of the COVID-19 outbreak as a public | - Determination of CARs
6.1 health emergency in the US (American Hospital Association
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across
sectors?

companies and industry

6.3*

2020) leads to negative abnormal returns on stocks of companies
included in the S&P 500 index.

H2c: The World Health Organization's declaration of a pandemic
leads to negative abnormal returns on stocks of companies
included in the S&P 500 index.

(Return Hypotheses)

33
4.5
53
6.4*

H3a: The disclosure of the first COVID-19 case in the US a has
an effect on stock price volatility for companies included in the
S&P 500 index.

H3b: The declaration of the COVID outbreak as a public health
emergency in the US (American Hospital Association 2020) has
an effect on the stock price volatility of companies included in
the S&P 500 index.

H3c: The World Health Organization's declaration of the
pandemic has an effect on the stock price volatility of companies
included in the S&P 500 index.

(Volatility Hypotheses)

Stage 3
- Investigation of the impact of the defined events on stock
price volatility

RQ7: What is the role of investor
sentiment in stock prices’ changes
during the COVID-19 pandemic
outbreak?

Explanatory

34
5.4%
6.5%

H4a: Investor sentiment moderates the relationship between the
release of information about the first COVID-19 case and the
stock prices of companies included in the S&P 500 index.

H4b: Investor sentiment moderates the relationship between the
release of information about the declaration of the COVID
outbreak as a public health emergency in the US (American
Hospital Association, 2020) and the stock prices of companies
included in the S&P 500 index.

H4c: Investor sentiment moderates the relationship between the
release of information about the declaration of the pandemic by
the World Health Organization and the stock prices of companies
included in the S&P 500 index.

(Moderating Effect Hypotheses)

Stage 4
- Investigation of the role of investor sentiment in the
development of CARs during the defined events.

RQS8: Are there any patterns in
investor response to pandemic-
related events?

Exploratory

6.1.3*
6.1.4*
6.3.2*

Notes: * Chapters answering RQs; RQ1, RQ2, RQ3, RQS5, and RQ8 are intended to be exploratory in nature and therefore do not require hypotheses. RQ4, RQ,6, and RQ7 are explanatory,
necessitating quantitative analysis and corresponding hypotheses that can be statistically tested.
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APPENDIX B. LIST OF EXCLUDED COMPANIES AND REASONS OF EXCLUSIONS

Ticker Company Name | Reasons for Exclusion Source

AOS A. O. Smith April, 15 2020: Change in CEO / https://investor.aosmith.com/news-releases/news-release-details/ajita-rajendra-retire-executive-
chairman / board members chairman-o-smith-corporation

ABBV AbbVie incomplete data set / data not fully
available / data quality issue

ACN Accenture January, 13 2020: Other: https://otp.tools.investis.com/clients/us/accenture2/SEC/sec-
Accenture Announces Changes to | show.aspx?Filingld=13842294&Cik=0001467373& Type=PDF&hasPdf=1
Its Growth Model and Global
Management Committee

AAP Advance Auto March, 4 2020: Change in CEO / https://d18rn0p25nwr6d.cloudfront.net/CIK-0001158449/576dd1a9-7663-4c45-a3ef-

Parts chairman / board members 20f79b4b3234.pdf

AFL Aflac December, 27th 2019: Lawsuit / https://d18rm0p25nwr6d.cloudfront.net/CIK-0000004977/ff2c104a-043c-43a9-869c¢-
compliance issue 514481956¢e09.pdf

ALB Albemarle February, 5th 2020: Change in https://d18rm0p25nwr6d.cloudfront.net/CIK-0000915913/8a726446-bf0a-49¢7-a478-

Corporation CEO / chairman / board members | a0900e5adc03.pdf

MO Altria January, 31st 2020: Other: Altria https://www.nytimes.com/2020/01/30/business/juul-altria-vaping.html
Takes a $4.1 Billion Hit on Juul
Stake

AMCR Amcor incomplete data set / data not fully
available / data quality issue

AEE Ameren December, 2nd 2019: Change in https://d18rm0Op25nwr6d.cloudfront.net/CIK-0001002910/f2fcf79f-8800-4686-9667-
CEO / chairman / board members | 2e355d7eabec.pdf

AMT American Tower | March, 16th 2020: Change in CEO | https://americantower.gcs-web.com/static-files/3d099333-4¢50-4147-b3f5-cbe84c6099d9
/ chairman / board members

AWK American Water November, 22 2019: Major https://www.globest.com/2019/11/22/american-water-works-to-sell-ny-regulated-operations-

Works

merger, acquisition, partnership or
sale of sub-company

in-608m-deal/
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https://www.globest.com/2019/11/22/american-water-works-to-sell-ny-regulated-operations-in-608m-deal/
https://www.globest.com/2019/11/22/american-water-works-to-sell-ny-regulated-operations-in-608m-deal/

AON Aon March, 9th 2020: Major merger, https://www.artemis.bm/news/aon-willis-towers-watson-to-merge/
acquisition, partnership or sale of
sub-company
APTV Aptiv insufficient data quality /
availability
ACGL Arch Capital January, 27%., 2020: https://www.reinsurancene.ws/arch-promotes-prashant-nema-to-chief-information-officer/
Group Change in CEO / chairman / board
members
AlG Arthur J. March 16", 2020: Change in CEO | https://www.reinsurancene.ws/arthur-j-gallagher-adds-christopher-miskel-to-board/
Gallagher & Co. / chairman / board members
T AT&T April 24" 2020: Change in CEO / | https://about.att.com/story/2020/att_ceo.html
chairman / board members
ATO Atmos Energy incomplete data set / data not fully
available / data quality issue
BAX Baxter December, 2nd, 2019: Major https://www.medtechdive.com/news/baxter-closes-350m-acquisition-of-sanofis-seprafilm-
International merger, acquisition, partnership or | adhesion-barrier/568238/
sale of sub-company
BDX Becton Dickinson | November,25 2019: Change in https://www.hrkatha.com/people/movement/becton-dickinson-appoints-anant-garg-as-chro/
CEO / chairman / board members
BBY Best Buy February, 4th 2019: Best Buy https://www.cnn.com/2020/02/04/business/best-buy-ceo-investigation-ends/index.html
decides to keep its CEO following
misconduct investigation
BLK BlackRock incomplete data set / data not fully
available / data quality issue
BA Boeing December, 23 2019: Change in https://www.cnn.com/2019/12/23/business/boeing-dennis-muilenburg/index.html
CEO / chairman / board members
BWA BorgWarner January, 28th 2020: Major merger, | https://www.forbes.com/sites/greggardner/2020/01/28/borgwarner-to-buy-delphi-technologies-
acquisition, partnership or sale of | in-33-billion-deal/
sub-company
BSX Boston Scientific | incomplete data set / data not fully

available / data quality issue
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https://www.forbes.com/sites/greggardner/2020/01/28/borgwarner-to-buy-delphi-technologies-in-33-billion-deal/
https://www.forbes.com/sites/greggardner/2020/01/28/borgwarner-to-buy-delphi-technologies-in-33-billion-deal/

AVGO Broadcom Inc. January, 8th 2020: Major merger, | https://www.techzine.eu/news/security/44358/broadcom-sells-part-of-symantec-to-accenture/
acquisition, partnership or sale of
sub-company
CHRW C.H. Robinson February, 12th 2020: Lawsuit / https://landline.media/farmers-seek-class-action-status-in-1-1-billion-lawsuit-against-c-h-
compliance issue robinson/
CPT Camden Property | incomplete data set / data not fully
Trust available / data quality issue
CAH Cardinal Health March, 19th 2020: Change in CEO | https://www.prnewswire.com/news-releases/cardinal-health-names-jason-hollar-as-new-chief-
/ chairman / board members financial-officer-301026480.html
CARR Carrier Global incomplete data set / data not fully
available / data quality issue
CTLT Catalent April, 29th, 2020: Major merger, https://www.catalent.com/catalent-news/catalent-signs-agreement-with-johnson-johnson-for-
acquisition, partnership or sale of | lead-covid-19-vaccine-candidate/
sub-company
CNP CenterPoint February, 20th 2020: Change in https://www.courierpress.com/story/news/2020/02/20/ceo-centerpoint-energy-buyer-
Energy CEO / chairman / board members | evansvilles-vectren-steps-down/4818806002/
CRL Charles River December, 16th 2019: Major https://www.genengnews.com/news/charles-river-labs-to-acquire-hemacare-for-380m-
Laboratories merger, acquisition, partnership or | expanding-presence-in-cell-therapy/
sale of sub-company
SCHW Charles Schwab November, 25th 2019: Major https://www.cnn.com/2019/11/25/investing/charles-schwab-td-ameritrade/index.html
Corporation merger, acquisition, partnership or
sale of sub-company
CMG Chipotle Mexican | March, 6th 2020: Change in CEO / | https://www.nrm.com/fast-casual/steve-ells-company-founder-steps-down-executive-board-
Grill chairman / board members chairman-chipotle-mexican-grill
CMS CMS Energy incomplete data set / data not fully
available / data quality issue
CTSH Cognizant February, 3rd 2020: Major merger, | https://news.cognizant.com/2020-02-03-Cognizant-Acquires-Code-Zero-a-Leading-
acquisition, partnership or sale of | Consultancy-for-Cloud-Based-Configure-Price-Quote-and-Billing-Solutions
sub-company
CSGP CoStar Group March, 9%2020: Change in CEO / | https://www.mpamag.com/us/specialty/commercial/costar-group-promotes-two-high-ranking-

chairman / board members

female-executives/216286
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https://www.techzine.eu/news/security/44358/broadcom-sells-part-of-symantec-to-accenture/
https://landline.media/farmers-seek-class-action-status-in-1-1-billion-lawsuit-against-c-h-robinson/
https://landline.media/farmers-seek-class-action-status-in-1-1-billion-lawsuit-against-c-h-robinson/
https://www.prnewswire.com/news-releases/cardinal-health-names-jason-hollar-as-new-chief-financial-officer-301026480.html
https://www.prnewswire.com/news-releases/cardinal-health-names-jason-hollar-as-new-chief-financial-officer-301026480.html
https://www.catalent.com/catalent-news/catalent-signs-agreement-with-johnson-johnson-for-lead-covid-19-vaccine-candidate/
https://www.catalent.com/catalent-news/catalent-signs-agreement-with-johnson-johnson-for-lead-covid-19-vaccine-candidate/
https://www.courierpress.com/story/news/2020/02/20/ceo-centerpoint-energy-buyer-evansvilles-vectren-steps-down/4818806002/
https://www.courierpress.com/story/news/2020/02/20/ceo-centerpoint-energy-buyer-evansvilles-vectren-steps-down/4818806002/
https://www.genengnews.com/news/charles-river-labs-to-acquire-hemacare-for-380m-expanding-presence-in-cell-therapy/
https://www.genengnews.com/news/charles-river-labs-to-acquire-hemacare-for-380m-expanding-presence-in-cell-therapy/
https://www.cnn.com/2019/11/25/investing/charles-schwab-td-ameritrade/index.html
https://www.nrn.com/fast-casual/steve-ells-company-founder-steps-down-executive-board-chairman-chipotle-mexican-grill
https://www.nrn.com/fast-casual/steve-ells-company-founder-steps-down-executive-board-chairman-chipotle-mexican-grill
https://news.cognizant.com/2020-02-03-Cognizant-Acquires-Code-Zero-a-Leading-Consultancy-for-Cloud-Based-Configure-Price-Quote-and-Billing-Solutions
https://news.cognizant.com/2020-02-03-Cognizant-Acquires-Code-Zero-a-Leading-Consultancy-for-Cloud-Based-Configure-Price-Quote-and-Billing-Solutions
https://www.mpamag.com/us/specialty/commercial/costar-group-promotes-two-high-ranking-female-executives/216286
https://www.mpamag.com/us/specialty/commercial/costar-group-promotes-two-high-ranking-female-executives/216286

DHR Danaher March 31st 2020: Major merger, https://www.bioprocessintl.com/deal-making/cytiva-rises-out-of-ge-healthcare-as-danaher-
Corporation acquisition, partnership or sale of | completes-21bn-deal
sub-company
DVA DaVita Inc. December, 18th 2019: Change in | https://www.prnewswire.com/news-releases/davita-kidney-care-names-new-chief-medical-
CEO / chairman / board members | officer-300976586.html
DLR Digital Realty March, 13th 2020: Major merger, | https://www.fierce-network.com/telecom/digital-realty-closes-8-4-billion-deal-to-buy-interxion
acquisition, partnership or sale of
sub-company
DD DuPont incomplete data set / data not fully
available / data quality issue
EBAY eBay incomplete data set / data not fully
available / data quality issue
LLY Eli Lilly and January, 14th 2020: Major merger, | https://www.pharmazeutische-zeitung.de/pharmakonzern-eli-lilly-kauft-biotec-firma-dermira-
Company acquisition, partnership or sale of | 115045/
sub-company
EQT EQT incomplete data set / data not fully
available / data quality issue
EQIX Equinix incomplete data set / data not fully
available / data quality issue
EL Estée Lauder incomplete data set / data not fully
Companies (The) | available / data quality issue
ES Eversource February, 26th 2020: Major https://www.masslive.com/news/2020/02/eversource-to-buy-columbia-gas-for-11b-expects-to-
merger, acquisition, partnership or | work-with-regulators-and-consumer-groups-over-30-days.html
sale of sub-company
EXC Exelon December, 10th 2019: Change in | https://www.blackengineer.com/news/calvin-g-butler-is-new-svp-of-exelon-and-ceo-of-exelon-
CEO / chairman / board members | utilities/
EXPE Expedia Group Arpil, 23th 2020: Change in CEO / | https://www.fvw.de/counter/karriere/reiseportal-expedia-ernennt-neuen-ceo-und-sichert-sich-
chairman / board members milliarden-208335
FFIV F5, Inc. incomplete data set / data not fully

available / data quality issue
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https://www.fvw.de/counter/karriere/reiseportal-expedia-ernennt-neuen-ceo-und-sichert-sich-milliarden-208335

FRT Federal Realty incomplete data set / data not fully
available / data quality issue
FOXA Fox March, 18th 2020: Major merger, | https://www.macrumors.com/2020/03/18/fox-corp-buys-tubi-streaming-platform/
Corporation (Class | acquisition, partnership or sale of
A) sub-company
GL Globe Life incomplete data set / data not fully
available / data quality issue
HIG Hartford (The) incomplete data set / data not fully
available / data quality issue
PEAK Healthpeak incomplete data set / data not fully
available / data quality issue
HOLX Hologic November, 20th 2019: Major https://www.massdevice.com/hologic-to-sell-cynosure-medical-aesthetics-business-for-205m/
merger, acquisition, partnership or
sale of sub-company
HST Host Hotels & December, 12th 2019: Change in | https://hotelbusiness.com/host-hotels-resorts-cfo-to-step-down/
Resorts CEO / chairman / board members
HWM Howmet incomplete data set / data not fully
Aerospace available / data quality issue
IBM IBM January, 31st 2020: Change in https://www.reuters.com/article/business/ibms-surprise-ceo-arvind-krishna-to-take-over-from-
CEOQ / chairman / board members | ginni-rometty-idUSKBN1ZU2LV/
INTC Intel incomplete data set / data not fully
available / data quality issue
IPG Interpublic Group | incomplete data set / data not fully
of Companies available / data quality issue
(The)
INTU Intuit Feburary, 24th 2020: Major https://www.ft.com/content/d923022-5748-11ea-abe5-8¢03987b7b20
merger, acquisition, partnership or
sale of sub-company
Qv IQVIA incomplete data set / data not fully

available / data quality issue
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IRM Iron Mountain incomplete data set / data not fully
available / data quality issue
JNPR Juniper Networks | November, 27th, 2019: Change in | https://www.lightreading.com/optical-networking/koley-quits-as-juniper-s-cto
CEO / chairman / board members
KEY KeyCorp incomplete data set / data not fully
available / data quality issue
KEYS Keysight incomplete data set / data not fully
available / data quality issue
KMB Kimberly-Clark incomplete data set / data not fully
available / data quality issue
KHC Kraft Heinz November, 14th 2019: Change in | https://www.forbes.com/sites/martingiles/2019/11/14/kraft-heinz-cio-uses-ai-machine-learning/
CEOQO / chairman / board members
LDOS Leidos incomplete data set / data not fully
available / data quality issue
LMT Lockheed Martin | March, 17th 2020: Change in CEO | https://satelliteprome.com/news/lockheed-martin-appoints-james-d-taiclet-as-president-and-
/ chairman / board members ceo/
MPC Marathon March, 19th 2020: Change in CEO | https://www.rigzone.com/news/hennigan succeeds heminger at marathon petroleum-19-
Petroleum / chairman / board members mar-2020-161438-article/
MKTX MarketAxess November, 06th 2019: Major https://www.thetradenews.com/marketaxess-completes-150-million-liquidityedge-acquisition/
merger, acquisition, partnership or
sale of sub-company
MAS Masco incomplete data set / data not fully
available / data quality issue
MA Mastercard February, 25th 2020: Change in https://www.mastercard.com/news/europe/de-de/newsroom/pressemitteilungen/de-
CEO / chairman / board members | de/2020/februar/michael-miebach-wird-ceo-von-mastercard/
MTCH Match Group January, 28th 2020: Change in https://www.prnewswire.com/news-releases/match-group-names-sharmistha-dubey-chief-
CEO / chairman / board members | executive-officer-300994817.html
MRK Merck & Co. March 2020: Regulatory reliefon | https://www.sec.gov/Archives/edgar/data/310158/000031015820000009/mrk0331202010q.htm

Libor/benchmark reforms - FASB
guidance, accounting impact
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https://www.prnewswire.com/news-releases/match-group-names-sharmistha-dubey-chief-executive-officer-300994817.html
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https://www.sec.gov/Archives/edgar/data/310158/000031015820000009/mrk0331202010q.htm

META Meta Platforms incomplete data set / data not fully
available / data quality issue
MET MetLife incomplete data set / data not fully
available / data quality issue
MGM MGM Resorts January, 14th 2020: Major merger, | https://www.latimes.com/business/story/2020-01-14/mgm-grand-mandalay-bay-sale
acquisition, partnership or sale of
sub-company
MU Micron incomplete data set / data not fully
Technology available / data quality issue
MHK Mohawk incomplete data set / data not fully
Industries available / data quality issue
MCO Moody's January, 23th 2020: Major merger, | https://www.businesswire.com/news/home/20200123005214/en/Moody%E2%80%99s-
Corporation acquisition, partnership or sale of | Acquires-RDC-a-Leader-in-Risk-and-Compliance-Intelligence-Data-and-Software
sub-company
MS Morgan Stanley February, 20th 2020: Major https://www.pbs.org/newshour/economy/morgan-stanley-to-buy-e-trade-for-13-billion
merger, acquisition, partnership or
sale of sub-company
NWL Newell Brands March, 3rd 2020: Lawsuit / https://www.wsj.com/articles/newell-brands-is-investigated-by-sec-11583275613
compliance issue
NI NiSource February, 28th 2020: Major https://www.utilitydive.com/news/nisource-sells-off-controversial-massachusetts-columbia-
merger, acquisition, partnership or | gas-assets-for-11/573148/
sale of sub-company
NXPI NXP March, 6th 2020: Change in CEO / | https://www.electronicsweekly.com/news/business/seivers-succeed-clemmer-nxp-ceo-2020-03/
Semiconductors chairman / board members
00,44 Occidental April, 3rd 2020: Change in CEO/ | https://www.reuters.com/article/business/occidental-names-new-cfo-in-latest-management-
Petroleum chairman / board members change-idUSKBN21L37V/
ODFL Old Dominion incomplete data set / data not fully
available / data quality issue
OMC Omnicom Group | incomplete data set / data not fully

available / data quality issue
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https://www.businesswire.com/news/home/20200123005214/en/Moody%E2%80%99s-Acquires-RDC-a-Leader-in-Risk-and-Compliance-Intelligence-Data-and-Software
https://www.pbs.org/newshour/economy/morgan-stanley-to-buy-e-trade-for-13-billion
https://www.wsj.com/articles/newell-brands-is-investigated-by-sec-11583275613
https://www.utilitydive.com/news/nisource-sells-off-controversial-massachusetts-columbia-gas-assets-for-11/573148/
https://www.utilitydive.com/news/nisource-sells-off-controversial-massachusetts-columbia-gas-assets-for-11/573148/
https://www.electronicsweekly.com/news/business/seivers-succeed-clemmer-nxp-ceo-2020-03/
https://www.reuters.com/article/business/occidental-names-new-cfo-in-latest-management-change-idUSKBN21L37V/
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ORCL Oracle December, 16th 2019: Change in | https://www.datacenterdynamics.com/en/news/safra-catz-named-sole-oracle-ceo-under-larry-
Corporation CEQO / chairman / board members | ellison/
OGN Organon & Co. incomplete data set / data not fully
available / data quality issue
PYPL PayPal November, 20th 2019: Major https://newsroom.paypal-corp.com/2019-11-20-PayPal-to-Acquire-Honey
merger, acquisition, partnership or
sale of sub-company
PEP PepsiCo March, 11th 2020: Major merger, | https://www.prnewswire.com/news-releases/pepsico-to-acquire-rockstar-expanding-presence-
acquisition, partnership or sale of | in-fast-growing-energy-category-301021412.html
sub-company
PSX Phillips 66 incomplete data set / data not fully
available / data quality issue
PPL PPL Corporation | February, 26th 2020: Change in https://www.prnewswire.com/news-releases/ppl-chief-executive-officer-to-retire-june-1-sorgi-
CEO / chairman / board members | named-successor-301011720.html
PLD Prologis incomplete data set / data not fully
available / data quality issue
QRVO Qorvo incomplete data set / data not fully
available / data quality issue
RF Regions Financial | incomplete data set / data not fully
Corporation available / data quality issue
ROK Rockwell incomplete data set / data not fully
Automation available / data quality issue
RCL Royal Caribbean February, 7th 2020: Major merger, | https://skift.com/2020/02/07/tui-and-royal-caribbean-expand-cruise-partnership-with-1-3-
Group acquisition, partnership or sale of | billion-deal/
sub-company
SPGI S&P Global incomplete data set / data not fully
available / data quality issue
CRM Salesforce February, 26th 2020: Change in https://www.celonis.com/press/business-insider-the-head-of-salesforce-s-international-

CEO / chairman / board members

business-is-joining-hot-ai-startup-celonis-amid-a-bigger-shakeup-at-the-cloud-software-giant/
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https://skift.com/2020/02/07/tui-and-royal-caribbean-expand-cruise-partnership-with-1-3-billion-deal/
https://skift.com/2020/02/07/tui-and-royal-caribbean-expand-cruise-partnership-with-1-3-billion-deal/
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SLB Schlumberger incomplete data set / data not fully
available / data quality issue
NOW ServiceNow incomplete data set / data not fully
available / data quality issue
SPG Simon Property Feburary, 11th 2020: Major https://commercialobserver.com/2020/02/simon-property-rival-taubman-3-6b-retail-sales-
Group merger, acquisition, partnership or | malls/
sale of sub-company
SIM J.M. Smucker November, 14th 2019: Change in | https://www.foodbusinessnews.net/articles/14894-jm-smucker-co-shakes-up-leadership-
Company (The) CEO / chairman / board members | structure
SEDG SolarEdge incomplete data set / data not fully
available / data quality issue
SWK Stanley Black & incomplete data set / data not fully
Decker available / data quality issue
STT State Street March, 3rd 2020: Change in CEO / | https://financialit.net/news/people-moves/state-street-global-advisors-announces-appointment-
Corporation chairman / board members kim-hochfeld-global-head-cash
SNPS Synopsys incomplete data set / data not fully
available / data quality issue
SYY Sysco March, 4th 2020: Major merger, https://www.bloomberg.com/news/articles/2020-03-03/sysco-is-said-to-approach-germany-s-
acquisition, partnership or sale of | metro-on-potential-takeover
sub-company
TMUS T-Mobile US April, 1st 2020: Major merger, https://www.npr.org/2020/04/01/825523250/t-mobile-completes-takeover-of-rival-company-
acquisition, partnership or sale of | sprint
sub-company
TROW T. Rowe Price insufficient data quality /
availability
TPR Tapestry, Inc. February, 6th, 2020: Change in https://fashionunited.nz/news/people/tapestry-announces-key-leadership-
CEOQ / chairman / board members | appointments/2020020610927
TSLA Tesla, Inc. insufficient data quality /
availability
TSCO Tractor Supply February, 6th 2020: Change in https://www.nashvillepost.com/new-tractor-supply-ceo-promotes-three-to-c-

CEO / chairman / board members

suite/article cflcc427-1125-5195-a448-605dcfd461d9.html
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https://www.npr.org/2020/04/01/825523250/t-mobile-completes-takeover-of-rival-company-sprint
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UDR UDR, Inc. insufficient data quality /
availability
UAL United Airlines December, 5%, 2019: Change in https://www.prnewswire.com/news-releases/united-airlines-announces-leadership-transition-
Holdings CEO / chairman / board members | 300969566.html
UNH UnitedHealth insufficient data quality /
Group availability
UHS Universal Health | insufficient data quality /
Services availability
VTRS Viatris November, 13th. 2019: Major https://www.businesstoday.in/latest/corporate/story/mylan-nv-pfizer-say-the-combined-entity-
merger, acquisition, partnership or | will-be-called-viatris-239226-2019-11-13
sale of sub-company
\'% Visa Inc. January, 13th 2020: Major merger, | https://techcrunch.com/2020/01/13/visa-is-acquiring-plaid-for-5-3-billion-2x-its-final-private-
acquisition, partnership or sale of | valuation/
sub-company
WBA Walgreens Boots | December, 12 20 Major merger, https://www.businesswire.com/news/home/20191212005230/en/Walgreens-Boots-Alliance-
Alliance acquisition, partnership or sale of | and-McKesson-to-Create-German-Wholesale-Joint-Venture
sub-company
WEC WEC Energy insufficient data quality /
Group availability
WEFC Wells Fargo February, 21th 2020: Lawsuit / https://www.washingtonpost.com/business/2020/02/21/wells-fargo-fake-accounts-settlement/
compliance issue
WDC Western Digital insufficient data quality /
availability
WHR Whirlpool January, 8th 2020: Lawsuit / https://www.theguardian.com/business/2020/jan/09/whirlpool-refund-uk-customers-fire-risk-
Corporation compliance issue washing-machines-which
WTW Willis Towers March, 6th 2020: Major merger, https://aon.mediaroom.com/2020-03-09-Aon-to-Combine-with-Willis-Towers-Watson-To-
Watson acquisition, partnership or sale of | Accelerate-Innovation-on-Behalf-of-Clients
sub-company
XEL Xcel Energy insufficient data quality /

availability
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