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ABSTRACT

Volatility in financial markets increased when the World Health Organization declared Covid-19 a
global pandemic in March 2020. When financial markets become more volatile, investors tend to exhibit
herding behavior, particularly when it comes to decision-making under uncertainty and market stress.
This means that investors are not using their own judgement but instead are following the crowd. There
are several strong indications that herding behavior was exhibited among investors during the COVID-
19 period. Therefore, the aim of this study is to examine how the Covid-19 pandemic has influenced
investor herding behavior in the globally diversified VWRL All-World Exchange-Traded Fund in the
time period between the 1st of January, 2018, and the 31st of December, 2022. More specifically, the
two static herding models Cross Sectional Standard Deviation (CSSD) and Cross-Sectional Absolute
Deviation (CSAD) were used respectively to identify herding behavior. Contrary to expectations, the
results suggested that investors' decisions were based on rational considerations, indicating that they
made independent judgments rather than simply following the crowd. Using a static approach, such as
CSSD and CSAD, can lead to uncertain results due to the fundamentally dynamic nature of herding
behavior. Therefore, a dynamic regression analysis is applied which is capable of capturing a dynamic
effect, making the output more visual and informative. By using this dynamic analysis, we can gain a
deeper understanding of the dynamics of the underlying process. Based on the results of the dynamic
analysis, there are five signs of herding behavior throughout the full sample period that can be linked
to global macroeconomic events. However, the outcomes were not statistically significant, which is what
we expected beforehand. This study contributes to the literature by studying a globally diversified
exchange-traded fund and using both static and dynamic regression analysis methods, which allows us
to examine whether herding varies over time in a more visual, dynamic, and informative way.
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1. INTRODUCTION

An increasing number of investors are
allocating their capital to Exchange-Traded
Funds (ETFs) to diversify their portfolios and
lower volatility. In 2020, a record-breaking®
$507.4 billion flowed into U.S.-listed ETFs,
which was 55% higher than the previous year's
$326.3 billion.

In addition, since March 2020, US stock trading
volumes have increased by approximately 60%,
partly due to the increased interest from
individual investors. Trading volumes of
individual investors doubled when the Covid-19
pandemic first hit, and have remained elevated
since then. Individual investors became larger
net buyers during the pandemic, with average
purchases in 2021 increasing to over $2 billion
each week (Jankiewicz, 2022).

An ETF can be characterized as an investment
fund that tracks the performance of a particular
index, basket of assets, or commodity. ETFs are
traded on a stock exchange and can be bought
or sold throughout the day like traditional
stocks. ETFs provide investors with an easier
and more cost-efficient way to gain exposure to
a variety of asset classes, such as stocks, bonds,
commodities, and currencies, without the need
to purchase individual securities (Gleason et al.,
2004, pp. 682-683).

The principle of Mean-Variance Spanning,
introduced by Huberman and Kandel (1987),
describes two potential benefits of portfolio
diversification:

1) A higher return with the same volatility: in
this scenario, investors who incorporate an
additional asset into their portfolio may observe
an expected return increase without an
accompanying risk increase. This implies that
for the same level of risk, the portfolio's return
potential improves, offering a more favorable
investment opportunity (Huberman & Kandel,
1987).

1 https://www.nasdaq.com/articles/inside-the-growing-
popularity-of-etfs-2021-06-22

2) Lower volatility with the same return:
conversely, the addition of a new asset to the
portfolio may result in lower risk for the same
level of expected return. This is advantageous
as it represents a decrease in the portfolio's
volatility while maintaining expected returns.
This enhances the portfolio's stability, offering
a more secure investment while not
compromising on potential returns (Huberman
& Kandel, 1987).

Overall, diversification helps to protect
investors from losses that may be incurred by a
single security, as the gains of some securities
may offset the losses of others (Miralles-Quiros
et al., 2019c, p. 245). ETF investors who
employ a buy-and-hold strategy are taking
advantage of the low fees and ease of access to
the markets to build their long-term portfolios.
However, during the Covid-19 pandemic, there
were concerns that ETFs may have disrupted the
markets. Currently, about 30% of U.S. equity
trading volume is due to ETFs themselves
(Glosten et al., 2021, pp. 22-24).

The literature on the impact of ETFs on the
market is still developing, but early evidence
suggests that ETFs could potentially lead to
continued distortion of the fundamental value of
assets. There are concerns that ETF activity
could result in non-fundamental shocks to the
market, leading to a breakdown of the link
between the intrinsic value of companies and
stock returns. In this case, subjective factors can
drive the price of an asset far beyond its intrinsic
value, which can result in a bubble or market
crash when the prices eventually correct
themselves (Glosten et al., 2021, pp. 22-24;
Bhattacharya & O’Hara, 2017, pp. 2-4).

1.1 Herding Behavior and Financial Market
Fluctuations

In the academic literature, the occurrence of
herding behavior in relation to price changes of



financial assets has become a common theme.
Despite this, economists have begun to consider
this concept in the literature a few decades ago.
Several theoretical studies have proposed that
herd behavior could account for the high levels
of volatility observed in financial markets
(Orléan, 1995, p. 268; Shiller, 1989, p. 49;
Topol, 1991, p. 788).

In its most general form, herding can be
characterized as behavioral patterns that are
shared across individuals. When many investors
purchase the same 'hot' stocks, it may simply be
because they have received correlated
information. The phenomenon of herding that is
of interest here, may lead to systematic sub-
optimal decision-making across a population.
This type of herding has close ties to
phenomena such as imperfect expectations,
changes in opinion without much new
information, bubbles, and fads (Devenow &
Welch, 1996, p. 604).

The phenomenon of herding behavior has been
observed in both developed and emerging
markets, indicating that herding behavior is a
pervasive feature of stock market dynamics
(Chang et al., 1999, p. 1651; Bogdan et al.,
2022). Several studies have also found that
herding behavior can increase market volatility
and reduce the accuracy of stock market
forecasts (Blasco et al., 2012, p. 312; Bekiros et
al., 2017, p. 109). As such, understanding and
managing herding behavior remains an
important area of research for academics and
practitioners alike.

In recent years, herding behavior in financial
markets has been extensively researched.
However, relatively little research has examined
the role of the Covid-19 pandemic as a driver of
herding behavior among market participants in
ETF markets. To the best of my knowledge, no
existing studies examine the impact of Covid-
19 on herd behavior in globally diversified
ETFs like the FTSE All-World UCITS ETF
(VWRL).

It's crucial to understand if investors can
diversify themselves against such herding

behavior.  Proper diversification is a
fundamental principle in investing to mitigate
risks. If herding behavior is pervasive, even in
diversified portfolios, it may limit the
traditional benefits of  diversification,
potentially exposing investors to unanticipated
risks. This knowledge is important for investors
aiming to create portfolios resilient to market
anomalies.

Furthermore, if herding tendencies are
identified in a comprehensive diversified ETF,
it might indicate market inefficiencies.
Informed investors could leverage these
inefficiencies as opportunities to generate
returns above the market average. Thus,
understanding herding not only provides risk
insights but also potential avenues for superior
performance.

1.2 Global Pandemic: Covid-19, Economic
Impacts, and IPO Market Surge

On March 11, 2020, The World Health
Organization (WHQO) declared the COVID-19
outbreak a global pandemic. From this moment,
the number of confirmed cases continues to rise,
with over 170 countries affected (Zhang et al.,
2020, p. 1).

Research has shown that the Covid-19
pandemic had several implications. Firstly, the
pandemic has led to limitations on economic
activities due to strict quarantine policies, and
industries such as tourism and aviation are
facing serious setbacks. The global financial
markets have responded with dramatic
movements, with stock markets in the US,
Europe, and Asia plunging in March 2020.
Central banks and authorities have responded
with policy instruments such as lowering
interest rates to zero percent and quantitative
easing programs, but uncertainty remains as the
pandemic continues (Zhang et al., 2020, p. 1).

Secondly, despite the unknown economic
impact of the pandemic, the initial public
offerings (IPOs) market saw an exponential
increase, with more than $150 billion raised by
new firms in 2020, making it one of the best
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years for IPOs since the dot-com bubble in the
late 1990s (Baig & Chen, 2022, p. 1). Investors
were very eager to invest in new firms, even in
the midst of a pandemic suggesting that
investors were (overly) optimistic and
potentially ignored risks and uncertainties. This
behavior could have led to irrational investment
decisions or herding behavior.

Thirdly, research from Baig & Chen (2022, p.
2) shows that IPOs were generally more under-
priced and more volatile compared to those that
occurred before the pandemic. After taking into
account factors such as firm characteristics and
industry effects, it was found that pandemic-
related factors such as lockdowns and stay-at-
home requirements significantly contributed to
IPO under-pricing and volatility.

Overall, the picture is mixed. On the one hand,
we see a rise in the number of IPOs. On the other
hand, studies document a high degree of
uncertainty and significant global economic
impact.

Nevertheless, over the same period, there was
an increase in individual investors who used
online brokers to open investment accounts and
started trading in the markets (Lush et al., 2021,

pp. 1-2).

In the article from Lush et al. (2021, p. 11), itis
noted that new investors may have limited
knowledge of investing and may not fully
understand the risks and costs associated with
their trading behavior. As a result, they may be
more likely to execute more transactions, which
can lead to increased trading costs and reduced
investment returns.

Additionally, the authors of this research
suggest that these new investors may be more
susceptible to behavioral biases, such as
overconfidence or herding behavior, which can
influence their investment decisions (Lush et
al., 2021, p. 11).

For example, we saw strong levels of herding
behavior in the rise of meme stocks. When
people were stuck at home due to quarantine
measures, they turned to stock trading as a form

of entertainment and potential income. This
trend was fueled by the accessibility of trading
platforms and the rise of social media
communities sharing investment tips and advice
(Costola et al., 2021, pp. 1-2).

The rise of meme stocks, such as GameStop and
AMC, was largely driven by individual
investors on forums like Reddit, who
coordinated to drive up the stock prices. This
phenomenon led to discussions about market
manipulation, the role of social media, and the
democratization of investing. While some new
individual investors experienced significant
gains, others suffered losses and learned tough
lessons about the risks of trading. The impact of
the meme stock trend and the influx of new
individual investors on the stock market is yet
to be fully understood (Costola et al., 2021, pp.
1-2).

1.3 Herding behavior in the VWRL All-
World ETF During Covid-19

Based on the foregoing, we suspect that during
the Covid-19 pandemic, there was a notable
instance of herding behavior in the financial
markets.

When the World Health Organization declared
Covid-19 a global pandemic in March 2020,
there was a significant negative reaction across
the globe’s financial markets.

The market downturn was likely a result of fear
and uncertainty, with investors collectively
deciding to sell their shares. This mass action
can possibly be seen as an example of herd
behavior.

However, as the pandemic continued, this initial
reaction decreased, and the markets started to
recover relatively quickly. This change suggests
a shift in herding behavior over time, with the
group’s mood moving away from fear and panic
towards a more optimistic outlook.

The strict quarantine measures implemented in
response to the pandemic caused severe
disruptions to economic activities. Industries
like tourism and aviation were particularly
affected. Despite this, central banks and



financial authorities worldwide responded with
policy measures such as reducing interest rates
to zero percent and implementing quantitative
easing programs to help mitigate the economic
impact.

Still, the uncertainty remained as the Covid-19
crisis continued to unfold, with confirmed cases
rising and affecting over 170 countries. Despite
these challenges, the financial markets showed
resilience over time, indicating a decrease in the
initial herding behavior.

The Covid-19 pandemic is expected to illustrate
the potential variability of herding behavior
over time. The initial intensely negative
reaction, followed by a more moderate response
and the eventual extremely optimistic market
recovery, is likely to be indicative of the
changing group dynamics during this period.

Therefore, the primary objective of this research
is to examine the existence of herding behavior
in de periods before- and during Covid-19 in a
well-diversified VWRL All-World ETF.

In this study, we will analyze the VWRL All-
World ETF, which is made up of approximately
3,700 individual listed companies from all over
the world. This ETF was chosen because it is
one of the largest index funds globally that
consists entirely of stocks. By investing in an
All-World ETF, investors can gain exposure to
a wide range of industries, sectors, and regions
from all over the world. The main goal of an
All-World ETF is to provide investors with a
convenient and efficient way to participate in
the growth of global markets. Moreover,
considering the widespread impact of Covid-19,
it is interesting to examine a globally diversified
fund in this context.

The outcome of this research adds to the
existing literature by testing for investor herding
in an All-World ETF market in the periods
before and during the Covid-19 pandemic
(Bogdan et al., 2022; Sibande et al., 2021;
Papadamou et al. 2021; Batmunkh et al. 2020;
Luu and Luong 2020; Arjoon and Bhatnagar
2017; Chen 2013).

In most existing studies, the literature is rarely
focused on whether herding changes over time
in their models. Some of the older methods used
in important studies did not consider the
dynamic nature of the patterns they observed,
and this has been criticized. However, in this
study, we are trying to make a unique academic
contribution. By using a different approach
using both static and dynamic analysis
approaches, which allows us to examine
whether herding varies over time in a more
visual, dynamic, and informative way. This
dynamic approach considers changing patterns
and gives a better understanding of herding
behavior.

In addition, the practical relevance of the
findings of this study is important for investors
who invest in ETF markets. It is useful both for
individual and institutional investors when
forming investment portfolios in terms of
efficient risk diversification since herd behavior
can significantly distort the equilibrium value of
prices in the market, and increases volatility.

Understanding herding behavior can provide
valuable insights and implications for
individual investors in several ways.

Firstly, studying herding behavior helps
individual investors become aware of the
potential influence of collective behavior on
investment decisions. By recognizing the
tendency of investors to follow the crowd,
individual investors can better understand the
market dynamics and avoid making impulsive
or irrational investment choices driven solely by
herding behavior. This awareness can help them
make more informed and independent
investment decisions, considering their own
financial goals and risk tolerance.

Secondly, examining herding behavior can shed
light on the potential risks associated with
following the herd. Understanding this
phenomenon can help investors identify
potential market bubbles and exercise caution,
preventing them from being caught up in
speculative investment trends that may lead to
substantial losses.



Furthermore, this study of herding behavior can
highlight the relevance of diversification for
individual investors. When investors exhibit
herding behavior, it often leads to increased
correlation among investment assets, reducing
the benefits of diversification. By recognizing
the impact of herding behavior on market
dynamics, individual investors can place greater
emphasis on constructing well-diversified
portfolios that spread risk across different asset
classes and geographic regions. This approach
can potentially help them mitigate the negative
effects of herding behavior and enhance their
long-term investment outcomes.

However, the question is whether herding
behavior is a general market risk (systematic
risk) or a specific risk for individual assets
(unsystematic risk). General market risk affects
the whole market and can't be reduced by
increasing portfolio diversification. Specific
risk, however, can be reduced by diversifying or
spreading out the number of investments in a
portfolio (Xiaohong, 2019).

The findings of this study are also relevant for
policymakers and regulators who are in charge
of stimulating the development of regulations
and efficiency of ETF markets, in particular the
VWRL All-World ETF which serves as a well-
diversified investment product that can help
mitigate risk for investors.

Regulators have been working to enhance
investor protection and market transparency for
ETFs through several regulatory initiatives.
Going forward, they should continue to focus on
improving disclosure requirements for ETFs,
especially related to portfolio transparency and
specific risks related to individual investors.
Additionally, regulators could consider
implementing measures or disclosures to
address potential risks related to herd behavior
and volatility in ETF markets (Thomadakis,
2018, pp. 3-4).

To summarise the foregoing , the main objective
is to provide insight into whether herding
behavior can be detected in the periods before
and during Covid-19 in a well-diversified

VWRL All-World ETF. This leads to the
following research question:

“Is there a difference in herding behavior in the
periods before and during Covid-19 in the
VWRL All-World Exchange-Traded Fund?”

To answer this research question, we will build
upon the study of Bogdan et al. (2022), using
static and dynamic regression analysis to
determine herding behavior during the Covid-
19 period in an All-World ETF. It is important
to note that in the context of static regression
analysis, it does not capture the dynamics or
changes in herding behavior over time. The
outcome of the static regression merely
indicates the presence or absence of herding
behavior during a specific period.

Additionally, by using a dynamic analysis, it is
possible to identify potential turning points in
herding behavior. This approach allows for the
detection of shifts in the degree of herding over
time, providing valuable insights into the
dynamics of investor behavior. By examining
the results of the dynamic regression analysis,
we can gain a deeper understanding of how
herding behavior may have evolved before and
during the Covid -19 period.

This study is structured into several key
sections. We will start with the 'Literature
Review', where we will explore relevant studies
and theories about the efficient and inefficient
market hypotheses, Covid-19, social mood and
investor behavior. This will be followed by the
‘Methodology' section, where the details about
the static and dynamic analysis will be further
explained. Subsequently, the 'Data’ section will
provide a comprehensive look at the
information we intend to gather. This will lead
to the 'Empirical Results’, where we will present
and analyze these findings. This study will end
with the 'Discussion and Conclusion' section,
where we will offer interpretations of the results
and the broader implications of our study."



2. LITERATURE REVIEW

In this chapter, all the relevant literature,
academic articles, and evidence related to
financial market theories, Covid-19, and
investor behavior will be reviewed. The chapter
starts with a brief description of efficient and
inefficient market theories. The chapter
continues with the characteristics of social
mood and their direct and indirect effects on
financial markets. Subsequently, the existing
literature about the impact of Covid-19 on
financial markets and herding in stock markets
will be discussed, and how the market theories
and social mood are related to this. Finally, the
hypotheses that will be tested in this study will
be presented.

2.1 Efficient Market Theory

According to Fama (1970, pp. 383-384), capital
markets are generally efficient, meaning that
stock prices reflect all available information,
and investors act rationally. This means that the
market is up-to-date, and share prices reflect
their fair value.

The efficient market theory is later classified
into three distinct categories: weak efficiency,
semi-strong efficiency, and strong efficiency
(Brealey, Myers, & Allen 2020, pp. 342-348).
In weak efficient markets, share prices are based
only on past prices, whereas in semi-strong
efficient markets, share prices reflect all
publicly available information, including
information from the media and press. Finally,
in strong efficient markets, share prices reflect
all information, both public and private,
meaning that no investors can benefit from
having access to private information or engage
in arbitrage trading (Jula & Jula, 2017, pp. 878-
879).

In research from Vasileiou et al. (2021, p. 214),
the authors divided the Covid-19 timeline into
five distinct periods and examined whether the
stock market behaved efficiently during this
time. They found that during the first two
periods (01.01.2020 — 21.02.2020), share prices
had a normal return, indicating that the market

did not immediately reflect all available
information, possibly  because investors
underestimated the health risks of the virus.

However, during the third and fourth periods
(22.02.2020 — 18.03.2020), the market
experienced a rapid decline and began to reflect
available information, although with a delay.
During the fifth period (19.03.2020-
31.07.2020), the stock market began to grow
again, despite the ongoing health risks of the
virus, suggesting that investors may have only
considered the latest positive information
available. Based on these findings, Vasileiou et
al. (2021, p. 214) reject the efficient market
hypothesis during Covid-19, as share prices did
not immediately reflect all available
information.

2.2 Inefficient Market Theory

Contrary to the assumption of rational decision-
making in economic theory, speculative bubbles
and manias are often driven by crowd behavior
characterized by irrational exuberance. This
term is used to describe a state of excessive
optimism and enthusiasm in financial markets
that is not justified by underlying fundamentals.
It refers to a situation where market participants
exhibit irrational behavior, driving up asset
prices to levels that are not supported by
economic realities. This behavior, as described
by LeBon (1922, p. 85), eventually leads to
panic and crashes, as explained by Kindleberger
& Aliber (2005).

In addition, the theory from Kahneman (2003)
contradicts Fama’s theory of Efficient Capital
Markets, in which is proposed that asset prices
reflect all available information to the market
(Fama, 1970).

Kahneman (2003, p. 1449) explores the concept
of bounded rationality and its implications for
market inefficiencies. Bounded rationality
refers to the limitations of human rationality,
particularly in terms of cognitive capacity and
information processing. For example, he
suggests  that investors may  exhibit
overconfidence in their abilities to predict



market trends and make investment decisions.
This overconfidence can lead to irrational
enthusiasm or pessimism, which can create
bubbles or crashes in the market.

Additionally, Kahneman (2003, pp. 1459-1460)
points out that investors often suffer from
framing effects, which refer to how information
is presented or framed. People tend to make
different decisions depending on how
information is presented to them, even when the
information is essentially the same.

Kahneman (2003, p. 1449) also discusses the
concept of loss aversion, which refers to the
tendency for people to weigh losses more
heavily than gains. This can lead investors to
hold onto losing investments for too long in the
hopes of recovering their losses, even when it is
clear that the investment is unlikely to recover.

Overall, his work suggests that market
inefficiencies can arise due to the limitations of
human rationality, particularly when it comes to
decision-making under uncertainty. By taking
into account these factors, behavioral
economists can better understand and predict
market behavior.

2.3 Social Mood

The concept of social mood suggests that an
individual's attitude is not solely based on
independent analysis, but is rather influenced by
the emotions and beliefs shared among a group
of people. Social mood is the collective opinion
or belief that shapes individual decisions and
aggregates into social trends (Nofsinger, 2005,
p. 147).

Shiller and Pound (1989, pp. 48-49) model the
diffusion of opinion, or mood, through a
population using a general epidemic model,
where the spread of a mood is similar to the
spread of a disease. The speed at which people's
attitudes are influenced and altered is called the
"infection rate." This rate varies among

2 https://www.nasdag.com/articles/a-record-year-for-
ipos-in-2021

different social movements, causing some to be
long-lasting while others are short-lived.

Olson (2011, pp. 193-194) argues that changes
in social mood cause people to make different
decisions. A change in mood may begin with
some people undergoing a substantial change or
with most people undergoing a small change.
These people make decisions and act on this
change in mood. Their interaction and
communication with others cause further mood
swings in others. The collective decisions take
time to appear in various ways. These emotions
can cause investors to follow each other's
actions and engage in unconscious herding
behavior.

During periods of low social mood, these
attitudes lead to more government intervention
in business. Governments may become more
active in antitrust activities and enact more
regulations when social mood is declining.
However, during optimistic times like the recent
Covid-19 pandemic (starting from the second
half of 2020), the government may allow more
mergers and deregulate industries (Nofsinger,
2005, p. 147-148).

Despite the uncertainty surrounding the impact
of the global pandemic, companies exuded
confidence and sought to raise funds to facilitate
business growth. This was evident in the
remarkable increase in IPOs during the Covid-
19 pandemic. For example, in 2021, we saw
records of Initial Public offerings (IPOs).
According to Phil Mackintosh, Chief Economist
and a Senior Vice President at Nasdag?, there
was a significant rise in the popularity of special
purpose acquisition companies (SPACS) in
2021 due to the global lockdown. SPACs
offered a way for private companies to go public
and made some well-known private equity
managers available to the public. In 2021, there
were 613 SPAC listings, which raised a total of
$145 billion, a 91% increase from the amount
raised in 2020. This means that, despite the
uncertainty surrounding the impact of the global
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Covid-19 pandemic, companies exuded
confidence and sought to raise funds in the
financial markets to facilitate their business
growth.

In addition, the U.S. market broke IPO records
in 2021, with over 1,000 IPO listings, exceeding
the estimated 180 needed to offset de-listings
and mergers. SPACs accounted for over 59% of
total new listings, up from approximately 53%
in 2020. While other IPOs increased by 88%
from 2020 levels, SPAC listings saw a 150%
increase.

One of the issues with SPACs is that many of
the companies they take public have little to no
business plan or revenue, which has led to some
shareholders filing lawsuits. Nikola is a notable
example of this, as the company was accused of
fraud just three months after going public
through a SPAC merger, leading to a significant
drop in their stock price. While there have been
some successful SPAC mergers, a recent study
shows that most SPACs' post-merger share
prices declined (Naumovska, 2021).

Based on this, it is suggested that there was
extreme optimism and probably irrational
behavior among investors, in the sense that even
companies without revenues and a working
prototype were able to raise significant amounts
of money in the financial markets.

During these periods of optimism, investors
become overly confident and enthusiastic about
the prospects of a particular asset or market.
This can cause them to overlook or downplay
risks and ignore fundamental factors that should
be considered when making investment
decisions, such as the underlying value of the
asset or the economic and political conditions
affecting the market Shu (2010, pp. 268-269).
Based on this, there are signs to expect that there
were extraordinary market conditions during
Covid-19.

The stock market is a direct representation of
social mood due to the efficient and emotional
nature of stock transactions. The collective level
of optimism or pessimism in society impacts

investor decisions (Nofsinger, 2005, p. 147-
148). Because of this shared optimism and
pessimism among investors during the
pandemic, we expect that there was herding
behavior exhibited by investors.

In conclusion, social mood plays a significant
role in the economy and financial markets. The
collective opinions and beliefs shared among a
group of people shape individual decisions and
aggregate into social trends, which can lead to
herding behavior. The stock market is a direct
gauge of social mood and can help forecast
future financial and economic activity.

2.4 Investor Behavior and Herding

Investors' sentiments tend to grow more
negative when the market is heading downward,
and they will often hold off investing in the
market until a recovery starts (Burns et al.,
2011, pp. 659-661; Baker & Wurgler, 2006, p.
1677). Such circumstances cause investors to
overreact in the near term. Shu (2010, pp. 279-
280), investigated the impact of mood on stock
market behavior. The study demonstrates how
shifts in investor sentiment have a direct impact
on expected returns and pricing for equilibrium
assets. Additionally, when investors are feeling
more optimistic, they are more likely to follow
the herd and invest in the same stocks, resulting
in a decrease in the diversity of investments and
an increase in price volatility.

According to research from (Engelberg &
Parsons, 2011, pp. 70-72), investor behavior is
also influenced by media coverage; the more
articles about unexpected events there are, the
more investors move their money. On top of
this, globalization has increased the
interdependence of the globe's financial markets
by connecting economies all around the world.
This increased interconnection across the
world's stock markets will affect the decisions
made by international investors regarding asset
allocation, economies, and economic policies
(Mosley & Singer, 2008, pp. 405-408).

In addition, research from Christie and Huang
(1995, pp. 35-37) shows that individual



investors exhibited herding behavior during
periods of market stress. Specifically, they
found that individual investors tend to sell
during market downturns and buy during
market upturns. This is consistent with the
herding behavior that has been observed in the
past. Additionally, the authors found that
individual investors are more likely to herd
around the market when market volatility is
high, suggesting that individual investors are
more likely to base their decisions on market
sentiment during periods of market stress.

During market stress, herding behavior in stock
markets can occur as investors respond to fear
and uncertainty. Investors may be more likely to
follow the behavior of other investors and to
buy or sell stocks based on the behavior of the
market. This can lead to a feedback loop, where
investors continue to follow the herd and cause
prices to move in the same direction. This type
of behavior can lead to large price swings, as
investors all react to the same information or
news. Herding behavior can also lead to
mispricing of stocks and a misallocation of
capital, as investors are not using their own
judgement but instead are following the crowd
(Hwang and Salmon, 2004, pp. 585-586).

2.5 Covid-19 and Stock Market Reactions

During the Covid-19 period, optimism and
pessimism in the financial markets varied
significantly. The initial phase in March 2020
marked a shift towards pessimism. At this
moment in time, the Covid-19 pandemic had a
dramatic effect on global financial markets. In a
study from Zhang et al. (2020, p. 1), they found
that stock markets around the world fell by more
than 10% in the ten days following the
announcement of the first confirmed case of
Covid-19. On March 23, 2020, the S&P 500,
one of the world’s largest indexes based on
market capitalization has fallen by more than
30% within one month (Zhang et al., 2020, p.
2). This level of stock market volatility has not

3 https://www.dbresearch.com/PROD/RPS EN-
PROD/HIDDEn_GLOBAL SEARCH.alias

been seen in relation to any infectious disease
before 2020 (Baker et al., 2020, p. 5).

Furthermore, it was observed that stock markets
in countries with large numbers of confirmed
cases and those that had implemented strict
social distancing measures experienced greater
drops (Ashraf, 2021, pp. 5-7).

Ashraf (2020, p. 6) conducted a study to
investigate the impact of the coronavirus on
stock prices and found that the total number of
confirmed cases had a significant negative
effect on stock prices. According to the study, a
daily growth rate of 1% in confirmed Covid-19
cases resulted in a decrease of 0.3% in stock
market returns.

The studies discussed above indicate that there
is a direct relationship between the number of
Covid-19 cases and changes in stock prices.
Wagner (2020, p. 440) suggested that during the
initial phase of the pandemic, there was a great
deal of uncertainty about the severity of the
disease and the potential for a vaccine, as well
as about the impact of government policies and
public response on the market. It is important to
note that the number of Covid-19 cases and the
severity of government restrictions are closely
linked.

In a report published by Deutsche Bank3, a chart
was presented (Figure 1), which demonstrated a
strong correlation between the VIX (Volatility
Index) and the number of countries
experiencing a daily growth rate of COVID-19
infections exceeding 5%. The VIX is a measure
of expected market volatility based on options
prices of the S&P 500 index. It is calculated by
the Chicago Board Options Exchange* and
reflects the market's expectation of volatility in
the S&P 500 index over the next month. The
VIX is widely followed by financial market
participants and is also considered a reflection
of investor sentiment and risk aversion.

4 https://www.cboe.com/tradable products/vix/vix_options/
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The chart, shown in Figure 1, shows that the
virus reached its peak in late March to early
April. However, it is important to note that at
that time, investors were unaware of this fact.

# of countries Growth in new COVID-19 cases and VIX

===Number of countnes with higher than 5% growth rate in the daily number of confirmed cases (Is)
w—VIX (rs)
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Figure 1: COVID-19, Market Stress and Volatility in 2020
2.6 Hypotheses

In this research, it is suggested that market
inefficiencies can arise due to the limitations of
human rationality, particularly when it comes to
decision-making under uncertainty and market
stress (Kahneman, 2003, p. 1449). According to
Devenow and Welch (1996, p. 608), investors
tend to experience a sense of security when they
conform to the behavior of the crowd,
particularly in times of increased uncertainty.

In March 2020, financial markets fell
significantly while the impact of Covid-19 was
not yet known. Relatively shortly after this
sharp decline, stock markets began growing
again despite the ongoing health risks of the
virus, suggesting that investors may have
considered only the latest available positive
information (Vasileiou et al., 2021, p. 214).

Next to that, during this period a relatively large
group of new investors has begun investing in
stocks with limited knowledge about financial
markets (Lush et al., 2021, p. 11).

Looking at the Covid-19 period, it seems that a
lot of irrational behavior was exhibited, which
potentially could have led to herding behavior.
There were several examples of irrational
behavior exhibited due to social mood and
investor behavior. (Nofsinger, 2005, p. 147-
148; LeBon, 1922, p. 85).
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Investors also exhibited signs of potential herd
behavior during the pandemic, with many
becoming overly confident and enthusiastic
about the prospects of a particular asset or
market. This caused them to overlook or
downplay risks and ignore fundamental factors
that should be considered when making
investment decisions, such as the underlying
value of the asset or the economic and political
conditions affecting the market (Aslam et al.,
2021, pp. 334-335).

Overall, social mood and investor behavior
played a significant role in the irrational
behavior exhibited during the Covid-19
pandemic (Aslam et al., 2021, pp. 334-335;
Vasileiou et al., 2021, p. 214; Olson, 2011, pp.
193-194; Nofsinger, 2005, p. 147).

Based on the literature, there are indications that
herding behavior was present during this period
and that the intensity varied over time.

As a result, we want to test if investors used
their own judgement instead of following the
crowd. This is done by testing if herding
behavior is present in periods before- and during
notable market volatility and stress. In
particular, the period before Covid-19 and the
period during Covid-19. Therefore, we propose
the following hypotheses:

Hi: “Between the st of January, 2018 and the
30th of January, 2020 there was no herding
behavior in the VWRL All-World ETF .

H,: “Between the 31st of January, 2020 and the
31st of December, 2022 there was herding
behavior in the VWRL All-World ETF .

Has: “Over the full sample period, we expect that
the dynamic analysis approach will detect more
pronounced herding behavior in the VWRL All-
World ETF than the static analysis.”

In the next chapter, we will explain how these
hypotheses will be tested.
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3. METHODOLOGY

In this chapter, we offer a preview of
methodological procedures that will be used in
this thesis to reach empirical results. The
chapter starts with a general review of methods
widely used in the literature to detect herding
behavior. This is followed by a more detailed
explanation of how regression is used during
different periods related to the Covid-19
pandemic.

3.1 Detecting Herding Behavior

Research from Christie and Huang (1995), have
suggested an approach to identify herding
behavior in stock markets using data on stock
returns. According to Christie and Huang
(1995), market conditions play a significant role
in the investment decision-making process of
market participants. During normal periods,
diverse private information of individual
investors causes return dispersions to increase
with the absolute value of market return, based
on rational asset pricing models. However,
during periods of extreme market movements,
investors tend to follow the collective actions in
the market, suppressing their own beliefs,
leading to more herding behavior. To identify
this behavior, Christie and Huang use a method
called the cross-sectional standard deviation
(CSSD) which is expressed as follows:

€y

where N is the number of firms in the portfolio,
Ri is the observed stock return of firm i at time
t, and Rm; is the average of the cross-sectional
return of the market portfolio consisting of N
shares at time t. This model suggests that if
herding occurs, investors will make similar
decisions, leading to lower return dispersions.

The CSSD method compares individual stock
returns to the cross-sectional average stock
returns in the portfolio to determine whether
investors are making similar decisions, leading
to lower return dispersions. The equation used
by their empirical specification is as follows:

CSSDe=a + BiUPt + B2DOWN: + & 2)

Where CSSD, represents the dispersion of
returns at a particular time t. The term "alpha"
(a) refers to the intercept or constant term in the
regression equation. It represents the expected
value of the dependent variable when all
independent variables are equal to zero. The
symbol "e" (epsilon) represents the error term or
residual. The error term captures the variability
in the dependent variable that is not explained
by the independent variables in the regression
model.

The researchers also introduce two dummy
variables, UP: and DOWN:, which take a value
of 1 when the market return at that particular
time is in the extreme upper or lower tail of the
distribution, respectively. Otherwise, these
variables take a value of 0. This is important
because, during periods of market stress or
extreme market movements, investors may tend
to follow the collective actions in the market,
leading to herding behavior. By using these
variables and the CSSD method, the researchers
aim to detect whether herding behavior is more
prevalent during these periods of market stress.
Thus, statistically significant negative values p:
and B2 in Equation (2) would indicate the
presence of herding, which is tested by the
following hypothesis:

H02B1<0and[32<0
HA:B1>OorB2>0

To determine the significance of p: and Bz, we
perform a Wald test. We estimate the regression
model using the CSSD method and obtain the
coefficient estimates along with their robust
standard errors. The Wald test would then be
used to compare the estimated coefficients to
the values predicted under the null hypothesis.
If the test results indicate a statistically
significant (a = 0.05) negative value for either
B1 and B2, we would not reject the null
hypothesis, indicating the presence of herding
behavior.

An additional crucial element in the Wald test is
the inclusion of covariances. Covariances
provide insight into the degree to which two
variables vary together. When executing a Wald
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test, it becomes especially important to consider
the covariances between the estimated
coefficients. This ensures we account for
potential interrelationships  between our
predictor variables, which if disregarded, can
potentially distort our results.

Thus, to successfully execute a Wald test, it is
essential to include not only the estimated
coefficients and the robust standard errors but
also the covariances, thereby providing a
comprehensive account of the
interdependencies within our predictors.

One of the challenges associated with the
method proposed by Christie and Huang (1995),
is that it requires the definition of extreme
returns. However, the definition of extreme
returns is subjective and arbitrary. Christie and
Huang have used values of one percent and five
percent as cut-off points to identify the upper
and lower tails of the return distribution.
However, investors may have different opinions
on what constitutes an extreme return, and the
characteristics of the return distribution may
change over time. This can make it difficult to
identify herding behavior accurately using this
method.

Moreover, herding behavior may occur in the
return distribution, not just during periods of
extreme returns. Although the Christie and
Huang method captures herding during extreme
returns, it may not be able to identify herding
behavior that occurs during normal market
conditions. Additionally, herding behavior can
become more pronounced during periods of
market stress, which means that the method may
not capture all instances of herding behavior.

Therefore, the method of Christie and Huang
(1995) was further explored by Chang et al.
(2000) who examined market upswings and
downswings across a range of countries using
the average cross-sectional absolute standard
deviations (CSAD) of returns. By analyzing
daily stock prices from developed and emerging
countries over a period of 34 years, they found
that weak cases of herding became more
pronounced over time. The CSAD method is
sensitive to the presence of herding behavior
and market conditions and reflects the degree to
which individual returns deviate from the

market return. This method is explained in more
detail in section 3.2.

3.2 The Cross-Sectional Absolute Standard
Deviations (CSAD)

An alternative test to detect herding is proposed
by Chang et al. (2000). They argue that if
investors tend to follow the overall market
behavior during periods of extreme market
conditions, the traditional linear and increasing
relationship between dispersion and market
return may no longer hold. Instead, this
relationship can become non-linear, either
increasing or decreasing.

To capture this potential non-linear relationship,
Chang et al. suggest using a non-linear
regression model to estimate the association
between the CSAD of returns (a measure of
dispersion) and the market return. By adopting
this approach, we can detect and analyze
herding activity in the financial markets, taking
into account the potential changes in the
relationship between dispersion and market
return during periods of large average price
movements. The measure of return dispersion,
known as the CSAD statistic, is defined as
follows:

1 N
CSAD; = N ;\Ru — Ryt
i=1 (3)

Similar to the CSSD formula mentioned in
Equation (2), Ri refers to the return of firm i on
period t, and Rm: is the average of the cross-
sectional return of the market portfolio
consisting of N shares during period t.

Chang et al. (2000) suggest that during times of
high market volatility, individual asset returns
will show greater differences due to variations
in how each asset reacts to market fluctuations.
This leads to higher dispersion in returns across
the market. However, if investors engage in
herding behavior by mimicking other investors
and following market trends, this pattern can be
disrupted, resulting in lower dispersion in
returns. Bikhchandani and Sharma (2000, p.
283) argue that during periods of market
uncertainty and volatility, investors are more
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likely to ignore their private information and
follow market consensus. Based on this
argument, Chang et al. (2000) propose a
quadratic model in which the relationship
between market return and cross-sectional
dispersion of returns is negative and nonlinear.
To identify herd behavior in the market, the
regression equation to be estimated will be as
follows:

CSADy = a+vy,Tme + 7, e + Y3Tr$n: +e  (4)

Chang's suggestion of using the cross-sectional
absolute deviation regression for detecting
herding on stock markets has some advantages
over the traditional cross-sectional standard
deviation method. The key differences are that
the indicator of the cross-sectional differences
in returns is the absolute deviations of standard
deviation and that the model specification is
non-linear.

To test for non-linearities between the cross-
sectional absolute deviation and the market
volatility, Chang's model includes the market
return (r,,,), absolute market return (|r,,,¢), and
squared market return (r2,) as independent
variables. The coefficient y, that relates cross-
sectional absolute deviation to squared market
return, checks for non-linear dynamics of
herding behavior. If herding is present in the
market, this coefficient would be negative and
significant. This indicates greater directional
similarity in asset returns, resulting in lower
dispersion when the market moves significantly
up or significantly down. If the market is
rational, we would expect this coefficient to be
significantly positive. Chang et al. argue that
this model is much more powerful and allows
researchers to detect herding with much greater
precision. This will be tested by the following
hypothesis:

Ho:'y3<0
HAZY3>0

To calculate the cross-sectional absolute
deviation for a stock return from the market
return, we apply the average of the absolute
deviation of returns of the stocks from the
market return represented by the VWRL All-
World ETF.

By applying the Chang et al. cross-sectional
absolute deviation regression to the data, we can
estimate the coefficient for the squared market
return and use a z-test to determine if it is
significant at the 95% quantile. For a one-tailed
test, the critical value is approximately 1.645.

In the right-tailed test, we reject the null
hypothesis if the calculated z-statistic is greater
than 1.645. If the calculated z-statistic is less
than or equal to 1.645, we would not reject the
null hypothesis.

It should be noted that the z-test offers certain
advantages over the t-test in specific contexts.
Specifically, the z-test proves to be robust under
conditions of non-normality and
heteroskedasticity. This robustness, however, is
contingent upon the use of robust standard
errors and covariances.

Non-normality refers to a condition where the
data does not fit the typical bell-shaped curve.
Heteroskedasticity, on the other hand, means
there are varying levels of variability in the data.

The t-test is sensitive to these conditions and
may not provide reliable results. However, the
z-test, by using robust standard errors and
covariances, is designed to handle these
anomalies and still provide trustworthy
outcomes.

In addition, we will use the R-squared, which is
a statistical measure, to evaluate the goodness
of fit of the regression analysis. The R-squared
is a value between 0 and 1, with higher values
indicating a better model fit of the data. In
general, the R-squared measures the proportion
of variance in the dependent variable that can be
explained by the independent variables in the
model.

3.3 Dynamic Analysis

Next to the static analysis, a rolling window
regression analysis is used to study herd
behavior which can lead to much more
meaningful research results. This method is
used because herd behavior occurs during
several periods of market stress which results in
sharply fluctuating stock prices.
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The basic idea of rolling regression is to
determine the rolling window, which means
using samples of consecutive observations. This
is a statistical technique that is widely used in
time series analysis of financial data to examine
the variation of the linear regression output,
such as the regression coefficient, over time.
This method applies linear regression to each
period or window of fixed length, similar to the
principle of a rolling average (Lang et al., 2019,

pp. 2-3).

When using a rolling window regression
analysis, the data is partitioned into subsets of a
fixed size, based on a rolling window width, M.
Each subset is then shifted one observation
ahead of the previous subset, creating a set of
rolling windows with length M. The rolling
windows are consecutive and offset by one
observation from each other (Lang et al., 2019,

pp. 2-3).

The determination of the window width for a
rolling window regression often involves an
iterative process. This process aims to strike a
balance between two key considerations:
avoiding overly erratic output and ensuring that
the output is not excessively flat.

We will experiment with different window
widths, adjusting them incrementally, to assess
the impact on the regression results. The goal is
to find a window width that captures enough
data points to estimate a meaningful
relationship while also allowing for the
detection of changes in dynamics. If the window
width is too narrow, the output may exhibit
excessive variability, making it challenging to
draw reliable conclusions. On the other hand, if
the window width is too wide, the output may
appear overly smooth and fail to capture
nuanced changes in the relationship.

After creating the rolling windows, linear
regression is applied to each window. The
regression coefficients and intercepts are
recorded for each rolling window. This process
is repeated for each rolling window in the time
series. Rolling window regression enables
researchers to examine the evolution of the

5 https://www.statista.com/statistics/1181252/largest-etfs-market-
cap-global/

regression coefficients over time, which can
provide insights into the dynamics of the
underlying process (Lang et al., 2019, pp. 2-3).

4. DATA

In this chapter, we describe the process of
necessary data collection to conduct my data
analysis. The chapter starts with a description of
the total population that we want to draw
conclusions about. This is followed by an
explanation of what a proper sample size is.
Finally, it is discussed how daily stock returns
will be calculated.

4.1 Sample of the VWRL All-World ETF

As stated previously, this study focuses on the
VWRL All-World ETF, which is one of the
largest exchange-traded funds in the world
based on market capitalization®. A total amount
of 3732 companies from all over the world were
represented as of February 2023.

Studying all 3732 companies® in the VWRL
All-world ETF may not be feasible due to time
limitations. Therefore, we will study a smaller
set of units to say something about all the units,
as was done in previous studies from Ramadan
(2015) and Blasco et al. (2011). By using a
sample, we can obtain a smaller, manageable
subset of data that still provides meaningful
information about the population (in this case,
all the companies represented in the ETF).

To ensure that the sample is representative of
the population, it is important to use random
sampling techniques. This means that each
company in the VWRL All-World ETF has an
equal chance of being selected for the sample.

Using a sample is a common practice in
research and analysis when studying large
populations. It allows for more efficient use of
time and resources while still providing
valuable insights into the population of interest.

6 https://www.vanguardinvestor.co.uk/investments/vanguard-
ftse-all-world-ucits-etf-usd-distributing/overview
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In the case of the VWRL All-world ETF, which
contains over 3,700 companies, a sample size of
at least 30 is generally considered a proper
starting point, but the ideal sample size may
depend on the specific research objectives. A
larger sample size generally leads to greater
precision and a higher level of confidence in the
results.

However, a larger sample size also requires
more time and resources, so we have to balance
the level of precision and confidence required
with the available resources.

4.2 Calculating a proper sample size with a
finite population

To determine an appropriate sample size, we
will use Slovin's formula which is calculated as
follows:

n= [1+11VV€2] ®)

Within this formula, "N" denotes the total
population size, while "e" signifies the margin
of error. This margin of error represents the
acceptable likelihood of making an error when
choosing a representative subset of the
population (Tejada & Punzalan, 2012).

Applying Slovin's formula entails first deciding
on the acceptable margin of error. For example,
a 95% confidence level corresponds to a margin
of error of 0.05. Once this margin of error is set,
the formula can be used to compute the proper
sample size "n" (Tejada & Punzalan, 2012).

3732 _
n= 1+3732*(0.052)] =361

Based on Slovin’s formula, a sample size of 361
companies should be sufficient. This provides a
larger sample size to work with while still being

feasible to study within the time constraints.

Additionally, with a sample size of 361
companies, we are still able to achieve a high
level of precision and confidence in the

7 https://www.who.int/docs/default-
source/coronaviruse/situation-reports/20200131-sitrep-11-

ncov.pdf

estimates of the  overall
characteristics of the ETF.

population

The weighting factor for each country will be
taken into account when the sample is created.
For example, North America represents about
60% of all companies in the ETF. As a result,
the sample will consist of 60% randomly
selected American companies.

On January 31, 2020, the second meeting of the
Emergency Committee’” was held under the
International Health Regulations by the WHO
Director-General to address the outbreak of
Covid-19 in China and its potential global
impact. The committee advises the Director-
General on declaring a Public Health
Emergency of International Concern (PHEIC)
and may provide public health advice or
Temporary Recommendations as needed.

Therefore, the Pre-Covid-19 subsample ranges
from 1 January, 2018 to 30 January, 2020, and
the During-Covid-19 subsample from 31
January, 2020 to 31 December, 2022. Table 1
summarizes the sample periods of this study.

Sample Sample range

Pre-Covid-19 1 January, 2018 to 30 January, 2020

During-Covid-19 31 January, 2020 to 31 December, 2022

Full sample 1 January, 2018 to 31 December, 2022

Table 1: Sample periods to detect herding
4.3 Sample Selection

As mentioned before, 48 countries are
represented in the VWRL All-World ETF. In
addition, the companies in the ETF are
categorized into one of the following eleven
sectors® (Table 2): technology, financials,
consumer discretionary, industrials, healthcare,
consumer staples, energy, basic materials,
utilities, telecommunications, and real estate.

The sectors will be represented in the sample
based on the weighting as shown in Table 2.
This means that one sector is represented to a
greater extent in the VWRL All-World ETF
than another. For example, the technology
sector has the highest weighting with 20.5%

8 https://www.vanguardinvestor.co.uk/investments/vanguard-
ftse-all-world-ucits-etf-usd-distributing/portfolio-data
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while real estate is the least represented with a
weighting of only 2.8% of the total ETF.

Sector Weight in VWRL
Technology 20.50%
Financials 15.30%
Consumer Discretionary 13.90%
Industrials 13.20%
Healthcare 12.00%
Consumer Staples 6.60%
Energy 5.40%
Basic Materials 4.30%
Utilities 3.10%
Telecommunications 2.90%
Real Estate 2.80%
Total 100%

Table 2: Sector Weighted Exposure VWRL All-World ETF
4.4 Quantitative Data Collection Method

For this quantitative research, daily returns of
individual stocks and the VWRL All-World
ETF will be collected by using Eikon Refinitiv®,
which is a financial information platform that
provides access to real-time and historical
market data. The platform offers comprehensive
and up-to-date information on stock prices,
trading volumes, and other key indicators,
allowing investors to monitor market
movements.

The daily closing prices of each of the 361
individual stocks will be aggregated for the
proposed time frames, shown in Table 1. The
same will be done with the data from the VWRL
All-World ETF. The relevant data will then be
exported to Excel to calculate two dispersion
metrics. That is the cross-sectional standard
deviation (CSSD) and the cross-sectional
absolute  standard  deviation = (CSAD).
Subsequently, statistical software SPSS will be
used to conduct a linear multiple regression

9 https://eikon.refinitiv.com/index.html

analysis and additionally, a rolling window
regression to approach it more visually.

As herding behavior is usually found to be a
short-lived phenomenon in the literature, we
will use daily data, which can help identify
instances of investor herding even if they are
short-lived. We will obtain data on the daily
closing prices of each of the companies. The
daily returns of the companies will be calculated
using their respective daily closing prices
(Bogdan et al., 2022, p. 7; Lao & Singh, 2011,
p. 500).

To start with, we calculate the daily stock
returns for the individual stocks and the total
market, which is in this case the VWRL All-
World ETF. To calculate this, we will use the
formula below for the relative price change:

P
Ri; = p—‘ -1
- ©)
Where P; and P.: are current and previous
closing prices, respectively. Thus, the price
today is divided by the price yesterday minus

one.

As the number of working days differs between
countries and exchanges, the absence of stock
prices on non-working days in a particular
country will be substituted with the closing
price of the last working day.

4.5 Descriptive Statistics CSSD and CSAD

45.1 Interpretation Descriptive Statistics
CSSD and Rmt

Table (3) summarizes the descriptive statistics
of the returns on the VWRL All-World ETF
market (Rm;) and the cross-sectional standard
deviation of individual stock returns within the
ETF (CSSDy) for two distinct periods: Pre-
Covid-19 and During Covid-19.
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Statistic Pre-Covid-19 During-Covid-19 Full Sample
Rt CSSD, CSAD, Rt CSSD, CSAD, Rt CSSD, CSAD,
Minimum -3.17% 1.16% 0.74% -9.00% 1.40% 1.47% -9.00% 1.16% 0.74%
Maximum 2.96% 7.90% 4.03% 7.22% 16.11% 22.86% 7.22% 16.11% 13.87%
Mean 0.03% 2.27% 1.58% 0.02% 3.06% 3.46% 0.02% 3.06% 1.91%
SFd'. 0.86% 0.62% 0.46% 1.23% 1.62% 1.95% 1.23% 1.62% 1.01%
Deviation
Skewness -0.488 2.705 2.011 -0.963 4.359 4.086 -0.963 4.359 5.336
Kurtosis 1.595 1.595 1.595 7.84 25.271 25.251 7.84 0.09 42.943
Table 3: Summary of Descriptive Statistics CSSD
In the Pre-Covid-19 period, the daily market imply a failure to acknowledge this

returns (Rm:) had an average of 0.03%, with a
minimum return of -3.17% and a maximum
return of 2.96%. The cross-sectional standard
deviation of individual stock returns (CSSDy) in
the same period had a mean value of 2.27%, a
low of 1.16%, and a high of 7.90%.

During the Covid-19 period, the average daily
market return (Rm,) was slightly lower at 0.02%,
with returns ranging from a low of -9.00% to a
high of 7.22%. The average dispersion of
individual stock returns (CSSDy) during this
period was higher at 3.06%, with a range
between 1.40% and 16.11%.

The data suggests that the Covid-19 period
witnessed more extreme market returns, as
demonstrated by the broader range of minimum
and maximum values for Rn:. These extreme
returns indicate heightened market volatility
during the pandemic. At the same time, the
higher cross-sectional standard deviation
(CSSDy) reflects more varied performance
among individual stocks within the ETF during
Covid-19.

By considering both the minimum and
maximum values, we can gain insights into the
range and spread of the variables. Additionally,
when combined with other descriptive statistics
like the mean and standard deviation, the
minimum and maximum values can help to
assess the overall distribution and identify any
potential data quality issues.

In the context of working with returns, we
typically do not address outliers in the dataset.
This is because returns exhibit a distribution
with fat tails. Essentially, extreme values are
expected, and treating them as outliers would

characteristic of returns (Nirei, 2013, pp. 2-3).

Returns often follow a distribution that is not
perfectly normal and exhibits more extreme
values than a normal distribution would predict.
These extreme values, or "fat tails,” are
common in financial markets. They indicate the
presence of rare but significant events that can
have a substantial impact on investment
performance (Nirei, 2013, pp. 2-3).

Since these extreme values are an inherent part
of returns and can contain valuable information,
we generally do not treat them as outliers.
Outliers, in the traditional sense, are typically
considered data points that are unusual or
aberrations from the norm. However, in the case
of returns, extreme values are not considered
anomalies but rather integral components of the
distribution.

45.2 Interpretation Descriptive Statistics

CSAD

Table (3) provides also a summary of the
descriptive statistics for the cross-sectional
absolute deviation of individual stock returns
(CSADy) during the Pre-Covid-19 and During-
Covid-19 sample periods.

In the Pre-Covid-19 sample period, the average
daily cross-sectional absolute deviation of
individual stock returns during the pre-Covid-
19 sample is 1.58%. This suggests that the
individual ETF returns exhibited moderate
variability and dispersion during this period.

In contrast, in the During-Covid-19 sample
period, the average daily cross-sectional
absolute deviation of individual stock returns
significantly increased to 3.46% in the During-
Covid-19 sample. This indicates a higher level
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of dispersion and heterogeneity among
individual stock returns, suggesting that
different stocks experienced varying levels of
performance and volatility during this turbulent
period.

These findings suggest that the Covid-19
pandemic had a substantial impact on the
VWRL All-World ETF market, leading to
increased market volatility and greater
dispersion in individual stock returns compared
to the pre-Covid-19 period.

5. EMPIRICAL RESULTS

This chapter will describe the empirical results,
starting with descriptive and statistical analysis.
The purpose of this chapter is to present and
discuss the findings derived from the collected
data.

The data for this study was collected from the
financial data platform Eikon Refinitiv and
subsequently organized and structured in
Microsoft Excel. Finally, the prepared data was
imported into SPSS and RStudio to perform the
necessary statistical analyses.

5.1 Multiple Linear Regression CSSD

Table 4: Estimated Regression Coefficients for
the Pre- and During Covid-19 subsamples

Cross-Sectional Standard Deviation
Pre-Covid-19 During-Covid-19
o 2.206 2.905
é (80.137) " (48.456)
B1 (right tail) 0.572%* 1.812%*
é (4.755) é (6.860)
B2 (left tail) 0.655** 1.419%*
é (5.451) é (5.371)
R? 0.087 0.090

Notes: 1. Refer to Equation (2) for the detailed equation.
2. ** Represent statistical significance at the 5% level.

5.1.1 Interpretation of the regression results
in the Pre-Covid-19 sample CSSD method

The coefficients table (4) shows that both B;
(0.572) and B2 (0.655) in the Pre-Covid-19
sample are positive. To determine the
significance of 1 and B2, we perform a Wald

test. We estimate the regression model using the
CSSD method and obtain the coefficient
estimates along with their robust standard
errors.

In this study, we faced the complexity of
conducting a one-sided hypothesis test
involving multiple coefficients. To simplify
this, we employed a practical approach based on
a standard Wald test, which is designed to test
the following null and alternative hypotheses:

HO:Bl<0andPB2<0
HA:B1>00rp2>0

As can be seen in table (5), the Wald statistic is
45.7 with 2 degrees of freedom, and the p-value
is 1.2E-10. This extremely low p-value and the
positive coefficients p1 and g2 indicate that we
should reject the null hypothesis of the Wald
test (a = 0.05).

Wald Chi-squared Test
Statistic df Wald p-value
45.7 2 1.2E-10
Table 5: Wald Chi-squared test Pre-Covid-19 sample

The positive and significant coefficients
observed in this context indicated that investors
behaved rationally rather than exhibited herding
behavior. This means that we do not reject Hi :

“Between the Ist of January, 2018 and 30th of
January, 2020 there was no herding behavior
in the VWRL All-World ETF .

The positive coefficients implied that an
increase in the values of the predictors (Right
Tail and Left Tail) was associated with an
increase in CSSD. This suggested that investors'
decisions were based on rational considerations,
indicating that they made independent
judgments rather than simply following the
actions of others (herding).

Based on the provided model summary, the R?
value is 0.087. This means that approximately
8.7% of the variance in the dependent variable
can be explained by the independent variables
included in the model. In this case, the “Left-
and Right Tail".

It is important to note that R? ranges from 0 to
1, where 0 indicates that none of the variance in
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the dependent variable is explained by the
independent variables, and 1 indicates that all of
the variance is explained. In this case, an R?
value of 0.087 suggests that the included
independent variables explain a relatively small
proportion of the variance in the dependent
variable. In this context, it can be noted that the
observed R? is consistent with previous research
on investor herding behavior, where similarly
low R? values have been reported (Elshgirat,
2021, pp. 120-122; Maquieira & Espinosa
Méndez, 2022, pp. 213-214).

5.1.2 Interpretation of the regression results
in the During-Covid-19 subsample CSSD
method

The coefficients table (4) shows that both B:
(1.812) and B. (1.419) are positive in the
During-Covid-19 sample. In Section 5.2.1, we
introduced the Wald test as a method for
assessing the significance of the regression
coefficients. We apply this test again in this
section to specifically evaluate the significance
of the coefficients B; and P2 in the During
Covid-19 sample. The null and alternative
hypotheses for the Wald test are formulated as
follows:

HO:Bl<0andB2<0
HA:B1>00rp2>0

As can be seen in Table (6), the Wald statistic is
20.5 with 2 degrees of freedom, and the p-value
is 3.6E-10. This extremely low p-value and the
positive coefficients p1 and g2 indicate that we
should reject the null hypothesis of the Wald
test (a = 0.05).

Wald Chi-squared Test
Statistic df Wald p-value
20.5 2 3.60E-05
Table 6: Wald Chi-squared test During Covid-19 sample

The findings from the regression analysis
provide no evidence of herding behavior among
investors in the during Covid-19 subsample.
Contrary to the expectations, the coefficients
observed in this study are positive and
significant. Therefore, based on the results of
this regression analysis, it can be concluded that
there are no indications of herding behavior

among investors in the VWRL All-World ETF.
The findings support the notion that investors
acted rationally, making independent
investment decisions based on their own
assessments rather than conforming to the
behavior of the herd.

Based on the provided model summary, the R?
value is 0.090. This means that approximately
9.0% of the variance in the dependent variable
can be explained by the independent variables
included in the model. In this case, the “Left-
and Right Tail".

5.2 Multiple Linear Regression CSAD

Table 7: Estimated Regression Coefficients for the Pre-
and During COVID-19 subsamples CSAD Approach

Cross Sectional Absolute Deviation
Coefficients Pre-Covid-19 During-Covid-19
a 6.835E-16 6.343E-16
[ (.000) M (.000)
N 052%* ! -.061
(-1.354) (-1.741)
Y2 .106** .339**
(-1.044) [ (5.170)
vs 46T7* f 069
(-4.524) M (1.028)
2 v v
R 312 175

Notes: 1. Refer to Equation (4) for the detailed equation.
2. Values in parentheses represent z-statistics.
3. ** Represent statistical significance at the 5% level.

This analysis focused on detecting herding
behavior in the Pre- and During Covid-19
period using the Cross-Sectional Absolute
Deviation. Using this approach, we are looking
for a significant negative yz which indicates
herding behavior, while a significant positive
value of the same indicates the presence of anti-
herding behavior.

The Pre-Covid-19 results indicate that herd
behavior was not present in the VWRL All-
World ETF during this period. The positive and
significant value of ys supports the notion that
investors behaved rationally, making
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independent investment decisions based on
their own assessments rather than conforming to
the behavior of the crowd.

The results presented in the During Covid-19
period show that ys is positive but non-
significant, suggesting that there is a tendency
towards independent investment decisions
among investors, but this relationship lacks
statistical robustness. In other words, while
there may be some indication of investors
making independent decisions, the data does not
provide strong evidence to support this claim.

It is worth noting that non-significant results do
not necessarily imply that the relationship
between vys; and independent investment
decisions does not exist. It simply means that
the available data does not provide sufficient
evidence to ‘reject’ this relationship. Further
research or a larger sample size may be required
to establish a more definitive conclusion.

5.3 Dynamic Analysis:
Regression Analysis

Rolling Window

In practice, a static analysis of herd behavior
may not be sufficient since herd behavior is
fundamentally dynamic (Bischi et al., 2006, p.
504). It commonly occurs during periods of
market stress, such as the Covid-19 pandemic,
where sharp fluctuations in stock prices are
prevalent. Hence, it is more appropriate to
employ a rolling window regression analysis to
study herd behavior. This approach ensures
continuity in analyzing the data and capturing
the evolving patterns of herd behavior (Lang et
al., 2019, pp. 2-3).

Moreover, the utilization of the rolling window
regression enables the identification of potential
turning points in herding behavior. This method
facilitates the detection of shifts in the degree of
herding over time, providing valuable insights
into investor behavior dynamics. Through an
examination of the results from the rolling
window regression, a deeper understanding of
the evolution of herding behavior before and
during the Covid-19 period can be gained.

U

b

( December 2019 )

International Monetary
Fund (IMF) says the world
\ economy is cooling.

[

First cases of the novel
coronavirus detected and
spreading rapidly across

. the world. )

May 2018
Global optimism in the
economic outlook has

reached an all-time.

March 2021
The new stimulus bill
put trillions into the
economy. The huge
ship Ever Given, stuck
in the Suez Canal,
was freed, affecting
global shipping. This,
along with vaccine
progress, boosted the
economy.

!

May 2021

The Federal
Reserve
signaled inflation
concerns, rising
input costs, and a
tight labor market. hand.

July 2022

The IMF downgraded its growth
forecasts, projected higher inflation
around the world and warns that a

global recession could soon be at

Mar Jun Sep Mar Jun Sep Mar
2018 2019 2020

Sep Mar Jun Sep Mar Jun Sep
2021 2022

Figure 2: Rolling Window Regression Analysis Herding Coefficients. Note: the shaded region around the trend line represents the 95%

confidence interval.
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According to the results of the rolling window
regression analysis, as seen in Figure 2, we can
detect some signs of herding behavior. The
rolling window regression analysis shows the
evolution of y; for the VWRL All-World ETF
during the period between January 01, 2018,
and December 31, 2022. We built a window of
20 days to generate a series of the estimated
coefficients, particularly looking to analyze ys
from Equation (4). Experimenting with a range
from 5 to 40 days, we found that window sizes
larger than 20 days made the plot too flat,
whereas window sizes smaller than 20 days
resulted in a plot that was too erratic. Both
extremes can compromise the interpretability of
the analysis, making it more difficult to draw
meaningful conclusions.

Based on the output, we can see that there are
five signs of herding behavior in the full sample
period of which two in the Pre-Covid-19
subsample and three in the During Covid-19
subsample. If we want to conclude that vys is
significantly  negative, the entire 95%
confidence interval would need to lie below the
zero line. If any part of this interval lies above
the zero line, we can't claim with 95%
confidence that y; is statistically significant
negative. Using a window width of just 20 days
for a rolling window regression analysis might
not provide enough data points to achieve
statistically significant results. The limited
number of data points within each window can
potentially reduce the power of the test.
Therefore, even if we observe signs of herding
behavior in the data, the results might not be
statistically significant due to the relatively
small window width.

In essence, while there might be indications of
herding behavior in the dataset, the choice of a
20-day window could limit our ability to
conclusively demonstrate its significance. It is
worth noting that "not significant” in this
context doesn't necessarily mean "'not present."”
It simply indicates that, given the chosen
window width, we don't have enough evidence
to make a robust statistical claim of the
detection of herding behavior.

However, in numerous points of the plot (Figure
2), we observe that the coefficient y; and its

confidence interval lie above the zero line. This
indicates that investors were making decisions
independently, diverging from the herd.

The observed patterns in the full sample period
support the findings that herding behavior is a
short-lived and dynamic effect among investors.
This behavior was especially pronounced when
during periods of significant macroeconomic
events, both positive and negative, was released
to the public.

When negative news was spread, such as
concerning inflation figures, bleak economic
forecasts, or warnings by institutions like the
IMF about potential worldwide recessions,
there was a sense of panic in the markets. Many
investors, driven by fear, sold off their assets
massively, even if the underlying fundamentals
of those assets remained robust. This reaction
could be attributed to herding behavior, as
individuals seemed to be largely reacting to the
collective sentiment and behavior rather than
their own analyses as we saw in December
2019, May 2021, and July 2022 (Figure 2).

Conversely, positive news also triggered
notable market responses. Announcements
indicating breakthroughs in the development of
a coronavirus vaccine or positive reports
pointing to the recovery and stabilization of
global supply chains led to a surge of optimism.
The market witnessed significant buying, again,
not purely driven by individual analysis but
influenced heavily by the collective sentiment
and actions of the broader investment
community as we saw in May 2018 and March
2021 (Figure 2).

The market often switches between herding and
anti-herding behavior during periods of market
stress, where investors tend to experience a
sense of security when they conform to the
behavior of the crowd, particularly in times of
increased uncertainty. In both scenarios, the
presence of herding behavior can strengthen
market movements, making them more volatile.
It is crucial for investors to be aware of these
dynamics, recognize the influence of collective
sentiment on market trends, and ensure they are
making informed decisions based on their own
research.
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6. DISCUSSION AND CONCLUSION

6.1 Key Findings

This study investigates the presence of investor
herd behavior in the VWRL All-World ETF
market in the Pre- and During the Covid-19
period. The sample of this study constituents of
companies trading in the VWRL All-World
ETF and the full sample period of analysis
ranges from the 1% of January, 2018 to the 31%
of December, 2022.

Previous studies have indicated that during
periods of market stress, investors tend to
exhibit irrational behavior. This can be
attributed to a lack of information, leading them
to imitate each other, resulting in what is
commonly known as herding behavior. While
there is a significant body of literature on the
subject of herding behavior, there is a scarcity
of research that specifically examines herding
behavior in the world's most diversified
exchange-traded funds. To the best of my
knowledge, there has been no study conducted
to identify herding behavior in the VWRL All-
World ETF during the Covid-19 outbreak.

In this study, the approaches Cross Sectional
Standard Deviation (CSSD) and Cross-
Sectional Absolute Deviation (CSAD) of
Christie and Huang (1995) and Chang et all.,
(2000) were used respectively to identify
herding behavior in stock markets using data on
stock returns.

After conducting the analysis we did not find
evidence to support the existence of herd
behavior in the VWRL All-World ETF.
Surprisingly, we observed the presence of anti-
herding behavior in both the Pre- and During
Covid-19 samples, indicating that market
participants made independent decisions,
diverging from the herd. Only in the During-
Covid-19 sample, the CSAD approach did not
show statistically significant results.

However, recognizing the importance of
exploring alternative methods to assess herding
behavior, we conducted a dynamic analysis
using an OLS Rolling Window Regression
analysis based on the CSAD model. Notably,
this analysis revealed indications of herding

behavior at five distinct points within the full
sample period. Nevertheless, these results were
not statistically significant. It is also worth
noting that due to our small window width, we
should not expect significant results.

One of the key findings is the strong indication
of herding behavior in the VWRL All-World
ETF, which is one of the most diversified
exchange-traded funds in the world. This
suggests that even the most diversified
portfolios are not insulated from the effects of
herding behavior, especially during significant
global macroeconomic events. Investors,
therefore, cannot rely on diversification as a
protection against the effects of herding
behavior. Instead, awareness of the herding
phenomenon becomes critical. During these
events, it seems that the intrinsic value of stocks
may temporarily decouple from their
fundamental values. This means that informed
and alert investors can only capitalize on or
guard against such behaviors if they recognize
and understand this phenomenon. This is
potentially an interesting outcome for investors
who are striving to ‘outperform the market’ as
they have a better chance of achieving that goal
during impactful macroeconomic events.

The findings of this study highlight the utility of
a rolling window regression analysis in
detecting indications of herding behavior. Such
a dynamic approach allows for a more nuanced
understanding of the market, capturing the
changes in investor sentiment over time.
However, it is important to note that this
methodology demands a lot of data. The richer
the dataset, the more refined the insights will be,
shedding light on the temporal patterns and
triggers of herding behavior.

While diversification remains a cornerstone of a
conservative investment strategy, it can be
argued that investors who allocate their capital
to globally diversified exchange-traded funds
(ETFs) are likely to be exposed to herding
behavior. Investors must remain alert,
especially during significant macroeconomic
events, and be prepared with the knowledge of
potential herding behavior and its implications
on asset valuation.
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To conclude, the OLS rolling window
regression analysis shows different outcomes
compared to using a static approach, which
means using a static approach can lead to
uncertain conclusions since herding behavior is
fundamentally a dynamic effect. Therefore, it
can be concluded that a rolling window analysis
is much more reliable and the static approaches
like the CSSD and CSAD can lead to a more
guestionable conclusion.

6.2 Limitations of this research

There are several limitations in this study.
Firstly, this research focuses only on the
VWRL All-World ETF market, which may
limit the generalizability of the findings. ETFs
vary in their underlying assets, investment
strategies, and investor preferences. Therefore,
the conclusions drawn from this study may not
apply to other ETF markets, which could have
different dynamics and investor behaviors.

Secondly, another limitation of this study is the
lack of insight into the underlying causes of
herding behavior. While the study successfully
determines the presence or absence of herding
behavior, it does not delve into the specific
factors that might trigger or influence this
behavior. Further exploration into key variables
such as market transparency, liquidity, stability,
and other relevant factors during times of
market stress could provide a more
comprehensive  understanding  of  the
mechanisms driving herding behavior.

Furthermore, the identification of the structural
break in this study solely relies on the Covid-19
pandemic outbreak announcement by the World
Health Organization. However, it is important
to note that the virus spread gradually and did
not cause an immediate and distinct structural
break in the market. Alternative approaches to
identifying a structural break, such as
considering significant market fluctuations or
governmental interventions, could be explored
to strengthen the robustness of the findings.

6.3 Applications for Future Research

As described earlier, several limitations require
further research. Firstly, examining the possible
influence of crucial factors such as

transparency, liquidity, stability and other
market-related variables on the emergence of
herding behavior during periods of market
stress provides an interesting path for future
research. Since different sectors may react
differently during crises, it is a complex
challenge to assess the extent of herding
behavior in different sectors within the VWRL
All-World ETF.

In addition, from both a financial and legal
perspective, it is promising to investigate which
measures within financial markets are most
effective in limiting herd behavior in different
financial markets. This facet of research can
provide valuable insights into promoting more
resilient and stable financial systems.

Secondly, large institutional investors, like
pension funds, are significant players in
financial markets, but their presence can
probably create challenges in detecting herding
behavior.

One of the reasons for this is their regular
portfolio rebalancing activities. Institutional
investors have specific long-term asset
allocation targets determined by their liabilities.
As these liabilities change over time, they need
to adjust their portfolios to maintain a balance
between risk and return. For example, if the
maturity of their liabilities increases, they might
shift investments from riskier assets like stocks
to safer alternatives such as conventional and
index-linked bonds. These portfolio
adjustments are part of their asset-liability
management  strategies, ensuring their
investment approach aligns with long-term
obligations (Blake et al., 2017, pp. 18-20).

To continue this research, it might be interesting
to focus on the effect of portfolio rebalancing
strategies of institutional investors on the extent
to which herding behavior is detectable.
However, this long-term rebalancing of the
asset mix may give the appearance of herd
behavior. When multiple institutional investors
make similar portfolio adjustments, it becomes
difficult to distinguish between true herd
behavior and strategic rebalancing based on
liability considerations. Researchers studying
herd behavior should therefore be careful not to
misinterpret such strategic adjustments as herd
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behavior. In addition, it would be interesting to
study whether the detection of herding behavior
is not canceled out by these large investors as
they act contrarily based on market movements.

Overall, the portfolio rebalancing activities of
large institutional investors can interfere with
the accurate identification of herding behavior
in financial markets. Researchers must carefully
consider the nuances between genuine herding
and rational portfolio adjustments driven by
long-term asset-liability considerations and
short-term  market  fluctuations.  Robust
methodologies are essential to differentiate
between the two phenomena and provide
accurate insights into market dynamics.
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