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In recent years, the Covid-19 pandemic has had significant effects on stock markets world-
wide as no sectors have been able to hide from it. This special time period has also high-
lighted the role of psychological phenomena that have been more visible now than before.

This thesis studies the behavior of two investor types and stock market returns during
Covid-19 pandemic. The aim is to find long-term relationships between the variables and
examine how coronavirus related information affected investor sentiment, VIX index, and
stock market indices. Moreover, it examines whether different stock market indices re-
acted differently to covid-information.

The empirical research was conducted by using vector autoregressive (VAR) models. The
data consists of weekly observations of the US market, ranging from January 2003 to Jan-
uary 2022. This large sample period enables to examine the long-term relationships and
focusing on how coronavirus affected those. In addition to VAR models, two nonlinear
models were used to further investigate the possible time-varying relationships.

Results from VAR models show that individual investors base their decisions on history
and do not react heavily to crises, whereas for institutional investors the opposite is true.
The empirics suggest that stock market indices react especially to covid-deaths, and
Standard & Poor’s 500 index and Standard & Poor’s 500 Value index also react to covid
restrictions. The linearity tests imply that there are strong nonlinearities in the covid-in-
formation.

This study allows an insight not only to investor behavior but also to the behavior of dif-
ferent stock market indices during a crisis. This information could be useful for policy
makers, and institutional and individual investors.
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Tiivistelma

Covid-19 pandemia vaikutti merkittdvasti maailmanlaajuisiin osakemarkkinoihin, silld
sen vaikutukset levisivét kaikille toimialoille. Tdma4 erityinen ajanjakso on nostanut myos
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kinatuottoja Covid-19 pandemian aikana. Tavoitteena on selvittdd, kuinka koronaviruk-
seen liittyvd informaatio vaikutti sijoittajasentimenttiin, VIX indeksiin ja osakemarkki-
naindekseihin. Ndiden lisdksi tarkoituksena on tutkia sitd, reagoivatko eri osakemarkki-
naindeksit koronainformaatioon toisistaan poikkeavilla tavoilla.

Empiirisessd tutkimuksessa hyodynnetddan vektoriautoregressiivisid (VAR) malleja. Data
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lisid eroja. Etenkin yksityissijoittajilla erilaiset harhat paatoksenteossa korostuvat, kun si-
joituspdatokset perustuvat ldhinnd historiaan. Osakemarkkinaindeksit reagoivat etenkin
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1 INTRODUCTION

1.1  Background

Covid-19 pandemic has affected almost every country and person in the world.
The coronavirus, detected first in Wuhan, China in December 2019, started as a
health crisis, but its influence spread to all areas of society, and it finally led to a
financial crisis. The stock market collapse in March 2020 was nearly 35% in the
US and Euro area (Qontigo, 2021), making investors all around the world suffer
major losses quicker than ever before. The impacts of the pandemic have been
significant.

Typically, there has been differences in performance based on firm size,
industrial sector, and between value and growth stocks. It was also captured dur-
ing the pandemic that some sectors and stocks could be considered as winners
whereas others were hit extremely hard. It has been argued in previous research
papers that technology and health care sector (Narayan, Gong & Ahmed, 2022;
Mazur, Dang & Vega, 2020), and growth stocks (Rahman, Amin & Mamun, 2020)
gained some abnormal returns and might have even benefited from the pan-
demic. Because of the different impacts that the pandemic had on different stocks
and industries, it seems interesting to investigate these more deeply and find rea-
soning behind them.

One extremely notable characteristic of the pandemic is the behavior of
risks and risk perceptions (investors’ feeling about risk). There are many ways to
describe what a risk is, but one applicable definition is by Kenton (2021): “risk is
a deviation from an expected outcome”. In other words, people have assump-
tions about different things or situations, and a risk can be either the positive or
the negative change that occurs. Usually in finance risk is defined to be asymmet-
ric, the possibility to make a significant loss. In the financial world risks typically
consist of two parts: systematic and unsystematic risk. Unsystematic risk (or a
risk that is relevant only in a specific company or industry) can be mitigated with
efficient diversification. Systematic risk, however, has an impact on the overall
market rather than just a specific asset, and it cannot be easily diversified or mit-
igated (except with hedging or using some allocation strategies which are mostly
intended for institutional investors). When considering investments, risks are
usually measured with volatility which indicates the price changes that an asset
may have. When an asset is more volatile, price movements are bigger and less
predictable, therefore, it is seen also as a riskier investment than another asset
with lower volatility. One of the main expectations in financial markets is that
risks (volatility) and expected returns should go somewhat hand in hand. How-
ever, risk is not only about measurable statistics but also about our perceptions,
and the definition of a risk may be more complex than conventional finance the-
ories imply. Afterall, riskiness is a concept which has been developed to capture
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the uncertainty or probabilities of different outcomes. We evaluate risks in our
minds by our personal criteria and every person has their own perceptions of
risks which then again affect their decision-making and everyday life. When
looking at Covid-19 pandemic together with risks, it seems obvious that there
was systematic risk which increased the risks (and volatility) of all assets. But to
which extent was the risk evaluation rationally related to uncertainty of future
cash flows? During the years 2020-2021, investors faced a huge amount of infor-
mation regarding the pandemic and its impact on society and economy. This
study focuses on testing whether this information was rationally reflected in in-
vestment decision-making and risk perception.

Risk measurement might be extremely hard as there are quite a few char-
acteristics involved. To capture risks, I use investor sentiment and VIX index in
this research. The sentiment indicator is a survey-based measurement which de-
scribes the ratio between bullish and bearish views of individual investors,
whereas the VIX index captures the implied volatility of S&P500 index options,
therefore capturing the views of institutional investors.

To get a better understanding of the actual impacts of the crisis, this paper
studies the relationships between covid-related information, sentiment, investors’
risk perceptions, and stock market returns during Covid-19. In earlier research
Aggarwal, Nawn and Dugar (2021) investigated the relationship between inves-
tor panic and stock market meltdown during Covid-19, analysing data from
twelve countries. This thesis, on the contrary, focuses specifically on the US mar-
ket. This choice enables us to get a better understanding on the virus’s impacts.
To meet this goal, this paper focuses on presenting a thorough literature review
about the topic, and testing empirically how Covid information impacted inves-
tor sentiment, risk perception and stock market returns. To investigate these as-
pects a little bit further, this thesis uses a vector autoregressive (VAR) model
which was created to fit the needs of this research. The data sample ranges from
6t of January 2003 until 24th of January 2022, including weekly observations from
the US market.

1.2  Research questions

The purpose of research questions is to help focusing on the steps that need to be
taken later as they are an efficient way of finding and focusing on the right infor-
mation.

The research questions could be specified as:
i.  How did sentiment and VIX index react to covid-information?
ii.  How did stock market returns react to covid-information? Can that
reaction be explained by sentiment and VIX?
iii. ~ What kind of relationship dynamics can be found between stock
market returns, sentiment and VIX?
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iv. Do returns on different indices (Standard & Poor’s 500 Composite,
Standard & Poor’s 500 Value, Standard & Poor’s 500 Growth, and
Nasdaq) react differently to Covid information?

1.3 Structure

This master’s thesis is structured into seven main chapters which all have sub-
chapters. The first chapter focuses on the topic itself, its background, key terms,
importance, and also introduces the research questions. This gets followed by the
second chapter, presenting relevant literature and theories about behavioral pat-
terns. The third chapter also includes literature and previous research papers re-
lated to the topic, but the focus is more on the empirical side. It offers crucial
information and background, in addition to some important discoveries from
earlier research. The fourth chapter focuses on data and methodologies. It has an
overall view on the collection of data, reasons for limitations, and variables, of-
fering a great discussion of these details. Fifth chapter includes interpretation of
the results and analysis based on the research. Sixth chapter focuses on the non-
linearities of Covid-19. It includes background information and two models
which were used to test the nonlinearities in the series. Lastly, the seventh chap-
ter discusses conclusions of the main findings. It also offers recommendations on
what kind of research could be useful in the future.



2 THEORETICAL FRAMEWORK: A BEHAVIORAL
APPRPOACH

2.1 Behavioral Patterns

During the past 30 years our understanding of human behavior has changed
drastically. Regarding finance, we would like to see us as purely rational decision
makers. However, psychology and the behavioral approach to finance have
shown that the human decision-making mechanism is often based on heuristics,
rules of thumb and biases (Kahneman, 2011). Extreme conditions highlight the
impact of these features.

One of the most important factors impacting our decision-making is sen-
timent, which is described in the Cambridge Dictionary (2021) as “a thought,
opinion, or idea based on a feeling about a situation, or a way of thinking about
something”. There are many things affecting sentiment - media, rumours, and
narratives, to name a few. In general, positive sentiment has been linked with
positive stock market returns whereas negative sentiment is seen to cause de-
clines in the returns. In addition, overly optimistic and pessimistic expectations
might cause movements in stock market returns and thereby, even cause mis-
pricing in the markets. For example, Smales (2017) argues that negative sentiment
drives prices below fundamental value, providing below average returns.

To continue with biases in decision-making, representativeness is one
heuristic which needs to be considered. Kahneman and Tversky (1972) define it
as follows: “the subjective probability of an event, or a sample, is determined by
the degree to which it: (i) is similar in essential characteristics to its parent popu-
lation; and (ii) reflects the salient features of the process by which it is generated”.
In other words, people expect that an event which is more representative is more
likely in the future if it also reflects uncertainty of the process (or “randomness”).
This heuristic emphasizes the role of previous events.

Moreover, our decision-making is also affected by the negativity bias. The
main idea behind this bias is that the response to a negative event is stronger than
the response to a positive event of the same magnitude. With coronavirus this
could mean for example reacting more heavily to new negative information (in-
creased deaths) than to new positive information (such as cured cases).

In addition to these patterns, risk aversion should also be considered as it
is one of the fundamentals of behavioral finance. Risk aversion is related with
preferring certainty over uncertainty, for example keeping one’s money in a nor-
mal savings account rather than investing it to stocks which have higher riskiness.
There are different stages of risk aversion but normally we assume that investors
are risk-averse: preferring risk-free investments or demanding rational compen-
sation for their risk taking. Earlier research by Vasileiou (2021) found that with a
feel that health is in danger, there is higher risk aversion which then could lead
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to a stock market decline. This behavioral aspect could have been one of the rea-
sons affecting the stock market collapse in March 2020.

Furthermore, terror management theory (TMT) is something to be consid-
ered when investigating pandemics. Greenberg, Pyszczynski & Solomon came
up with TMT in 1986, proposing that awareness of mortality could potentially
generate paralyzing anxiety, and that managing this anxiety is essential for effec-
tive functioning. Based on the theory, people need to procure self-esteem and
meaningful worldview to shield from the awareness of death and to cope with
such anxiety. With coronavirus the overwhelming anxiety could be seen espe-
cially during the early stages of the pandemic, when the increasing number of
covid-cases was causing fear of death all around the world. During a crisis, the
tirst panic or shock reaction is typically the most significant in the beginning, but
the reaction starts to weaken over time.

Another aspect is commonly held beliefs of which some are totally incorrect
based purely on some popular narratives. With the coronavirus this could mean,
for example, a text about curing Covid-19 with ginger as ginger has antiviral
properties. This belief, however, does not have any evidence that it would actu-
ally work with coronavirus. (Banerjee & Rao, 2021). Some have suggested that
stories are the main thing that distinguish people from animals (Shiller, 2019),
and it seems to be that stories are easily adapted, understood, and, at the best,
they are able to reflect our values and views. When looking at all of these factors,
it seems only logical that these kind of stories or narratives spread rather quickly.
Shiller (2019) argues that when the narrative creates a significant emotional con-
nect, it might cause a powerful response. This explains some amount of the wide
spreading of (fake) news and deepens our understanding of the behavioral pat-
terns.

When it comes to stock markets, we are typically interested about the be-
havior of investors. There is evidence that the two types of investors, institutional
and individual ones, act differently. Ben-David, Franzoni, and Moussawi (2011)
show evidence that during the Subprime Crisis, hedge funds reduced their equity
holdings significantly compared to other investors. According to their research,
one reason for different behavior is that institutional investors’ compensation
and career depends on their selection of funds, therefore adding pressure to re-
acting quickly to bad news. Another argument in their paper is the selling pres-
sure that especially hedge funds face by their investors and lenders, pressuring
to deleverage. Individual investors do not face the same problematics. The em-
pirics of Ben-David et al. (2011) show that the role of institutions (e.g., banks,
pension funds, corporates, the government, and other institutions) is significant,
and funds with higher institutional structure sold their assets more and experi-
enced below average flows.

These characteristics will be beneficial in making a coherent conclusion of
behaviour’s impacts. In order to see how these characteristics actually affected
decision-making during coronavirus, it is important to investigate the measura-
ble statistics and channels a little bit further.
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2.2 Media impacts

Media has a remarkable impact on human behavior as it acts as a channel to share
our thoughts and emotions. According to Banarjee & Rao (2021), the impact can
vary between faulty treatment, panic, and mass hysteria. They also note that me-
dia impacts can be positive as it improves preparedness towards diseases, helps
in crisis communication, and mitigates loneliness. This might be the most severe
problem, as media might be useful and harmful at the same time. Due to this,
some have described media’s role in pandemics as a double-edged sword.

Information seeking is a natural way of trying to process situations and
reduce uncertainty (Skarpa & Garoufallou, 2021). When comparing COVID-19
pandemic to SARS, influenza, or Ebola, there has been significantly higher num-
ber of digitalized facts and statistics during the new pandemic. The amount of
coronavirus-related news has also been phenomenal as there has been daily news
about vaccinations, covid-cases, covid-deaths, new recommendations, govern-
mental actions, etc. (Banarjee & Meeda, 2021).

As the use of social media increases with time, it becomes an extremely
potential way of sharing knowledge and information rapidly. This enables the
whole humankind to fight against a pandemic where time is actually our biggest
opponent. There have been memes, videos, and messages shared every day in
social media and, therefore, social media can be seen as both good and bad, as it
makes possible to share facts and raise public awareness, but it is also used to
share disinformation. (Banerjee & Meena, 2021). One wrong (senseless) message
with a strong emotional connection is enough the set out a rumour which can
then spread and create a snowball effect where the information is more easily
adopted as it moves along (Banerjee & Rao, 2021). In fact, the biggest challenges
that media brings are misinformation and recognizing fake news (Banerjee &
Meena, 2021). Croucher, Nguyen, and Rahmani (2020) found out that partici-
pants have a habit of believing anything shared on social media and considering
the shared information as facts.

Communication about health and understanding public health is really
dependent on how the data is interpreted by the masses and, therefore, there is
always a possibility for misunderstandings (Banerjee & Rao, 2021). During the
pandemic, all investors were able to access the same new information equally -
the biggest difference was that the information was interpreted very differently
(Vasileiou, 2021). And because of the internet and social media, the issue of a
wide amount of information that is available is now bigger than ever before. This
causes problems when investors have to be selecting information which might
then lead to either underreaction (not reacting to some key information or react-
ing late) or overreaction (paying attention to something that is irrelevant).
(Smales, 2020). Barberis, Shleifer, and Vishny (1998) found that financial markets
overreact to consistent pattern of news even when that kind of news should have
only a little weight put on them. Vasileiou (2021) found that for longer periods in
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the USA, markets underestimate the health risk with Covid-19. It was also noted
that it is in contrast to the Efficient Market Hypothesis, indicating that prices in
the stock market do not reflect all the information that is available.

All health-related news and misinformation, especially, is crucial during
pandemic periods, such as Covid-19. This kind of misinformation has been stud-
ied before by, for example, Jamuna Prasad (a social psychologist). Prasad was the
tirst person to find the connection between anxiety and the spread of “fake” news.
When people have anxious minds and fears about unknown infections, they tend
to accept any solutions or theories that are easily and quickly available. It is im-
portant to note that the logic behind the solution or theory is irrelevant for people
at that point. (Banerjee & Rao, 2021).

Media’s role during Covid-pandemic has been highlighted many times as
its role and impacts are bigger than ever before. Earlier research by Haroon and
Rizvi (2020) argues that negative sentiment in news has been connected with in-
creases in volatility in the US market. Hence, media seems to have significant
effects not only on human behavior but also on volatility and stock market re-
turns.

To conclude, media still seems to be a double-edged sword. It has some
positives, but during a pandemic such as the coronavirus, the negatives seem to
be more highlighted as media causes panic among people. This panic, created by
the media and then fuelled by our behaviourist characteristics, affects our deci-
sion-making, and eventually causes panic-selling and stock prices decline.
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3 A SURVEY OF EMPIRICAL RESEARCH

3.1  Stock market dynamics

The Covid-19 pandemic affected heavily stock market returns, making different
impacts on different industries and firms. Research by Baek, Mohanty and Glam-
bosky (2020) suggests that the pandemic increased risks for all industries in the
US, but they also mention that there are some differences.

Firstly, there are industry level differences which could be seen during the
pandemic. Some sectors (e.g., health care and information technology) were af-
fected positively while others (e.g., energy and finance) were affected negatively
(Narayan et al., 2022; Just & Echaust, 2020). In their research Narayan et al. (2022)
note that there were investments in the vaccines and personal protection equip-
ment, which benefited the health care sector. For the technology industry the pos-
itive impacts came from, for example, distance work policies.

What comes to the other characteristics of stock markets, Rahman et al.
(2021) found that smallest, least profitable and value portfolios were hit the hard-
est by Covid. Firstly, let’s take a closer look at value stocks (low P/B) and growth
stocks (high P/B). As value stocks trade below their book value, they might be
seen as less risky, beneficial, and stable investments. However, it will take time
for the markets to change its perceptions for the stock to be priced correctly based
on its book value. What comes to growth stocks, their issuers are usually smaller
and not as stable, which can increase their riskiness. However, growth stocks
might seem more appealing than value stocks, as they might be able to offer
above average returns. The innovation opportunities among growth stocks seem
appealing for investors. Rahman et al. (2021) argue that value firms are more bur-
dened with unproductive capital, hence, it is more difficult to adjust their capital
compared to growth firms. They suggest that value stocks are more exposed to
disaster risk and more vulnerable to pandemic such as Covid, and this could be
one of the reasons for preferring growth stocks. Their research also indicates that,
due to the outbreak of Covid, value stocks suffered more than growth stocks.

These differences give implications that stock market returns could be
studied through multiple different indices that, for example, have different in-
dustry weighting. It also indicates that investors should consider diversification
when making investment decisions.
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3.2  Volatility and Covid

Volatility is one main concept of financial market functions, and there are several
research papers investigating its meaningfulness. Typically, high volatility is as-
sociated with a higher probability of a market decline and lower volatility is as-
sociated with a higher probability of a market increase. This section focuses on
getting a good outlook on the research that has already been conducted about
volatility and Covid-19.

One measurement for volatility is the CBOE Volatility (VIX) index which
measures market’s expectations based on the implied volatility of S&P500 index
options. The VIX index is a real-time reflection of future volatility, and it increases
when the price changes are more drastic as it means that volatility levels are also
higher. Some papers refer to VIX also as a “fear” or “panic” index. Panic in stock
markets has been researched before and the declines have often been temporary
- indicating that the reason is more related to sentiment than rationality (Ag-
garwal et al., 2021).

By taking a closer look at the behavior of VIX index, it can be seen that
Covid made severe impacts on the index. Baker (2021) found that VIX has typi-
cally been between 10 to 30, and any value over 20 is usually a sign of market
stress. During Covid-19 crisis in March 2020, the VIX index had an all-time-high
daily value of 82.69, whereas during the Great Financial Crisis (GFC) it had the
second-highest value of 80.86 (Baker, 2021; Macrotrends, 2021). This indicates
that the price changes were very volatile during Covid-19 pandemic, and that
people were concerned about the future price changes. It also suggests that this
health-crisis caused investors to panic even more than during the GFC. In addi-
tion, as VIX had the most dramatic changes at the same time with the stock mar-
ket collapse in March, it can be reasoned that panic affects overall returns nega-
tively. This kind of negative relationship between volatility and stock returns has
been established also earlier by many research papers (for example, Aggarwal et
al., 2021; Just & Echaust, 2020; Marfatia, 2019; Smales, 2017). In addition, Ag-
garwal et al (2021) found that when panic levels increase, investors become more
risk-averse.

Research by Mazur et al. (2021) document extreme volatility for S&P1500
tirms during Covid-period. The highest volatility is documented for crude petro-
leum sector which plunges the most. In addition, they found that stocks that
faced extremely negative returns during the stock market meltdown in March
2020 faced also extreme volatility. This kind of asymmetric volatility, where
stocks experience negative returns and high volatility at the same time, is against
the theory of rational investors. Some reasons behind asymmetric volatility could
origin from, for example, heterogenous beliefs or overreactions.



14

3.3 Nonlinearities

Nonlinearities refer to the case where a direct linear relationship between two
variables cannot be found, hence, their relationship creates a curved line instead
of a straight one. There are some nonlinear models, such as Markov Switching
model, Threshold Autoregressive model, and the Smooth Transition Autoregres-
sive model that can capture the nonlinearities in regards of stock returns.

The empirics of Humpe and Macmillan (2014) give evidence that there are
non-linear relationships between stock market returns and some macroeconomic
and financial variables. They argue that the relationships between these are de-
pendent on the state of the market, meaning that, for example, investor risk tol-
erance differs between return regimes. Based on their research, Humpe and Mac-
millan (2014) suggest that the different regimes may be a result from changes that
happen in investor’s feelings, such as fear or hope.

Dahmene, Boughrara and Slim (2020) state that as investors (with different
risk preferences) get information, they compare the information to a threshold
level and then each investor makes their own decisions. They argue that this
makes the stock market switch smoothly between regimes. This implies that non-
linear models could be appropriate when investigating stock market returns.

Stock market nonlinearities have also been investigated during Covid-19.
Izzeldin, Muradoglu, Pappas and Sivaprasad (2021) present evidence that the im-
pacts of Covid-19 might be nonlinear. Their paper suggests that there is a nonlin-
ear transition to a crisis regime for all of the G7 economies (Canada, France, Ger-
many, Italy, Japan, UK, and US).

Hsu and Chiang (2011) found evidence on nonlinearities, and they suggest
that monetary policy has bigger impacts on excess returns when they are low.
They reason this by financial constraints where the constraints are more binding
during poor stock market performance. In other words, monetary policy is more
effective when the stock returns are low. Dahmene et al. (2020) also captured the
nonlinear effects of monetary policy. They investigated nonlinearity in stock re-
turns and found an asymmetric relationship with monetary shocks and stock re-
turns. For the US, the relationship was negative and nonlinear, and they suggest
that the explanation lies, similarly to the work of Hsu and Chiang (2011), in the
financial constraints.

A bit more recent work by Junttila and Martin (2021) found that controlling
the joint nonlinear effects of near-term stock market risks and unconventional
monetary policy actions is highly important in order to explain dividend yields’
movements (by Gordon discount model) during exceptional risk conditions.
They find that introducing nonlinear tail effects is especially relevant for US mar-
kets, and if it is not considered, the future real economic growth factor is no
longer statistically significant. Their research suggests that if these nonlinearities
are controlled, expectations of future real economic activity can actually be used
in explaining stock market pricing in the US.
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3.4 Effects of covid-information

Covid-related literature has been growing at a fast pace, thereby offering possi-
bilities to rely also on earlier research. This chapter focuses on coronavirus-re-
lated information and its impacts. By having a more thorough look into Covid-
related vaccinations, deaths, confirmed cases, and restrictions, it is possible to get
valuable data on the spread of the virus. It also gives more knowledge on
whether and how these factors have affected the stock market collapse in March
2020.

Firstly, focusing on the confirmed covid-cases as they have been quite used
in earlier research. The connection between covid-cases and stock market returns
has been established by many research papers (Liu, Manzoor A., Wang, Zang &
Manzoor Z., 2020; Al-Awadhi A.M, Alsaifi, Al-Awadhi A. & Alhammadi., 2020;
Shear, Ashraf & Sadagat, 2021). This previous literature suggests that there is a
significant and negative connection between confirmed cases and stock market
returns, implying that new cases decrease stock market returns. In addition,
Grima, Ozdemir, Ozen & Romanova (2021) found that confirmed covid-cases
have a high correlation with VIX. They state that when there is a 1% increase in
Covid-19 cases, it increases the VIX index by 32,5%. This implies that as the num-
ber of confirmed cases increases, also risk perceptions increase, hence increasing
VIX. These confirmed covid-cases might not, however, be offering reliable infor-
mation for two reasons 1) people are not always taking the tests, and 2) there
might be measurement errors.

For tackling the problems there might be with covid-cases, another indi-
cator was chosen to reflect the negative effects of the virus. Covid-related deaths
are used since they offer a more reliable way to measure the real-life negative
impacts. In earlier research Al-Awadhi et al. (2020) found that deaths have sig-
nificant negative impacts to stock market returns. In addition, the statistics by
Our world in data (2021) shows that the number of Covid-19 deaths starts to in-
crease on March 12th, and the steep growth continues until April. When combin-
ing this data with VIX index, it seems that deaths and VIX index go somewhat
hand in hand - as deaths increase, also the VIX index increases. This indicates
that deaths add panic within investors and make them see the market even more
volatile than before. This connection has been confirmed also by Baig, Butt, Ha-
roon, and Rizvi (2021) as they found that confirmed Covid-19 deaths increase
volatility considerably.

In addition to the negative impacts of the virus, it is important to take a
look at preventing actions. In order to reduce the spread of the virus, there have
been new vaccines developed, and their purpose is to reduce the risk of getting a
serious Covid-19 infection. Intuitively thinking, increased vaccination levels
should decrease implied volatility but there are not too many research papers
that would have included vaccination levels in the analysis. However, after vac-
cination levels started to increase, the VIX index decreased a bit. This would im-
ply that preventing actions (vaccinations) add the feeling of safety and, therefore,
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decreases uncertainty and fear. The connection between these two has not been
studied enough and for this reason it cannot be yet stated whether vaccinations
would play a huge role in volatility movements or the stock market returns.

Another measurement for prevention actions is the stringency index or, in
other words, measure of lockdown policies. Stringency index describes the strict-
ness of policy actions, and it includes information on school and workplace clo-
sures, restrictions on public gatherings, cancellation of public events, closures of
public transport, stay-at-home requirements, public information campaigns, and
restrictions on internal and international traveling (Roser, 2021). The index is be-
tween 0 and 100, where higher values imply a stricter response. First covid-re-
strictions in the US were implemented on 274 of February 2020, where the strin-
gency index got a value of 5.56. This value, however, started to grow, and more
restrictions were implemented constantly. From the starting of covid-restrictions
to 24th of January 2022, the average value for stringency index in the US is 59.38.
Hence, it can be said that covid-restrictions have been heavily used in the US,
and this has made it hard for companies to conduct business in the same way as
before. Previous research paper by Aggarwal et al. (2021) found that stringency
affects stock market returns both, negatively (via investors updating growth ex-
pectations) and positively (via investors demanding higher market risk pre-
mium).

Lastly, there have been some papers that compare the different impacts
between negative and positive covid-information. For example, Shehzad, Za-
mann, Liu, Gérecki & Pugnetti (2021) and Basouny, Bouadi, Ali & EmadEldeen
(2021) found that negative information (deaths) affects more clearly to stock mar-
kets than positive information (recovered cases). This finding highlights the role
of negativity bias.

3.5 Monetary policy

Monetary policy actions have been changing their form, as unconventional mon-
etary policy actions have been stealing the spotlight from conventional monetary
policy. Even though the ways of operating may have changed, the goals have
stayed the same - promoting maximum employment, stabilizing prices, and
moderating long-term interest rates (Federal Reserve, 2022). This section offers a
more in-depth view of the monetary policy actions that were used during Covid-
19.

One major monetary policy act during the Covid-crisis were purchase pro-
grams, where Federal Reserve and the European Central Bank (ECB) announced
that they will do anything to save the enterprise sector and reduce the negative
effects of Covid-19 (Junttila & Martin, 2021). As the markets” actions were unpre-
dictable, this was the way to convince investors that everything will be fine as
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FED and ECB are involved in the process and will do anything in their capabili-
ties to help companies. These purchase programs decreased risks during Covid-
19.

The effects of unconventional monetary policy have been studied earlier
and, for example, Marfatia (2020) found that unconventional monetary policy ac-
tions increased confidence in the financial markets, therefore causing VIX to de-
crease after the Great Financial Crisis. This implies that unconventional monetary
policy could work as a tool with Covid-19 challenges as well.

Wei & Han (2021) discuss that unconventional monetary policy is more ef-
fective than conventional monetary policy and, therefore, it could be used to re-
verse the economic downturns after Covid-19. They argue that the changes could
have a positive impact on economic recovery, even if the effects may not be sig-
nificant. This indicates that focusing on unconventional monetary policy could
prohibit downfalls and support the real economy in the future.

One way of measuring unconventional monetary policy actions is central
banks’ balance sheet assets (Junttila & Martin, 2021). The empirical results of
Junttila and Martin (2021) suggest that unconventional monetary policy actions
are essential in pricing stocks especially during periods of uncertainty (such as
Covid-19).

Another policy act during Covid-19 was that the Federal funds rate was
lowered in March 2020 to stimulate economic growth. In addition, FED encour-
aged institutions to use their capital and liquidity buffers to lend and to co-oper-
ate with borrowers who were already affected by the coronavirus. FED also low-
ered the bank leverage ratio to 8%. (International Monetary Fund, 2021).

Lutz (2015) investigated the relationship between monetary policy and in-
vestor sentiment. The research suggests that shocks in conventional and uncon-
ventional monetary policies have economically significant impacts on sentiment.
This gives implications that central banks are able to make significant effects on
investor sentiment. It still stays unknown whether central banks can affect stock
prices by using sentiment as a channel.
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4 DATA AND METHODOLOGY

4.1 Data and variables

The empirical research focuses on exploring the relationships between stock mar-
ket returns, sentiment, and VIX during Covid-19 pandemic. One of the key focus
areas is on the covid-information and investigating how it affected investor be-
havior and stock market returns. The data is a collection of time series, and it is
collected from Refinitiv Datastream and Our World In Data. The series begins on
6.1.2003 and runs until 24.1.2022, having weekly observations on the US market.
The long time period enables us to get a better understanding of the long-term
relationship dynamics of the dependent variables, and then see how covid-re-
lated information affected those.

I investigate investors’ sentiment and risk perceptions by two different in-
dicators. First of them is AAIl index which is a survey-based measurement about
investor sentiment. The survey is done for the members of AAII (American As-
sociation of Individual Investors), and it is done on a weekly basis. Its purpose is
to indicate whether investors are being bullish, bearish, or neutral on the stock
market for the next six months (American Association of Individual Investors,
2022). In other words, this indicator describes individual (or retail) investors’ feel-
ings about future views of the market. When the index rises above one, the
greater is the bullish sentiment. If the ratio is less than one, the sentiment is more
bearish, and more investors expect the market to decline. As it can be seen from
figure 1, investors tend, in general terms, to be more optimistic and assume that
bullish market will continue.

The second sentiment indicator is volatility index (VIX), also known as the
“fear index”. It is based on the implied volatility of SP500 Index options for the
upcoming 30 days, and it captures the views of institutional investors. To put this
another way, VIX was chosen to describe the volatility perceptions of institu-
tional investors. If the index has low values, it indicates that the implied volatil-
ity is also low. If the index is high, implied volatility is also high. High volatility
is usually an indicator of fear, and this can be seen in figure 2 for example, during
the Great Financial Crisis (2008) and Covid-19 outbreak (2020). In the regressions
I use variable “DVIX” which includes the logarithmic returns of VIX index.

A comparison between figure 1 and figure 2 supports theories of differ-
ences in the behavior of institutional and individual investors. Taking a glance at
tfigures 1 and 2, it seems obvious that there have been major swings in the indices
during Covid, which highlight the role of panic. The comparison, however, gives
an implication that individual investors” reactions are more moderate and per-
haps even more rational than those of institutional ones.
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Figure 1. Weekly observations of AAII index, 2003-2022.
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Figure 2. Weekly observations of VIX index, 2003-2022.

Let’s continue with the different stock market return indicators - SPP500,
SP500Value, SP500Growth, and Nasdagq. First one, SP500, is highly used in the
tield of finance as it measures the value of the 500 largest listed companies, hence
giving a thorough outlook on the markets. Second and third indices, SP500Value
and SP500Growth, are based on the SP500 index. SP500Value measures stock val-
ues using ratios of book value, earnings, and sales to price, and SP500Growth
measures stocks” growth with sales growth, ratio of earnings change to price, and
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momentum (S&P Global, 2022). Last return indicator is Nasdaq which differs a
bit from the previous ones. Whereas SP500 index gives greatest weighting for
such companies that have most shares available to trading, Nasdaq focuses on
the market value of stocks that are traded in Nasdaq market. One key point is in
the structure of the indices as, according to Nasdaq Global Indexes (2022), 50.3 %
of Nasdaq is on the technology industry.

All the return indicators behave similarly to each other, and volatility clus-
tering is obvious (see figure 3). It can also be seen that there are few spikes in the
indices, for example during GFC and outbreak of coronavirus. It seems that
Nasdaq did not react to Covid-19 as heavily as the other indices, and one expla-
nation could lay in the structure - Nasdagq is heavily focused on technology sector
which did not suffer as major losses during the crisis as some other industries.
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Figure 3. Logarithmic returns of stock market returns, 2003-2022.

Thirdly, focusing on the covid-related variables. Their purpose is to iden-
tifty whether covid-related information made a difference in investors” sentiment,
risk perceptions, or stock market returns. These variables include new confirmed
Covid-cases (weekly), new Covid-deaths (weekly), the level of fully vaccinated
people, and Covid-stringency index.

On top of the coronavirus indicators, there are a few variables to investi-
gate the role of monetary policy - federal reserve assets (central bank’s balance
sheet at the end of the week) and federal funds rate. These were chosen to take a
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more thorough look on whether monetary policy has been effective or significant
during the crisis.

Lastly, Covid and Subprime dummy variables were added to the estima-
tions. The purpose of these is to take a closer look at crises and see how they affect
the main variables. The intuitive idea would be that a crisis period adds negative
sentiment (for example, uncertainty and fear), increases implied volatility, and
decreases stock market returns. With the dummy variables, it is possible to get
empirical evidence either for or against this intuition.

4.2 Methodology

Vector autoregressive models are the conventional method when investigating
the impacts of exogenous shocks and dynamic of economic systems. I will esti-
mate the following model:

Yo =Bo+ X BiYeoi + XioiXemi + 9D + & (1)

in which Y: is a vector of endogenous variables, and X: is a vector of exog-
enous variables. In the first model the endogenous variables are sentiment index
or AAII Bull/Bear ratio (AAII), Standard & Poor’s 500 index (SP500), and loga-
rithmic returns of VIX index (DVIX). In the second model the endogenous varia-
bles are sentiment index (AAIl), Value index (SP500Value), Growth index
(SP500Growth), and logarithmic returns of VIX index (DVIX). In the third model
the endogenous variables are sentiment index (AAII), Nasdaq index (Nasdaq),
and logarithmic returns of VIX index (DVIX).

In all models the exogenous variables include new confirmed coronavirus
cases (Covidnew), new Covid-deaths (Deaths), amount of fully vaccinated peo-
ple (VaccinatedFully), stringency index (Stringency), changes in Federal Reserve
assets at the end of week (DFed Assets), and changes in Federal funds rate (DFed-
Funds). The purpose of these variables is to see how coronavirus related infor-
mation or monetary policy (and their first lags) impacts the endogenous variables.

In addition, there are two dummy variables in all of the models - Covid-
19 and Subprime. the purpose of these is to see how crises affect stock market
returns, sentiment, or implied volatility.

The optimal lag length for the regressions was chosen by Schwartz-Bayes
(SC) criteria. For endogenous variables, the optimal lag length was two (weeks),
and for the exogenous variables, the optimal lag length was one.
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5 EMPIRICAL RESULTS AND ANALYSIS

This section focuses on presenting and interpreting the obtained results. Firstly,
I will cover the descriptive statistics and unit root test results. The rest of this
section focuses on analysing results in relations to the endogenous variables
based on different VAR models, Granger-causality tests, impulse responses, and
variance decompositions. The standardized results of VAR models are presented
in tables 2, 3, and 4.

5.1 Descriptive statistics

I constructed a descriptive statistics table which can be used as a summary of
used variables (see Table 1), excluding dummy variables. The table includes
means, medians, skewness, kurtosis, and results from two different unit root tests.

There are some big differences between the mean and median values
which can be explained, in the case of covid-related information, by the lack of
observations in the first years. One explanation for differences in mean and me-
dian of sentiment (AAII) and implied volatility (DVIX) could be that higher val-
ues during positive sentiment in AAII or greater “fear” in DVIX increases the
mean values of the variables significantly.

The skewness values imply that AAII, DVIX, covid-related information,
monetary policy, and the dummy variables have a highly skewed distribution.
For the four return indices the distribution is approximately symmetric. Kurtosis
values imply that the values are too peaked with all the variables. The kurtosis
also suggests that the whole data series has more tails than a normal distribution.

For unit root testing I used the Augmented Dickey-Fuller (ADF) test, and
Phillips-Perron (PP) test. Optimal lag length was chosen with Bayesian infor-
mation criteria (BIC). As the null hypothesis is that there is a unit root in the series,
the optimal results would be rejecting the null, implying stationarity in the series.
After running the estimations, both tests reflect high significance and the null
hypothesis (or existence of unit roots) can be rejected at 1% level for all of the
endogenous variables - the sentiment indicator AAII Bull/Bear ratio (AAII), log-
arithmic returns on VIX (DVIX), Standard & Poor’s 50 index (SP500), Value index
(SP500Value), Growth index (SP500Growth), and return on Nasdaq index
(Nasdaq). The ADF test also indicates stationarity for fully vaccinated people,
whereas the PP test did not.

There are quite a few variables for which the tests implied non-stationarity.
Firstly, looking at fully vaccinated people - ADF test indicates stationarity, but
the PP test does not. This could indicate problems with heteroscedasticity or au-
tocorrelation. Other variables reflecting non-stationarity (as the null hypothesis
cannot be rejected, hence, it is assumed that there are unit roots in the series)
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focus on the exogenous variables, including new confirmed coronavirus cases,
coronavirus related deaths, vaccinated people, federal reserve assets, and federal
funds rate. For the monetary policy variables, I used the differences and ran the
tests again. Now both series reflect stationarity as the null hypothesis can be re-
jected at 1% level with both (ADF and PP) tests. The four covid-variables (new
cases, deaths, stringency, and fully vaccinated) still remain nonstationary for the

regressions.

Table 1. Descriptive statistics.

Mean Median Skewness Kurtosis ADF PP

AAIIBullBear 1.3432 1.1815 2.411702e+00 14.472310  -10.3163*** -14.2675***
DVIX 0.00095 -0.90738 1.174735e+00 9.595193 -26.1923***  _38.3968***
SP500 0.1621 0.3020 -4.471849e-01 10.090610  -23.1661*** -34.4661***
SP500Value 0.1264 0.2630 -3.668814e-01 10.440218  -22.8977*%*  -34.3353***
SP500Growth 0.1904 0.3201 -4.899956e-01 9.103657 -23.382%**%  _34 3935%**
Nasdaq 0.2698 0.4534 -4.181028e-01  6.270072 -23.9353***  _34 2307***
Covidnew 58561 0 1.031634e+01 136.916111 8.0992 9.7884
Deaths 4390 0 4.237083e+00 22.361561  -2.7305* -1.9743
VaccinatedFully |7642653 0 4.688376e+00 23.657864  -3.525%** 9.9414
Stringency 6.213 0 2.770121e+00 8.874500 -1.1053 -0.4826
DFedAssets 8178 2202 6.613100e+00 74.531844  -12.7269*** -15.2037***
DFedFunds -0.001146 0 -2.409504e+00 44.920543  -26.8558***  -39.2202%**

Interpretation of table 1: Significance levels of unit root tests: 1%: “***', 5%: “**, and 10%: **'.

5.2 Results for the sentiment index (AAII)

First glance at tables 2, 3, and 4 imply that the AAII sentiment indicator is mostly
affected by history. Significant explanatory factors for AAII are history of itself,
SP500, Nasdagq, and the logarithmic return of VIX (DVIX). Looking at this more
thoroughly, the estimated VAR models show that the lags of AAII, SP500, and
Nasdaq have positive coefficient estimates. This positive relationship implies that
whenever the return indices grow, the positive investor sentiment grows as well.
In addition, the Granger-causality tests implied that all of the stock market return
indices Granger-cause the sentiment indicator, hence, the changes in stock mar-
ket returns causes changes in sentiment. This kind of relationship suggests that
if investors base their views on the movements of stock returns, they focus on
representing the current state rather than the upcoming future. This is in line with
Hoffmann, Post & Pennings (2013) as they suggest that individual investors
adjust their future expectations based on return experiences.

On the contrary, the first lag of DVIX has a negative and statistically sig-
nificant coefficient on AAIIL This can be explained intuitively: as the perceived
risks increase, also the fear, uncertainty, and negative sentiment increases, hence



24

decreasing the positive investor sentiment. The estimations give empirical sup-
port to the intuitive idea of volatility affecting negatively to sentiment. Also, the
Granger-causality tests suggest that changes in VIX cause changes in sentiment.
The relationship between market sentiment and risk has been established also in
earlier research (for example, Smales, 2017).

What comes to unconventional monetary policy (measured by changes in
Federal Reserve assets), it seems that the results are a bit mixed. The variable
itself has positive coefficient estimate but its first lag has a negative one. However,
these estimates are mainly insignificant as there are only two situations where
unconventional monetary policy is statistically significant at 5% level. More spe-
cifically, the variable itself has a statistically significant coefficient estimate only
in model 3 (table 4), and its first lag has a statistically significant coefficient esti-
mate only in model 2 (table 3). This suggests that sentiment is mildly affected by
unconventional monetary policy. Based on model 3, it seems that sentiment in-
creases together with Federal Reserve assets, and the response is immediate. In
model 2, on the contrary, sentiment decreases when Federal Reserve assets in-
crease, and the response comes with one period lag (one week).

Next, let’s focus on the covid-information. All of the results show statisti-
cal significance for the level of fully vaccinated people and its first lag. The coef-
ficient estimate is positive, suggesting that vaccinations increase the feeling of
safety and, therefore, positive sentiment. The effect, however, changes as the var-
iable’s first lag has a negative coefficient estimate. These negative coefficient es-
timates are perhaps against intuition, as they suggest that increased level of fully
vaccinated people decrease the AAII sentiment index. When focusing on the size
of the coefficients, it can be seen that the two estimates are close to each other. In
other words, the effects (that an increase in the level of fully vaccinated people
causes to AAII) are almost perfectly diminished by the lagged effects.

Surprisingly, other variables, such as covid-cases, covid-deaths, re-
strictions and even the dummy variables seem to be insignificant for explaining
AAII in all the models. Thereby, the three VAR models suggest that sentiment
did not react heavily to covid-information.

If looking at the sizes of coefficient estimates, we can see that the sentiment
index is actually most heavily affected by its own lags, implying that the index
represents only the current state. The results indicate that individual investors
forecast recent events and assume that the same sentiment will continue to the
future. This gives empirical support to previous literature (e.g., Kahneman &
Tversky, 1972; Hoffman et al., 2012; Barberis, 2013) of biases in decision making,
rule of thumb and especially representativeness.

Variance decompositions indicate that only one standard deviation shock
to AAIl is significant for the sentiment whereas the effects of shocks in other de-
pendent variables only transfer to the sentiment index, at maximum, 0.6%. This
is an interesting finding as stock market returns and DVIX are significant in ex-
plaining sentiment, but their shocks do not seem to transfer to AAIL.
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Lastly, the adjusted R? values for AAII are 0.5139 in model 1, 0.5131 in
model 2, and 0.5201 in model 3. These suggest that the model which includes
Nasdagq is the best one in explaining sentiment.

5.3  Results for implied volatility (VIX)

Continuing the analysis in relations to logarithmic changes of VIX (DVIX), the
results seem to be very different compared to sentiment (AAII). Hence, we can
assume that there are different factors affecting sentiment and volatility. Whereas
AAII had most statistical significance from the history of endogenous variables,
the significance of those has dropped. Even though the significance of three re-
turn indices (SP500, SP500Growth, and Nasdaq) has dropped compared to AAII,
they are still significant at 1% level. They all have positive coefficient estimates
which implies that in case the returns grow, also grows the implied volatility.
The relationship between risks and returns is one fundamental of financial theo-
ries and, hence, it has been applied in many economic theories (e.g., CAPM by
Sharpe, 1964; Efficient market hypothesis by Samuelson, 1965 and Fama, 1963&
1965). However, Granger-causality tests suggest that changes in stock market re-
turns do not cause changes in DVIX. This is supported by the variance decompo-
sitions, as it seems that effects of a shock in stock return index transfers, at maxi-
mum, 0.1% to DVIX. It seems that stock market returns and implied volatility do
have a relationship but at this stage shocks in stock market returns do not seem
to cause major effects to DVIX.

One interesting finding is that the first lag of DVIX has a significant nega-
tive coefficient, whereas the second lag is not statistically significant. It implies
that institutional investors do not rely heavily on historical data nor project that
the same market state continues in the future. The impulse responses and vari-
ance decompositions support this argument as the effects of a one standard de-
viation shock in DVIX stays only about 43-48.8% in DVIX.

In addition to these, the two dummy variables, Covid and Subprime, have
positive and statistically significant coefficient estimates. This gives empirical
support to previous literature (Ly6csa, Baumohl, Vyrost & Molnar, 2020; Zhang,
Hu & Ji, 2020) that crisis periods add volatility, and fear, in the markets. What
should be noted here is that the effects of coronavirus on DVIX seem to be, on
average, about three times the impacts of Subprime crisis. This suggests that
Covid-crisis increased volatility considerably compared to Subprime. The great-
est impact for DVIX actually comes from Covid-dummy, which is fascinating as
the Covid-dummy did not seem to be significant at all in relations to AAIIL The
estimated results for the two different investor-based indicators give empirical
support to previous theory that the two different investor groups, individual and
institutional ones, behave differently during crises.

None of the other covid-variables are statistically significant. The results
suggest that new covid-cases, covid-deaths, amount of fully vaccinated people,
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and covid-restrictions cannot be used in explaining VIX. It might be that the sig-
nificance of covid-information changes its role and after a certain period it be-
comes insignificant.

In addition, monetary policy does not have statistical significance over
DVIX either. Based on these, it seems that volatility is affected by something that
the model omits or that there might be time-variation. The adjusted R? values for
DVIX are 0.08697 in model 1, 0.08988 in model 2, and 0.0876 in model 3. If com-
paring these R2 values to those of sentiment, there is a huge difference. To put it
roughly, the models were able to explain over 50% of sentiment but only 9% of
DVIX.

Next, let’s focus on the relationship between sentiment and DVIX. Even if
the sentiment indicator, AAIl, does not seem to have statistically significance
over DVIX, the impulse responses and variance decompositions suggest that
there might be a relationship. Based on these, the effects of one standard devia-
tion shock in AAII transfers approximately 2.5% to DVIX. This implies that
changes in sentiment of individual investors transfer, at least some amount of it,
to implied volatility.

These results do not support the same biases as the results related to sen-
timent, hence, giving empirical support that the two sentiment indices measure
the behavior of two types of investors: individuals and institutional ones. The
results with AAII index (together with research by Smales, 2017) indicate that it
is individual investors affecting on the sentiment index whereas institutional in-
vestors have impact on the behavior of DVIX. Based on the results it seems that
institutional investors have different justifications on making decisions com-
pared to individual investors.

5.4 Results for stock market returns

Next, investigating the returns a little bit further. For S&P500 and Nasdagq, their
own lags have significant negative coefficient estimates. For SP500 the impact
decreases with lags (lag 1 making greater negative impact than lag 2) whereas for
Nasdaq the coefficient gets even more negative values (lag 2 making greater im-
pact than lag 1). What comes to value and growth stocks, their own first lags are
statistically significant and have negative coefficient estimates. One interesting
tinding is that the second lag of S&P500 Growth index is significant for itself but
also for the value index. In addition, the impacts of one standard deviation shock
in any of the return indices stay about 99% in the particular stock market index.
These results indicate that the stock market returns do not assume that the same
state continues to the future (compared to AAII and its assumptions).

What comes to monetary policy, the two indicators seem to be significant
in all models. To begin with, the role of changes in Federal Reserve Assets
(DFedAssets) is, at first, a bit extraordinary. The variable and its first lag are sig-
nificant in models 1 and 2 (and the lag is significant also in model 3), however,



27

the effect changes. The variable itself has a positive effect whereas its first lag has
a negative one. In other words, the immediate effect to stock returns is that the
returns increase together with increased Fed assets, however, the returns de-
crease after one period (one week). As Fed’s assets increase, it increases money
supply and also lowers interest rates, hence, stock markets may decline. These
results could also be an indicator that a non-linear model would be a better fit.

The second indicator, changes in Federal Funds Rate (DFedFunds), has a
statistically significant and negative coefficient estimate, implying that its in-
crease makes the stock market returns decline. This relationship can be explained
intuitively: increased federal funds rate increase costs for financial institutions,
therefore charging more from customers that are borrowing money and making
it less attractive to spend. As consumers are decreasing consumption, companies’
profits decrease, hence also causing the stock market returns to decline.

Let’s continue the analysis with Covid-related information. First looking
at the significant factors, it seems that the death variable is significant for all of
the return indicators. It has a positive coefficient estimate but its first lag has a
negative one. The positive coefficient estimate is against intuition as it suggests
that as covid-deaths increase, stock markets increase as well. However, the re-
sults with a one lag give empirical support to previous literature (Al-Awadhi et
al., 2020), implying that deaths have significant negative impacts to stock market
returns. History of Covid-related deaths matters but the effects are not transmit-
ted instantly as markets react slowly to news.

The second significant covid-variable is the stringency index or, in other
words, the strictness of governmental policies. Stringency is statistically signifi-
cant only for S&P500 and S&P500 Value, and it has a negative coefficient estimate.
This suggests that these two indices suffered from tightened policies and re-
strictions. On the contrary, the first lag of stringency has a positive coefficient
estimate, indicating that the lagged effects increased stock returns. The findings
with negative effects are in accordance with Aggarwal et al (2021), indicating that
stringency (or difficulty of conducting business) affects growth expectations neg-
atively, hence, making stock returns to decline. Another explanation could origin
from the industry weighting as these two indices, S&P500 and S&P500 Value,
consist of many traditional sectors which were hit the hardest by the pandemic.
The results give empirical support to Narayan et al. (2022) where they found that
some sectors (e.g., communications, energy, finance, and consumer discretion)
suffered from the pandemic more than, for example, technology sector. However,
as stringency’s effect changes, the results are a bit mixed.

Intuitively thinking, also the dummy variables, covid and subprime,
should have a negative impact on stock market returns. Empirical evidence from
this research suggests that the intuitive idea is correct, and both of the dummy
variables are significant and have negative coefficient estimates on stock market
returns. Covid-dummy has a slightly bigger coefficient estimate, therefore indi-
cating that the negative impacts of Covid were bigger than those of Subprime.
However, it can be concluded that returns tend to decrease during crises periods.
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The relationship between Covid-19 outbreak and its negative effects on stock
market returns has been established also in earlier work by Liu et al (2020).

One interesting result in the models is the insignificance of changes that
happen in confirmed Covid-related cases and vaccination levels. The empirical
estimations suggest that when the level of fully vaccinated people increase, also
the stock market returns increase. However, this relationship is not statistically
significant. Earlier research has not focused on vaccination levels and, thereby,
there is little to no empirical settings to which these results could be compared
to. On the contrary, the connection between confirmed cases and stock market
returns has been established by many research papers (Shear et al., 2021; Al-
Awadhi et al., 2020; Liu et al., 2020). This previous literature suggests that there
is a significant and negative connection between confirmed cases and stock mar-
ket returns, implying that new cases decrease stock market returns. On the con-
trary to previous literature, this paper failed in finding empirical evidence on this
relationship as it suggests that, even if the coefficient seems to be negative, con-
firmed cases do not have statistically significance over stock returns. The results
differ from previous papers because of different modelling and data, as this pa-
per included more covid-data than many earlier research papers. It could also be
that the significance of covid-cases or vaccinations varies over time. The situation
we are in now is very different compared to the start of the pandemic and, hence,
it is possible that covid-information has been significant at the early stages of the
pandemic, but it might have lost its significance over time. This observation im-
plies that a nonlinear model could be appropriate when investigating these mat-
ters.

Then to one of the main questions - how does sentiment and VIX affect
stock market returns? Based on the VAR estimations, sentiment (AAIIl index)
does not have statistical significance and, thereby, it cannot be used in explaining
stock market returns. On the contrary, the variance decompositions suggest that
the effects of a shock in sentiment transfer about 11-13% to stock market indices.
In other words, it seems that the sentiment of individual investors is not a signif-
icant factor in explaining returns. However, if there is a positive (negative) shock
in sentiment, it might increase (decrease) stock market returns.

In contrast, effects from a shock in DVIX transfers about 50-55% to stock
market indices. The variance decompositions imply that the majority of a shock’s
effects in VIX transfers to stock market indices, suggesting that the role of insti-
tutional investors is significant in explaining stock market returns. Also, the VAR
models show that the second lag of DVIX is highly significant and negative in all
of the cases, implying that the history of this indicator is meaningful. In other
words, an increase (decrease) in implied volatility decreases (increases) stock re-
turns over time. The results of the relationship between DVIX and stock market
returns are in line with previous literature (Marfatia, 2019; Smales, 2017) giving
empirical evidence that investors risk perceptions, and fear, make statistically
significant impacts on the stock market returns.
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These results suggest that stock returns do not reflect the sentiment of indi-
vidual investors but the risk perceptions of institutional investors. This can, to
some extent, be also explained by the size of institutional investors compared to
individual ones.

Lastly, the adjusted R? values are 0.1412 for S&P500, 0.1324 for S&P500
Growth, 0.1444 for S&P500 Value, and 0.09418 for Nasdaq. It seems that the de-
pendent variables are best at explaining S&P500 (Composite, Growth & Value)
indices whereas Nasdaq has significantly lower R? value. However, the chosen
variables are explaining only a minor part of all the stock market return indices.

Table 2. Results for VAR 1 Model.

Model 1

AllBullBear SP500 DVIX
AAIIBullBear.11 0.4097085*** -0.027529 0.0460614
SP500.11 0.1307091*** -0.207836*** 0.1054085 *
DVIX.I1 -0.1784285** -0.038760 -0.1812521 ***
AAIIBullBear.12 0.2979069*** 0.010175 0.0373653
SP500.12 0.0679607* -0.151794*** 0.0629743
DVIX.12 -0.0406652 -0.159535*** -0.0495585
Const -0.0007287 -0.001995 0.0003267
Covidnew 0.0157068 -0.047764 0.0152394
L1Covidnew -0.0313567 -0.096240 0.1100924
VaccinatedFully 1.5449214. -0.215143 -0.5138168
L1VaccinatedFully -1.5259828. 0.199578 0.5189757
Stringency 0.4126109 -0.819126. -0.3519322
L1Stringency -0.4676004 0.934394. 0.3044469
DFedAssets 0.0481019 0.102694** -0.0616939
L1DFedAssets -0.0482620 -0.103375** 0.0424212
DFedFunds 0.0080186 -0.095763** 0.0001117
L1DFedFunds -0.0081160 0.044238 -0.0048636
CovidDummy 0.0171386 -0.265405*** 0.2386064***
SubprimeDummy -0.0349522 -0.198244*** 0.0738818*
Deaths -0.0721128 0.435082* -0.1709074
L1Deaths 0.0818192 -0.388150* 0.1105022

Interpretation of table: Columns represent the endogenous variables and rows the exogenous and
dummy variables included in the model. There are coefficients of each variable, followed with a
significance mark. Significance levels: 0 “***, 0.001 “**", 0.01 "*', and 0.05".".
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Table 3. Results for VAR 2 Model.

Model 2
AllBullBear SP500Growth [SP500Value | DVIX

AAIIBullBear.11 0.4097318*** -0.024454 -0.026955 4.772e-02
SP500Growth.I1 0.0604421 -0.151886* -0.075206 1.679e-01*
SP500Value.l1 0.0736945 -0.044995 -0.137464. -5.680e-02
DVIX.I1 -0.1781545**  |-0.024364 -0.044996 -1.759%e-01***
AAIIBullBear.12 0.2976751*** 0.008064 0.007123 3.642e-02
SP500Growth.12 -0.0011812 -0.235334** -0.166725* 1.689e-01*
SP500Value.12 0.0679003 0.065873 0.015965 -9.586e-02
DVIX.12 -0.0442667 -0.175165***  |-0.156622*** | -3.781e-02
Const -0.0006645 -0.001507 -0.001915 -6.688e-05
Covidnew 0.0155520 -0.153446 0.060696 6.850e-03
L1Covidnew -0.0362647 -0.065456 -0.153557 1.461e-01
VaccinatedFully 1.5053764. -0.984094 0.506416 -2.780e-01
L1VaccinatedFully |-1.4856223. 0.987948 -0.530851 2.777e-01
Stringency 0.4207691 -0.545018 -0.981918* -3.573e-01
L1Stringency -0.4709274 0.723474 1.042725* 2.866e-01
DFedAssets 0.0467890 0.093877* 0.098895* -5.429e-02
L1DFedAssets -0.0487247. -0.099684* -0.105961** 4.212e-02
DFedFunds 0.0084618 -0.076685* -0.107539*** | -1.576e-03
L1DFedFunds -0.0078785 0.042747 0.045753 -7.179e-03
CovidDummy 0.0171066 -0.257987***  1-0.263622*** | 2.367e-01***
SubprimeDummy | -0.0339061 -0.170711***  |-0.208649*** | 6.733e-02*
Deaths -0.0605517 0.491741* 0.459468* -2.182e-01
L1Deaths 0.0703933 -0.458311* -0.394574* 1.567e-01

Interpretation of table: Columns represent the endogenous variables and rows the exogenous and
dummy variables included in the model. There are coefficients of each variable, followed with a
significance mark. Significance levels: 0 ***’, 0.001 “**, 0.01 "*', and 0.05 ..
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Model 3

AllBullBear Nasdaq DVIX
AAIIBullBear.11 0.4074909*** -0.023037 0.0417922
Nasdagq.l1 0.1666679*** -0.147138*** 0.0918678*
DVIX.I1 -0.1558168*** -0.005991 -0.1937760***
AAIIBullBear.12 0.2983673*** 0.009960 0.0404316
Nasdaq.12 0.0704544* -0.160524*** 0.0803372.
DVIX.12 -0.0376616 -0.149905*** -0.0405624
Const -0.0007313 -0.002839 0.0002563
Covidnew 0.0109918 -0.153202 0.0135932
L1Covidnew -0.0166058 -0.023545 0.1179621
VaccinatedFully 1.7744145* -1.344723 -0.3587404
L1VaccinatedFully -1.7530086* 1.324453 0.3657227
Stringency 0.4380080 -0.410128 -0.3622147
L1Stringency -0.5071096 0.575431 0.3045635
DFedAssets 0.0509106. 0.054487 -0.0609851
L1DFedAssets -0.0437965 -0.075252. 0.0464635
DFedFunds 0.0145445 -0.101512** 0.0025666
L1DFedFunds 0.0018916 0.048841 -0.0020730
CovidDummy 0.0139347 -0.192981*** 0.2348937***
SubprimeDummy -0.0342435 -0.159584*** 0.0705781*
Deaths -0.0876530 0.419896* -0.1774828
L1Deaths 0.0988872 -0.397167* 0.1194345

Interpretation of table: Columns represent the endogenous variables and rows the exogenous and
dummy variables included in the model. There are coefficients of each variable, followed with a
significance mark. Significance levels: 0 “***, 0.001 “**, 0.01 "*, and 0.05".".
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6 NONLINEAR EFFECTS OF COVID

6.1 Background

Based on the empirics of this and previous research papers, it seems that the im-
pacts of Covid-19 might be nonlinear. There are a few papers that analyse the
nonlinearities around Covid-19, but the literature still remains very limited.
Izzeldin et al. (2021) focused on the G7 economies’ (Canada, France, Germany,
Italy, Japan, UK, and US) stock market volatility, and they present evidence of
the appropriateness of a nonlinear estimation. Another paper by Basuony,
Bouaddi, Ali & EmadEldeen (2021) focuses on stock markets of countries that
have the largest number of confirmed Covid-19 cases (at the time being US, Italy,
Spain, UK, Germany, China, Brazil, Russia, and India). The findings of Basuony
et al. (2021) show that excessive increase in conditional volatility is not persistent
during the coronavirus as it exhibits a significant decrease after the shock has
been absorbed.

One significant note from previous papers and literature is the data sam-
ple as most of the sample periods end in 2020. On the contrary, this paper in-
cludes data about the more recent covid-information with having observations
of the early 2022 as well. The larger data set might offer more insights about the
time varying impacts of coronavirus.

6.2 Methodology

To investigate the nonlinear effects of Covid-19 a bit further, I consider a smooth
transition vector autoregressive (STVAR) model. This choice enables us to get a
better understanding of nonlinearities in multivariate context. Covid’s nonlinear
effects have not been studied thoroughly and, thereby, the aim is to get new in-
sights of the relationships between covid-variables, sentiment, volatility, and
stock market returns.

The main idea behind STVAR is to allow the possibility of two or more
different economic regimes and to model behavior of the time series as a nonlin-
ear in time changing combination of these regimes. Compared to some other non-
linear models, smooth transition (STR) models allow the change from one regime
to another to be a smooth process (Van Dijk, Terdsvirta, Franses, 2002). One ex-
ample of this could be the change between bullish and bearish markets: investors
react to news differently and at different times and, hence, the transition becomes
a smooth process.

STR models include a transition function (G(st: y, c)) that is bounded be-
tween 0 and 1. This function includes a transition variable (st), a threshold value
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(c), and y, which controls the smoothness of the transition process. (Van Dijk et
al., 2002).

For investigating nonlinearities during coronavirus, I will estimate the fol-
lowing model:

Yo = (P10 4+ PoaYeoq + o+ PupYeop + ar0Xe + 11 Xeoq + @D) + (D0 +
Dy Yo 1+ o+ DYy Fay0Xe + a1 X1 + (PDt)G(StJY, c) + & 2)

in which Yiis a vector of endogenous variables, X is a vector of exogenous
variables, Dt is a vector of dummy variables, G is the logistic function (diagonal
matrix of functions), @, j, a,,; are parameters matrices, and & is the error term
(assumed to be a white noise process).

The transition function (G (s;; Y, ¢)) enables the model to detect the two ex-
treme states 0 and 1, but also the states between them. The regime at time ¢ is
dependent on the transition variable, si, which can either be an endogenous or an
exogenous variable. The appropriate transition variable can be determined by
computing linearity tests and selecting the variable that gets the lowest p-value.
The threshold parameter (c) indicates where the transition takes place. Moreover,
if the parameter determining the smoothness of the process (y) has large values,
the transition between regimes happens more quickly, and when getting smaller
values, the transition happens slower. (Van Dijk et al., 2002).

The models are constructed similarly to VAR models: in the first model,
the endogenous variables are sentiment index or AAII Bull/Bear ratio (AAII),
logarithmic returns of Standard & Poor’s 500 index (SP500), and logarithmic re-
turns of VIX index (DVIX). The endogenous variables in the second model are
sentiment (AAII), logarithmic returns of Value index (SP500Value), logarithmic
returns of Growth index (SP500Growth), and logarithmic returns of VIX index
(DVIX). The endogenous variables in the third model are sentiment (AAII), log-
arithmic returns of Nasdaq index (Nasdaq), and logarithmic returns of VIX index
(DVIX).

In all models, the exogenous variables include new confirmed coronavirus
cases (Covidnew), new Covid-deaths (Deaths), amount of fully vaccinated peo-
ple (VaccinatedFully), stringency index (Stringency), changes in Federal Reserve
assets (DFedAssets), and changes in Federal funds rate (DFedFunds). The
dummy variables, Covid and Subprime, are included in D-.

To find out the appropriate transition variable (st) for each equation, [ used
joint linearity test (Taylor series approximation). The null hypothesis is Ho: ®1 =
®; and if not rejected, it would indicate that the series are linear (Luukkonen,
Saikkonen & Terédsvirta, 1988a, 1998b; Terdsvirta 1994). For testing this hypoth-
esis, I used time, cumulative percentage of confirmed cases and its three lags, and
cumulative percentage of deaths and its three lags. These indicators were chosen
as they reflect the initial shock and panic reactions that occur when the confirmed
cases or deaths increase. However, the initial panic reaction may decrease over
time. The possible fading (or nonlinear) effects of covid give ground for previous
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literature about terror management theory (Greenberg, Pyszczynski & Solomon,
1986).

6.3 Results

The results of joint linearity tests are presented in table 5. Based on them, all the
variables strongly reject the null hypothesis, thereby implying that the time series
are strongly nonlinear. Interestingly, time got the smallest p-values in all models.
Apart from that, the second smallest p-values were the first lag of cumulative
percentage of confirmed cases (L1Covid-%) for y1 and ys, and cumulative per-
centage of covid-deaths (Deaths-%) for y2. These two variables were used as tran-
sition variables in the STVAR models.

Table 5. Joint linearity test results (Third-order Taylor expansion)
Indicator Y1 y2 Y3
Covid-% 2.56e-33 3.36e-58 1.04e-22
L1Covid-% |2.02e-34 8.61e-60 9.04e-23
L2Covid-% |1.06e-32 1.57e-60 2.63e-21
L3Covid-% |1.06e-32 1.57e-60 2.63e-21
Deaths-% 1.23e-28 2.12e-62 2.92e-18
L1Deaths-% |1.72e-31 3.68e-59 3.49e-19
L2Deaths-% |1.33e-32 1.57e-55 2.63e-19
L3Deaths-% |2.55e-32 1.1e-50 1.6e-19
Time 9.48e-57 2.06e-72 1.68e-41

Y1, y2, and ys represent the grouped endogenous variables that include different stock market
indices. The rows with “-%” present cumulative percentages with 0, 1, 2, or 3 lags. The bolded
cells reflect two lowest p-values for each y:.

After making the STVAR estimations, it could be seen that the models do
not converge properly. Previous literature suggests that convergence might be a
problem with this model and, unfortunately, the empirics support this argument.
The results of nonlinearity analysis present evidence that there are nonlinearities
in the timeseries, even though this model was not the best fit. This raises a sug-
gestion for further research. It would be important to find an appropriate nonlin-
ear model that enables examining the role of cumulative confirmed Covid-cases
and Covid-deaths as it seems that these two factors are economically meaningful.

6.4 Markov Switching model

As the STVAR model was found to be non-suitable for the purpose of exploring
the nonlinear effects of Covid-19, Markov Switching model was considered. The
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aim remains the same: getting new insights of covid’s nonlinear effects on senti-
ment, volatility, and stock market returns. The time period is limited to corona-
virus pandemic: January 2020 to January 2022.

There are four models for stock market indices: one for each. In addition,
VIX and sentiment were tested against each stock market index and, thereby, the
discussions of their results are a combination of four models. To keep the models
tairly simple, a restricted number of variables were selected. Explanatory varia-
bles include the first lag of a stock return index, first lag of sentiment
(LIAAIIBullBear), first lag of logarithmic returns of VIX (L1DVIX), changes in
Federal funds rate (DFedFunds), first lag of changes in Federal funds rate
(L1DFedFunds), and cumulative percentage of confirmed covid-cases. The cho-
sen variables reflect the relationships between investor sentiment, VIX, and stock
market returns, and give implications on the role of covid-information. In addi-
tion, these chosen variables gave the models the highest R? values. The models
assume two regimes but none of the models were able to make a clear distinction
between positive and negative return regimes. For demonstration, the regimes
for each stock return index are presented in appendix 1.

The results for Standard & Poor’s 500 index (SP500) are presented in table
6. The estimations show that the first lag of SP500 (L1SP500), first lag of AAII
(LIAAIIBullBear), and changes in Federal funds rate (DFedFunds) are statisti-
cally significant in regime 1. In regime 2 the significant variables are the first lag
of SP500, first lag of DVIX (L1DVIX), changes in Federal funds rate, first lag of
changes in Federal funds rate (L1DFedFunds), and cumulative percentage of con-
firmed Covid-cases (COVIDPerCent). These findings suggest that the role of sen-
timent, DVIX, and coronavirus-information is dependent on the regime. For ex-
ample, effects of the first lag of SP500 changes its role, having positive effect in
regime 1 and a negative one in regime 2. The R? value increases from 0.623 to
0.919 when changing from regime 1 to regime 2. Hence, the model is better in
explaining regime 2 where most of the variables have explanatory power over
SP500.

Table 7. Markov Switching model for Standard & Poor’s 500 index.

Regime1 Regime 2
(Intercept)(S) -1.9098*  0.5623
L1SP500(S) 0.3410. -0.3487*
L1AAIIBullBear(S) |[1.9026**  -0.2276
L1DVIX(S) 0.0300 0.0431.
DFedFunds(S) 9.2422. 40.1063***
L1DFedFunds(S) -8.3727 88.1072***
COVIDPerCent(S) -0.0088 0.0958***

Significance levels: 0 “***', 0.001 “**’, 0.01 “*, and 0.05 *.".

For Standard & Poor’s 500 Growth index (SP500Growth), there are more
significant variables compared to SP500. The results for SP500Growth are pre-
sented in table 8. Now the significant factors in regime 1 are the first lag of AAII
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(L1IAAII), changes in Federal funds rate, and cumulative percentage of confirmed
covid-cases (COVIDPerCent). In regime 2, however, all the variables are statisti-
cally significant. The effect changes for L1IAAII (going from positive in regime 2
to negative in regime 2) and cumulative percentage of confirmed Covid-cases
(negative in regime 1, positive in regime 2). The R? experiences similar but even
more drastic change than SP500 as it increases from 0.4696 in regime 1 to 0.9727
in regime 2. The results indicate that confirmed coronavirus cases have been sta-
tistically significant for SP500Growth for the whole pandemic period even
though the effect changes.

Table 8. Markov Switching model for Standard & Poor’s 500 Growth index.
Regime1 Regime 2
(Intercept)(S) -0.9302.  3.2174***

L1SP500Growth(S) | 0.0824 -0.2703***
L1AAIIBullBear(S) | 1.3730*** -2.6436***
L1DVIX(S) 0.0165  0.0820%*

DFedFunds(S) 11.1464* 36.4581***
L1DFedFunds(S) |-8.5545 87.1287***

COVIDPerCent(S) |-0.0127**  0.0938***
Significance levels: 0 “***', 0.001 “**’, 0.01 "*, and 0.05 */

Continuing with the results with Standard & Poor’s 500 Value index
(SP500V) for which the results are presented in table 9, it can be seen that the
variables’ roles are time-varying. By taking a look at any of the variables, it can
be noted that either the effect or significance of each variable changes when
switching between regimes. Similarly to the results of SP500Growth, the role of
coronavirus-information has been significant also for SP500Value for the entire
pandemic period.

Table 9. Markov Switching model for Standard & Poor’s 500 Value index.
Regime 1 Regime 2

(Intercept)(S) -2.3196* -0.1666
L1SP500V(S) -0.4095. 0.5168***
L1AAIIBullBear(S) |2.2415** 0.1973
L1DVIX(S) 0.0119 0.0400**
DFedFunds(S) 86.3294***  -3.6426

L1DFedFunds(S) |-11.4082 15.2267***

COVIDPerCent(S) |0.0765*** -0.0070**
Significance levels: 0 “***, 0.001 ***’, 0.01 “*, and 0.05 *.".

For Nasdag, the results are presented in table 10. Now the significant factors
in regime 1 include the first lag of AAII (L1AAII), changes in Federal funds rate
(DFedFunds), and cumulative percentage of confirmed covid-cases (COVIDPer-
Cent). In regime 2, there are some changes. L1AAII loses its significance, whereas
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the first lag of DVIX gains statistical significance, indicating that if VIX increases,
it increases Nasdaq in regime 2. The effect of DFedFunds gets stronger as the
estimate in regime 2 is about three times the size in regime 1. In addition, the
effect of COVIDPerCent changes when changing to regime 2 as it goes from neg-
ative to positive, and its significance gets stronger. This implies that even when
covid-information is significant in terms of Nasdaq in both regimes, the effect is
time varying.

Table 10. Markov Switching model for Nasdaq index.
Regimel  Regime 2

(Intercept)(S) -3.0929* 2.312.
L1Nasdaq(S) 0.1931 -0.2048
L1AAIIBullBear(S) |[2.9075** -1.3556
L1DVIX(S) 0.0208 0.0728*
DFedFunds(S) 10.6462**  32.3405***

L1DFedFunds(S)  |-8.3519 66.9463%*

COVIDPerCent(S) -0.0087. 0.0750%**
Significance levels: 0 “***, 0.001 **”, 0.01 ¥, and 0.05 *.".

All in all, the results for the four stock market indices highlight regime-de-
pendence. When conventional monetary policy or DVIX are statistically signifi-
cant, they have a positive effect on the indices, thereby implying that the increase
of Federal funds rate or implied volatility also increases stock market returns. In
addition, increase in positive investor sentiment mainly causes increases on stock
market returns (except for SP500Growth for which the effect changes between
regimes). What comes to coronavirus information, it seems to have both, negative
and positive associations with the return indices. It has statistical significance
over the indices even though its effect changes between regimes. This finding is
somewhat in accordance with previous literature (Liu et al., 2020; Al-Awadhi et
al., 2020; Shear et al., 2021), suggesting that there is a statistically significant rela-
tionship between stock returns and confirmed coronavirus cases. Earlier litera-
ture suggests only for a negative relationship and, thereby, there are some con-
tradictions.

Let’s then change the focus on DVIX, which was investigated with four dif-
terent models. The results can be found in appendix 2. The model including
SP500 had the lowest (0.2777 in regime 1) but also the highest (0.8947 in regime
2) R? values. Other models had R? values between 0.536 and 0.629, respectively.
What could be summed up by the models is that SP500Growth and Nasdaq were
the only stock market indices that had statistical significance over DVIX. Their
coefficient estimates were positive, implying that increased stock market returns
also increase DVIX. Another key point from the models was the role of sentiment
which had negative effect on DVIX, implying that positive sentiment decreases
implied volatility. Sentiment does not, however, seem to be statistically signifi-
cant throughout the regimes. On the contrary to previous VAR modelling, the
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Markov switching model suggests statistical significance for confirmed corona-
virus cases, having a positive coefficient estimate. This finding is in accordance
with previous literature (Grima et al., 2021), suggesting that as the number of
confirmed covid-cases increase, it increases volatility in the markets. It seems that,
even though the size of the coefficient estimates changes between regimes and
models, the amount of confirmed coronavirus cases has a significant role in ex-
plaining implied volatility.

Investor sentiment was also studied with four models that included differ-
ent stock market indices. The results tables can be found in appendix 2. For sen-
timent, the results are fairly similar to previous VAR models. Throughout the
models, sentiment is mostly affected by its first lag, the first lag of DVIX, and the
intercept term. According to the Markov switching model, stock market returns
do not have explanatory power over investor sentiment. The models were better
in explaining sentiment than DVIX as the models for sentiment got R? values be-
tween 0.8244 and 0.836. The results support the previous argument of two types
of investors and the differences in their decision-making.

To conclude, it seems that Covid-19 has changed the behavior of VIX index
and stock market returns whereas sentiment was impacted only mildly. The pan-
demic period suggests nonlinearities in the series for most of the variables.
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7 CONCLUSIONS

Covid-19 crisis made large impacts to stock market returns, investor sentiment,
and risk perceptions. Covid-related research papers have been growing at a fast
pace, offering great insights of the crisis. My aim was to take a closer look at the
stock market returns and the different behavioral characteristics that might have
affected the returns during the pandemic.

Empirical results of this paper show that outbreak of a crisis is highly sig-
nificant and affects negatively stock market returns. Crises also affect institu-
tional investors (measured by implied volatility, making spikes to VIX index).
Hence, this paper gives empirical support to previous theories about the relation-
ship between returns and implied volatility during coronavirus.

One interesting finding, in line with previous literature, is that individual
and institutional investors behave differently during crises. For instance, the
dummy variables (Covid and Subprime) in VAR modelling do not make signifi-
cant impacts on the AAII index, implying that crises periods do not affect the
sentiment of individual investors. On the contrary, the dummy variables were
significant in explaining implied volatility. The insignificance of the dummy var-
iables, together with other empirical results in regards of AAII, suggest that sen-
timent is best at representing the current state. Moreover, the empirics support
theories of biases in decision-making.

In addition, the results imply that unconventional monetary policy is a
significant factor in explaining stock market returns. Thereby, FED can affect
stock market returns directly, at least to at some extent. In regards of conven-
tional monetary policy, the nonlinear models suggests that Federal funds rate has
a statistically significant and a positive effect on stock market returns and the VIX
index.

In accordance with previous literature, my research found that changes in
covid-related deaths are significant in explaining stock market returns. However,
the linear models failed in establishing relationships between 1) new confirmed
coronavirus cases and the stock market returns, and 2) covid-information and
VIX. The results may differ because of different modelling and a longer time pe-
riod. The nonlinear tests suggest that confirmed coronavirus cases are significant
in explaining both, stock market returns and volatility. It strongly seems that the
role of covid-information is time varying.

Finally, there are some implications for further research. The surface level
empirics on Covid’s nonlinear effects suggests that the series contain strong non-
linearities. Thereby, the role of covid-information is most probably time-varying
and should be covered in further research. Especially examining the role of con-
firmed covid-cases and deaths would seem appropriate.
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APPENDIX 1 - MARKOV SWITCHING MODEL RE-
GIMES

Markov switching models were not able to make a clear distinction between pos-
itive and negative mean return regimes. The behavior of stock market indices and
activity of the regimes are presented below (la-1d).

la. Behavior of Standard & Poor’s 500 index during 2020-2022, regimes.
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1b. Behavior of Standard & Poor’s 500 Growth index during 2020-2022, regimes.

Regime 1

SP500Growth
I
o

=10

Regime 2

SP500Growth
I
0

-10




47

1c. Behavior of Standard & Poor’s 500 Value index during 2020-2022, regimes.
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1d
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APPENDIX 2 - MARKOV SWITCHING MODEL RE-
SULTS

The tables include results for logarithmic return of VIX (DVIX) and investor sen-
timent (AAII Bull/Bear ratio). Estimations are based on Markov switching model,
assuming two regimes. Significance levels: 0 “***’, 0.001 “**’, 0.01 “*, and 0.05 *.".

2a. Regression results for DVIX, using Standard & Poor’s 500 index as the stock
market indicator.

Regime1 Regime 2

(Intercept)(S) -1.7776 30.6539***
L1DVIX(S) -0.3426 -0.3672***
L1AAIIBullBear(S) |-3.7776 -14.7530%**
L1SP500(S) 0.9104 -1.0702
DFedFunds(S) -89.8668*  36.6025*

L1DFedFunds(S)  |-5.0027  107.7517%**
COVIDPerCent(S) |-0.0673  0.1345***

2b. Regression results for DVIX, using Standard & Poor’s 500 Growth index as
the stock market indicator.

Regime1l Regime 2
(Intercept)(S) -17.3018**  12.5787***
L1DVIX(S) 0.5594** -0.3364**
L1AAIIBullBear(S) |0.7479 -5.2301*
L1SP500Growth(S) |3.1068* -1.0963
DFedFunds(S) -127.0960  -4.4613
L1DFedFunds(S) 132.2306** 188.1152***
COVIDPerCent(S) 0.0590 0.16444%**

2c. Regression results for DVIX, using Standard & Poor’s 500 Value index as the
stock market indicator.
Regime1l  Regime 2

(Intercept)(S) -9.8003* 19.6214*
L1DVIX(S) -0.7559***  -0.0706
L1AAIIBullBear(S) |14.7050 -14.5946*
L1SP500Value(S) -0.0559 -0.0682
DFedFunds(S) -70.9871 30.6988

L1DFedFunds(S)  |-46.9524.  185.7495%
COVIDPerCent(S) | -0.910* 0.1547***
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2d. Regression results for DVIX, using Nasdaq index as the stock market indica-
tor.

Regime 1 Regime 2
(Intercept)(S) -18.2589*** 12.1991***
L1DVIX(S) 0.5689** -0.2966**
L1AAIIBullBear(S) 0.4420 -5.2164*
L1Nasdaq(S) 3.3882** -0.8110
DFedFunds(S) -122.7015*** 34.4463
L1DFedFunds(S) 131.5771** 197.3519***
COVIDPerCent(S) 0.0606. 0.1701**

2e. Regression results for AAII, using Standard & Poor’s 500 index as the stock
market indicator.

Regime1 Regime?2

(Intercept)(S) 0.1464 0.1804*
L1AAIIBullBear(S) |1.1095***  0.6949***
L1DVIX(S) 0.0020 0.0077**
L1SP500(S) -0.0349 0.0205
DFedFunds(S) 1.2314 -0.4807

L1DFedFunds(S) [0.1816  0.4154
COVIDPerCent(S) [0.0008  0.0001

2f. Regression results for AAII, using Standard & Poor’s 500 Growth index as the
stock market indicator.

Regime1l Regime 2
(Intercept)(S) 0.1864* 0.1120
L1AAIIBullBear(S) 0.6947**  1.1238***
L1DVIX(S) 0.0073* 0.0042
L1SP500Growth(S) 0.0171 -0.0062
DFedFunds(S) -0.3693 0.6429
L1DFedFunds(S) 0.2809 0.9468
COVIDPerCent(S) 0.0001 0.0010

2g. Regression results for AAII, using Standard & Poor’s 500 Value index as the
stock market indicator.

Regimel  Regime 2
(Intercept)(S) 0.1690 0.1769*
L1AAIIBullBear(S) 1.0927%*  0.6968***
L1IDVIX(S) 0.0021 0.0068**
L1SP500(S) -0.0410 0.0145
DFedFunds(S) 1.4163. -0.4015
L1DFedFunds(S) -0.2448 0.3309
COVIDPerCent(S) 0.0006 0.0002
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2h. Regression results for AAII, using Nasdaq index as the stock market indicator.
Regime1 Regime 2

(Intercept)(S) 0.1105 0.1915*
L1AAIIBullBear(S) |1.1263***  0.6953***
L1DVIX(S) 0.0043 0.0062*
L1Nasdaq(S) -0.0046 0.0088
DFedFunds(S) 0.6103 -0.1690

L1DFedFunds(S) 0.9946 0.0419
COVIDPerCent(S) |0.0010 0.0000
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