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Abstract:
In recent years, cryptocurrency has attracted more attention and is a new
option in the economy and the financial sector. The purpose of this study
is to the volatility and ”herd behavior” of the cryptocurrency, gold, and
stock markets in the US. This research is aimed at investor ”herd behavior”
and how it correlates with the volatility of three assets: the Standard &
Poor’s 500 indexes, Bitcoin, and gold. Also, A new formula by applying the
conditional standard deviation (risk), maximum return, minimum return,
and average return to quantify the herding bias is designed in this research.
In this study, the generalized autoregressive conditional heteroscedasticity
model (GARCH) and the autoregressive moving average model (ARMA)
were both employed. Research results show that Bitcoin is 3.3 times as
volatile as the S&P 500 and 4.6 times as volatile as gold. The results
of this novel equation also show that the herding bias of Bitcoin is more
than 26 times higher than the global average and 10 times higher than the
S&P 500. Also, it’s important to consider the energy consumption and
sustainability of investments when evaluating their long-term viability and
risk. In some cases, investments in companies with strong sustainability
practices and low carbon footprints may be seen as lower risk. Since Bitcoin
relies on a network of computers to validate transactions based on proof of
work and it is an energy consumption consensus mechanism, investment in
Bitcoin may be seen as a higher risk.
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1 Introduction

In uncertain times, many people find safety and solace in holding cash to preserve

liquid assets. Currency depreciation due to inflation is a bad investment. Bonds,

shares (stocks), and even real assets or commodities are all examples of investment

options. Cryptocurrencies are a novel option that has developed in the last several

years. Due to the unpredictability of the cryptocurrency market, those that invest

in it tend to be more adventurous. Herd behavior is a common form of investor

herd mentality, which can lead to poor investing decisions. Price swings in both

markets have a mutual relationship. According to research conducted by Yussef

in the year 2022, herding in the cryptocurrency market increases in tandem with

increases in volatility, the S&P 500, and the dollar index. Rising trade volume,

the price of gold, and the economic policy uncertainty index (EPU) all make it

harder for people to herd in the cryptocurrency market (Youssef, 2022). Further,

primary research shows that herding is more prominent in times of crisis than in

everyday life. In addition, there are actual studies that show herd mentality is only

present in rising markets. These results shed light on the importance of liquidity

in current markets and provide a road map for making more rational investment

decisions (Kyriazis, 2020). Considering this, the volatility of the S&P 500 stock

market index, Bitcoin, and gold were compared and analyzed to determine the

herding tendency of investors.

Volatility refers to the price changes of an asset over time, and it is often used

as a measure of risk. In terms of volatility, Bitcoin is often considered the most

volatile of the three. The price of Bitcoin can fluctuate dramatically within a short

period of time, making it a high-risk investment for some. The S&P 500 and gold

are generally considered to be less volatile, but the S&P 500 can still experience

significant price swings, particularly during times of economic uncertainty.

As mentioned, Herd behavior refers to the tendency for investors to follow the

actions of the majority, rather than making independent decisions (Spyrou, 2013).

In terms of herd behavior, the stock market can be particularly prone to this

phenomenon, as investors may follow the actions of large institutional investors,

causing prices to rise or fall rapidly. In recent years, the cryptocurrency market,

including Bitcoin, has also exhibited signs of herd behavior, as retail investors have

flocked to the market, driving up prices. Gold, on the other hand, is often seen as a

hedge against market volatility and is less subject to herd behavior. It’s important

to note that these are general observations, and individual investments can still be

subject to a variety of risks, regardless of their level of volatility or herd behavior.

As always, it’s important to conduct thorough research and consult with a financial

advisor before making any investment decisions.

In terms of volatility, the S&P 500 has average historical volatility of approxi-

mately 15−20%. Bitcoin, on the other hand, has average historical volatility that is

significantly higher, ranging from 60− 80%. Gold is often considered to have lower
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volatility, with average historical volatility in the range of 10 − 15%. It’s difficult

to quantify the extent of herd behavior in financial markets, but there are metrics

that attempt to measure it. For example, metrics such as the Herding Index or

the EasleyO’Hara-S degrading herding measure can be used to quantify the degree

of herding in a given market. However, these metrics are complex and subject to

interpretation, and a single numerical value is unlikely to accurately capture the

complex dynamics of herd behavior in financial markets. It’s important to remem-

ber that these numbers are only rough estimates and that the level of volatility and

herd behavior can vary significantly over time, depending on a variety of factors.

Moreover, it’s important to consider a variety of factors beyond just volatility and

herd behavior when making investment decisions (Kurka, 2019).

On the other hand, Energy consumption is not directly related to the volatility

or herd behavior of the S&P 500, Bitcoin, and gold. However, it is an important fac-

tor to consider when evaluating the sustainability and long-term viability of certain

investments, particularly Bitcoin. Bitcoin, as a decentralized cryptocurrency, relies

on a network of computers to validate transactions and maintain the integrity of

the blockchain. This process, known as mining, requires a large amount of energy,

as it involves solving complex mathematical problems (Proof of work). According

to Talaiekhozani et al., 2021, the energy consumption of the Bitcoin network is

on par with that of entire countries, making it a significant contributor to global

carbon emissions. The energy consumption of the S&P 500 and gold, on the other

hand, is largely indirect, as the companies in the S&P 500 and the production of

gold both require energy to function. However, the energy consumption of these

industries is not directly tied to the volatility or herd behavior of these investments.

It’s important to consider the energy consumption and sustainability of investments

when evaluating their long-term viability and risk. In some cases, investments in

companies with strong sustainability practices and low carbon footprints may be

seen as lower risk, while investments in industries with high energy consumption

and significant environmental impact may be seen as higher risk. However, this is

a complex issue, and a variety of factors, beyond just energy consumption, should

be considered when making investment decisions (Spaargaren et al., 2013). This

research investigates the behavior of investors in the US financial markets, focus-

ing on the S&P 500, Bitcoin, and gold. It introduces a novel formula to quantify

herding bias, considering factors such as conditional standard deviation and return

metrics. Applying GARCH and ARMA models, the study finds Bitcoin to be signif-

icantly more volatile than traditional assets and exhibits a substantial herding bias.

The results underscore the need to consider sustainability and energy consumption,

particularly in Bitcoin investments. This research provides valuable insights into

the interplay of volatility and herd behavior, shedding light on the dynamics of

cryptocurrency markets and their implications for investors.
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1.1 Literature review

Herd behavior is broadly defined as investors’ imitation of the other’s behavior.

Devenow and Welch (1996) highlight three reasons for herd behavior. The first

reason is the payoff externality (the outcome of action increases with the number

of agents performing it). For example, investors tend to trade simultaneously to

benefit from increased liquidity (Admati and Pfleiderer, 1988; Dow, 2004). A sec-

ond reason is the reputational concerns and issues associated with principal-agent

theory (Scharfstein and Stein, 1990; Rajan, 1994; Graham, 1999). If a manager’s

performance is measured relative to a benchmark (i.e., the average performance of

other managers or the performance of a market/industry index) then mimicking

the benchmark is very attractive. By doing this, the manager sacrifices the poten-

tial for outperformance, but hedges against relative underperformance. The third

explanation for rational herding is information externalities. Externalities are so

strong that investors may voluntarily choose to ignore their information. In the

most extreme cases, individual behavior no longer conveys information. This is be-

cause an individual’s behavior is only the result of imitating the behavior of others.

In this case, an information cascade occurs.

Based on traditional asset pricing models, inefficient markets investors can price

financial assets correctly under rational expectations.

There are many assumptions behind the models that have been shown not to

hold in reality:

1. security markets are very competitive and efficient.

2. security markets are dominated by risk-averse and rational investors. They

seek to maximize satisfaction from returns on their investments.

Without market efficiency, however, some investors follow others’ strategies in-

stead of relying on their information and opinions a type of herd behavior (Huang

et al., 2015). In addition, in the cryptocurrency market, almost everything is dif-

ferent, and digital or virtual currencies are secured by cryptography. This new

asset class, known as cryptocurrencies, has emerged that has attracted investors of

all kinds with the extraordinary increase in digitalization around the world. The

uniqueness of this new asset class has led researchers to measure unusual trading

patterns and behavioral faults withinside the crypto market (Shrotryia & Kalra,

2021). Cryptocurrencies have emerged as an alternative innovative category of an

asset for investments traded by international investors in data-rich markets. Much

attention has been dedicated to their pricing properties, but the academic literature

on behavioral drivers has not been well-developed to date (Gurdgiev & O’Loughlin,

2020). Recent studies and examinations have made a significant help to researchers

better explore the current research trends within a particular field of study known

as herding behavior in cryptocurrency markets. Academic research on herd behav-

ior in cryptocurrency markets has been analyzed in this study. Various articles

were selected to advance the research about herd behavior and its appearance in

crypto markets.
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Herd behavior is the behavior of an individual who acts together without a cen-

tral direction. This kind of behavior can happen in animals and humans in a variety

of situations. In finance, herding is a tendency of individuals (or organizations) to

imitate the behavior of others after interactively observing their actions (Hirsh-

leifer & Hong Teoh, 2003). Herding happens when individuals track the behavior

of others and ignore their signs and general market fundamentals (Erdenetsogt &

Kallinterakis, 2016). A basic study by Scharfstein and Stein (1990) on herd behav-

ior has targeted different periods, nations, financial markets, financial crises, and

investor types. Several methods and models were used to illustrate this behavior.

To better understand herding behavior, an important literature review of herding

behavior presence during the first decade and the second decade was published.

According to information from the Web of Science, 65 articles that cited 1944

times were published between 1990 and 2007. In the next five years, there were

74 articles with 2913 citations. 168 articles were cited 10,155 times between 2014

and 2021. The growing attention to this topic and following publications has made

it possible to conduct research in specific sub-areas. Therefore, the latest general

view of herd behavior in financial markets is guaranteed. To achieve a better view

of herd behavior in financial markets and especially crypto markets, a bibliometric

analysis of herd behavior in financial markets is used. The result is a comprehen-

sive and organized source of data that may be used by researchers as a reference

(Bonilla et al., 2015). This enables an assessment of scientific activity, the impact

of publications, and sources for guiding new research (Moreno and Rosselli, 2012).

The remarkable growth of research in this area happened and encouraged the

progress of subareas of interest to researchers divided into five well-defined research

groups. The first group focused on a deeper understanding of herd behavior. The

second group focuses on evidence of the existence of herding behavior in multiple

financial markets and the possible reasons or causes for this behavior. The third

group focuses on this behavior during the financial crisis. The fourth focuses on how

investor types affect herding, and the final group focuses on how herding appears

and its potential impact on portfolio management.

The existence of herd behavior in the crypto market has been analyzed by Kaiser

and Stöckl (2020). Statistically significant proof of it has been provided. Results

are in contrast with existing empirical evidence on this subject, primarily because

earlier studies suffered from sampling biases. Incorporating the concept of beta

herding into the discussion adds even more robustness to the results. In addition,

it proposes the concept of Bitcoin as a ”transfer currency”. It empirically indi-

cates that transfer currency-centric herding measures represent the diversification

of investor beliefs on the crypto market more accurately (Kaiser & Stöckl, 2020).

The existence of herd behavior in the crypto market has been examined by

Bouri, Gupta, and Roubaud (2019). The latter is the result of mass relationship

and imitation. The results of the static model show that there is no significant

herd behavior. However, the existence of structural breaks and non-linearities in the
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data series indicates that the application of static models is not suitable. Therefore,

rolling window analysis has been used and the results show significant herd behavior

that changes over time. It has been indicated that herding behavior tends to occur

as uncertainty increases by using logistic regression. Results lead to useful insights

related to risk management and portfolio, market efficiency, and trading strategies

(Bouri et al., 2019).

Herding and its possible causes in the cryptocurrency market have been studied

by Kallinterakis, and Wang (2019). Herding seems to be significant (regardless of

Bitcoin’s presence and trends over time), highly asymmetric (more intense during

up-markets, low volatility, high volume days), with smaller cryptocurrencies en-

hancing its scale. The results show that the crypto market has the potential for

strong destabilization, the latter of which is particularly relevant to the authorities

entrusted with its regulatory treatment (Kallinterakis & Wang, 2019).

Though the cryptocurrency market is highly unpredictable, the amount of re-

search on herding in this market is very limited. Hence, studies can provide a clear

idea of the herding nature of the cryptocurrency market. The nature of herding

behavior in the cryptocurrency market has been analyzed by Mahmood Ali (2022).

The first 200 crypto coin data ranked based on the market capitalization on January

1, 2020, has been used to develop an analysis. It describes the nature and strength

of the herding behavior in crypto investors in different periods (using daily, weekly,

and monthly frequency data) and in different states (high vs. low EPU state and

high vs. low VIX state). The results show that the nature and magnitude of herd-

ing in the short run (daily frequency) are not the same as the nature and magnitude

of herding in the long and medium run (monthly and weekly frequency). Also, it

was shown that herding in the high EPU (Economic Policy Uncertainty) and VIX

(CBOE Volatility Index) states is not the same as in low EPU and VIX states. It

also shows the magnitude of the herding impact on the next day’s market profits

in the crypto market (Ali, 2022).

Testing the herd behavior in the crypto market herd using the CSAD method

of Chang et al. (2000) has been examined by Ajaz and Kumar (2018). The daily

returns of the six main cryptocurrencies and market index CCI30 for the period July

8, 2015, to January 18, 2018, have been used. The potential for herding behavior

in up and down markets, and under high and low volatility is tested. Herding

behavior is seen in the up-and-down movements of the market, showing excessive

enthusiasm and overreaction. It is found that Market volatility has no significant

effect on herd behavior, herding depends more on market activity than on market

volatility (AJAZ & KUMAR, 2018).

Investigating the presence of herding behavior in the cryptocurrency market un-

der certainty using return cross-sectional absolute deviation (CSAD) of returns,

generalized autoregressive conditional heteroscedasticity (GARCH) methods, Ordi-

nary Least Squares (OLS), and TimeVarying Markov-Switching (TV-MS) model

for both sub-periods and overall sample which was determined based on the re-
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sults Bai-Perron breakpoint tests is investigated by Coskun, Lau, and Kahyaoglu

(2020). daily data of 14 major cryptocurrencies in terms of closing price, market

capitalization, and trading volume has been used. Also, dummy variables have

been used to investigate whether asymmetric behavior happened during the ”up

and down” market period. The overall sample results are related to each model’s

anti-herding behavior. However, the results of the TV-MS model show the presence

of herd behavior in low volatility regimes during the third sub-period (2/28/2017-

1/16/2018), an anti-herding behavior happened during the high volatility regime,

and the impact of uncertainty was significant on the anti-herding behavior. Re-

sults indicate that there were no significant asymmetric behaviors during the ”up

and down” phase of the market (Coskun et al., 2020). The herd behavior in the

cryptocurrency market during the normal, skewed, Bitcoin bubble and COVID-19

pandemic phases has been investigated by Vijay Kumar Shrotryia and Himanshi

Kalra (2021). Also, the importance of Bitcoin in promoting herd behavior in the

market has been examined. Results show that the crypto herd occurs during nor-

mal, bullish, and high volatility periods. Results indicated that the recent outbreak

of COVID-19 subjects the crypto market to herding activity (Shrotryia & Kalra,

2021).

In another study, herding behavior in the cryptocurrency market during the

coronavirus pandemic has been analyzed (Yarovaya et al., 2021). Mixed quanti-

tative methods are used to hourly prices of the four most traded cryptocurrency

markets (USD, EUR, JPY, KRW) for the period January 1, 2019, to March 13,

2020. However theoretical reasons imply the ”Black

Swan” effect on Cryptocurrency herding, but results show that the coronavirus

has not increased the herding behavior in the cryptocurrency market. In all the

markets surveyed, herding behavior continues to be possible on the rising or falling

days of the market but does not become stronger during the coronavirus pandemic.

These results can help crypto investors and regulators to gain a better understand-

ing of the crypto market and the economic impact of the coronavirus pandemic.

The effect of interaction between the behavioral factors behind investor decisions

and publicly available data flows on the cryptocurrency price dynamics has been

investigated by Gurdgiev and O’Loughlin (2020). Sentiment analysis is used to

model the impact of public sentiment on the asset market, especially cryptocurren-

cies, on the valuation of crypto assets. results indicate that investor sentiment can

predict the direction of cryptocurrency prices, showing the direct effect of herd and

anchor biases (Gurdgiev & O’Loughlin, 2020).

In another survey developed by Rubbaniy, Tee, and Iren (2022) daily data

from 382 cryptocurrencies and a quantile-on-quantile regression (QQR) framework

advanced by Sim and Zhou (2015) have been used to set up a relationship be-

tween investors’ sentiment and herd behavior and provide support for the mood-

as-information hypothesis withinside the crypto market. the influence of investors’

sentiment on herd behavior is asymmetric, regimespecific with a (weaker)higher
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(anti)herding tendency towards sad(happy) quantiles of investors’ sentiment, shown

by the results of the quantile-on-quantile regression analysis (Rubbaniy et al., 2022);

(Sim & Zhou, 2015).

Literature reviews show that there is no agreement on the cause of herd behavior

in financial markets. Therefore, new questions and prospects arise that explain the

continuation of research on herd behavior. In this study, three different investment

opportunities are studied. As mentioned, it is possible to compare different invest-

ment opportunities, such as Bitcoin, the S&P 500, and gold, and their investors.

Each of these assets has its own unique characteristics, risk-return profile, and in-

vestor base, which can be compared and evaluated. The S&P 500 is an index of

500 large publicly traded companies in the United States. It is considered a more

traditional investment opportunity and is widely used as a benchmark for the over-

all performance of the US stock market. Investors in the S&P 500 tend to be more

risk-averse and are often looking for long-term growth and stability (Kamalov et

al. 2020). Farajnezhad et al (2020), keynesian believes that a nominal increase in

money stock instead of a certain price level upsurge the real money supply. There-

fore, the equilibrium interest rate is reduced, and investment and production will

be increased. In addition, it is reasonable to infer that a nation boasting a ro-

bust economy tends to exhibit a sturdy currency, and conversely, a nation with a

formidable currency often signals economic strength. This connection is founded

on the intricate interplay between a country’s economic vitality and the value of

its currency. Economic robustness can bolster a currency’s value, reflecting the

nation’s overall financial health. In contrast, a resilient currency may indicate a

thriving economy (Tajdini et al., 2022).

Gold is a precious metal that has been used as a store of value for thousands of

years. It is considered a safe-haven investment, as it is less affected by economic and

political events than other assets. Investors in gold tend to be more conservative

and are often looking for a hedge against inflation and market volatility (Bogdan et

al., 2019). Bitcoin is a decentralized digital currency that operates independently of

a central bank or government. It is considered a high-risk, high-reward investment

due to its volatility and lack of regulation. Investors in Bitcoin tend to be younger

and more tech-savvy and are often attracted to its potential for high returns and its

status as a store of value. Also, Bitcoin is a form of virtual currency that emerged

in the wake of the 2008 financial crisis. Furthermore, its widespread interest can be

attributed to the fact that it is distributed through a blockchain. Bitcoin’s extreme

swings in value scare off most investors, who instead go to safer bets like stock

indices. It’s important to note that the investment landscape is constantly changing,

and that past performance is not a guarantee of future returns. In addition, each

investment opportunity has its own risks and benefits, and it’s crucial to carefully

consider investment goals and risk tolerance before making any investment decisions

(Ainia et al., 2019).

Risk-taker investors prefer high-risk, high-reward investments, while risk-averse
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investors seek alternatives. Moreover, herd behavior is seen among traders in the

stock market and the cryptocurrency market. In this study, the S&P 500 stock in-

dex, Bitcoin, and gold as symbols for these three markets were studied by employing

conditional risk and related models such as ARMA, and GARCH. The autoregres-

sive moving average model (ARMA) and the generalized autoregressive conditional

heteroskedasticity model (GARCH) must be known before the conditional risk can

be comprehended.

2 Research Methodology

2.1 Autoregressive Moving Average (ARMA)

The Autoregressive Moving Average (ARMA) model is a type of statistical time

series model used in econometrics and finance to model and analyze univariate

time series data. It is a combination of two statistical models: the Autoregressive

(AR) model and the Moving Average (MA) model. The AR model considers past

values of the time series to predict future values, assuming that the future value of

a time series is a linear combination of past values. The MA model considers past

residuals or errors in the time series to predict future values, assuming that the

future value of a time series is a linear combination of past residuals or errors. The

ARMA model combines these two models to consider both the past values and past

residuals of the time series to make predictions about future values. The parameters

of the ARMA model are estimated using maximum likelihood estimation or other

statistical methods, and the resulting model can be used for forecasting, hypothesis

testing, and other analysis tasks. In summary, the ARMA model is a flexible and

widely used statistical tool for analyzing and predicting time series data, especially

in the fields of economics and finance (Prado et al., 2020).

2.2 Generalized Auto Regressive Conditional Heteroskedasticity
(GARCH)

It is a GARCH model, a variant of the ARMA model if the error variance is con-

sidered to follow an autoregressive conditional heteroskedasticity (ARCH) process

(Bollerslev, 1986), which can be presented in Eq.(1):

a2t = α0 +

i=u∑
i=1

αia
2
t−i +

j=v∑
j=1

βjσ
2
t−j (1)

Integrated Generalized Autoregressive Conditional heteroskedasticity (IGARCH)

As shown in Eq. (2), Integrated (GARCH) is a limited version of the GARCH

model, in which the continual parameters add up to one, and give the GARCH
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process a unit root.
i=p∑
i=1

βj +

i=q∑
i=1

αi = 1 (2)

Glosten-Jagannathan-Runkle GARCH (GJR-GARCH)

In 1993, Glosten, Jagannathan, and Runkle first presented the GJR-GARCH model

(Glosten et al., 1993). Specifically, the formula is Eq. (3):

σ2
t = ω +

i=u∑
i=1

αiσ
2
t−1 +

j=v∑
j=1

βjσ
2
t−j + γiIt−iσ

2
t−i (3)

If α(t − i) is positive, the indicator function returns zero, and if it is negative, it

returns one, where α, β, and γ are constant. This dummy variable thereby separates

the positive and negative shocks, and the asymmetric effects are captured by γ

(Cerovi Smolovi et al., 2017).

In this study, conditional risk was first measured using conditional risk formulas,

and then the herd effect was measured using the innovative formula of this article.

Exponential General Autoregressive Conditional Heteroskedastic (EGARCH)

One variant of the GARCH model is the so-called exponential version (EGARCH).

For the GARCH (p, q) models generated conditional variances to remain positive,

the process parameters must be constrained to have nonnegative values (Bollerslev,

1986). However, Nelson and Cao demonstrate that these constraints should not

be applied in estimation, and proposed the EGARCH model (Nelson Cao, 1992).

The asymmetric impact of shocks on the conditional variance is verified if γ ⪇ 0

is significant. Additionally, the model allows for the testing of leverage effects by

assuming γ < 0.

ϵt = σtzt, lnσ2
t = ω +

i=p∑
i=1

αiϵ
2
t−i +

j=q∑
j=1

βj lnσ
2
t−j

The following specification also has been used in the financial literature (Dhamija

Bhalla, 2010).

ϵt = σtzt, lnσ2
t = ω + αiϵ

2
t−i +

j=q∑
j=1

λj ln(σ
2
t−j) +

i=p∑
i=1

γi
ϵt−i

σt−i
−

√
2

π

Power Exponential General Autoregressive Conditional Heteroskedastic (PGARCH)

The basic GARCH model can also be extended to allow for leverage effects. This is

made possible by treating the basic GARCH model as a special case of the power

GARCH (PGARCH) model. This model by Taylor (1986) uses conditional standard
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deviation as a measure of volatility instead of conditional variance. PGARCH was

generalized by Ding, Granger, and Engle (1993) using the PGARCH model as

follows:

σδ
t = ω +

i=q∑
i=1

αi(|µt−i| − γµt−i)
δ +

j=p∑
j=1

βjσ
δ
t−j (4)

In this equation, γ denotes asymmetry. In the symmetric model, γ is zero for all

values and the coefficient.

Zhang (2006) used to move average models, exponential moving averages, and

various GARCH models to forecast the indices of China’s Shanghai and Shenzhen

Stock Exchanges. He concluded that there is no single model that performs best in

all conditions. For example, asymmetric models such as his GJRGARCH and his

EGARCH for the Shenzhen index performed better than other his GARCH models,

but the asymmetric model was not suitable for conditional risk prediction of the

Shanghai index.

Abdelaal (2011) studied the Egyptian stock market from 1998 to 2009. They

realized that the EGARCH model predicts volatility better than other models. Liu

and Hung (2009) tested the EGARCH, GARCH, ARCH, and GJR-GARCH models

on the SP index and found that asymmetric models such as EGARCH and GJR-

GARCH had a better performance in accurate prediction of volatility. Dritsaki

(2017) investigated the daily returns of stocks on the Stockholm Stock Exchange

and found that asymmetric GARCH models such as EGARCH with a Student dis-

tribution along with the ARIMA (0, 0, 1) model provide accurate predictions of the

GARCH models. Andreea-Cristina and Stelian (2017) investigated the volatility of

the euro exchange rate against the Romanian currency and found that the asym-

metric EGARCH and PGARCH models performed better in estimating risk and

return than the symmetric GARCH model.

To quantify herd bias, we use the innovative equation including four factors:

conditional risk, average return, maximum return, and minimum return as follows.

HerdBias = (|max−Average|+ |min−Average|)× σt

Where MAX is the Maximum return, MIN is the Minimum return, Average is the

average return, and σt is the mean optimal conditional standard deviation.

In another word, in this research, we formulated the innovative coefficient includ-

ing the sum of the absolute value of the difference between the maximum return

and the average return and the absolute value of the difference between the min-

imum return and the average return as a conditional risk coefficient to measure

herd bias. As it is clear in the inventive formula of conditional risk with index t

and a maximum, a minimum and an average of the entire period, we have no need

for index t.
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2.3 Conditional risk

The ARMA-GARCH model is frequently employed to simulate the conditional

mean and conditional variance dynamics of hazardous asset returns. Results from

the real world indicate that these models are slowing down innovation and have

positive extremum indices. Extreme value theory is used to figure out the top and

bottom quantiles of the residuals. The process of estimating GARCH parameters

has been around for quite some time. Consistency and asymptotic normality were

observed across a range of scenarios (Hall & Yao, 2003; Jensen & Rahbek, 2004).

On the other hand, there is a dearth of literature that addresses efficiency concerns

when trying to estimate semiparametric GARCH models. Engel and Gonzalez-

Rivera made the first attempt at this, whit some success in achieving efficiency

through Monte Carlo simulation (Engle & Gonzalez-Rivera, 1991). Theoretical

works by Linton, (1993) and Drost & Klaassen, (1997) explain the impossibility of

perfectly adaptable estimators and demonstrate effective estimators through repa-

rameterization. Adaptive estimation in nonstationary ARMA-GARCH models is

further investigated by Ling & McAleer, (2003). Some studies have shown that

conditional risk in GARCH models is better at predicting risk than unconditional

risk (Liu & Hung, 2010; AbdElaal, 2011; Intaz et al., 2016; PETRIC & Stancu,

2017; Dritsaki, 2017; Guo, 2017; Guo, 2017a; Coffie et al., 2017; Tajdini et al.,

2019; Mehrara & Tajdini, 2020; Tajdini et al., 2020). Also, Della Corte et al.,

(2009), Daniel et al., (2014), and Della Corte et al., (2021) predicted currency ex-

cess returns using construct mean-variance optimal portfolios and conditional risk

factors.

3 Finding

To measure the risk, we measured the returns of Bitcoin and S&P500 and gold

price with the GARCH family model which are shown in tables 1 and 2, and finally,

the EGARCH model has been optimized after calculating the squared forecast

errors. But due to the positive gamma coefficient, the EGARCH model cannot be

considered for the global gold price index.

Table 1: EGARCH results

Title α β ∆

S&P500 0.33* 0.94* -0.14*

P-value 0.000 0.000 0.000

Bitcoin 0.24* 0.94* -0.04*

P-value 0.000 0.000 0.000

GOLD 0.09 0.97 0.064

P-value 0.000 0.000 0.000
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Anywhere coefficients α, β, and γ are significant. The symbol * denotes signifi-

cance at the 5% levels.

Table 2: PGARCH results

α β γ ∆

S&P500 0.17* 0.81* 0.71* 0.54*

P-value 0.000 0.000 0.000 0.000

Bitcoin 0.12* 0.86* 0.19* 0.84*

P-value 0.000 0.000 0.000 0.000

GOLD 0.04 0.94 -0.59 1.7

P-value 0.000 0.000 0.000 0.000

Anywhere coefficients α, β, γ, and δ are significant. The symbol ∗ denotes signif-
icance at the 5% levels.

Table 3: Herd Bias in S&P500 Index and Bitcoin

Title Average of
Return

Optimal
conditional
S. D

MAX of
Return

MIN of Re-
turn

Herd Bias

S&P500 0.0006 0.012 0.0897 -0.1276 0.0026

Bitcoin 0.0019 0.04 0.2251 -0.4647 0.026

GOLD 0.00025 0.0086 0.05 -0.061 0.001

In this study, data are compiled from data series of gold, S&P500, and Bitcoin

markets. We collect stock-based data, e.g., closing price, maximum price, mini-

mum price, maximum return, minimum return, average return, and mean optimal

conditional standard deviation from market series during the sample period from

2015 to 2021.

Table 3 presents the descriptive analysis of the financial data of the gold, S&P500,

and bitcoin markets. Column (5) reports the herding bias of 0.0026, 0.026, and 0.001

with the optimal conditional standard deviation of 0.012, 0.04, and 0.0086 , the

minimum return of 0.1276,−0.4647 and -0.061 , a maximum return of 0.0897, 0.2251

and 0.05 , an average return of 0.0006, 0.0019 and 0.00025 for the S&p500, Bitcoin

market and gold, respectively.

Conclusions

In behavioral finance, herd mentality bias refers to investors’ tendency to follow

and copy what other investors are doing. They are largely influenced by emotion

and instinct, rather than by their independent analysis. Numerous studies have
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been conducted on herding behavior, but the dispossession of a risk-based quanti-

tative model for measuring herding bias has been observed. Most studies focus on

stock characteristics to explain the herding behavior of individual or institutional

investors. By introducing a new innovative formula that allows us to assess the

herding behavior of a given investor over time, we can measure herd bias in finan-

cial markets such as the S&P500 and Bitcoin, and gold markets. In this study, we

first examined conditional risk and then invented a new model to quantify herd

behavior in three markets: low risks such as gold, medium risks such as the stock

market, and high risks such as cryptocurrencies. In this study, we sought to invent

a model to quantify herd behavior. Our results showed that the volatility of Bit-

coin was 3.3 times that of the S&P500 and 7.6 times that of the gold, and based

on our innovative equation, the herding bias of Bitcoin was 10 times that of the

S&P500 and 26 times that of the gold market. Also, it’s important to consider

the energy consumption and sustainability of investments when evaluating their

long-term viability and risk. As mentioned, investments in companies with strong

sustainability practices and low carbon footprints may be seen as lower risk. Since

Bitcoin relies on a network of computers to validate transactions based on proof of

work consensus mechanism and it is an energy consumption process, investment in

Bitcoin may be seen as a higher risk.

In summary, more empirical studies are needed in emerging markets where ev-

idence suggests greater herd bias is likely to be seen. Information cascades and

reputational herding are more likely to occur in these markets. The environment

in these markets is relatively uncertain due to weak reporting requirements, low

accounting standards, lax regulatory enforcement, and costly information gather-

ing. Given the critical role of finance in economic sustainability, this study adds

invaluable information to policymakers, and in particular, the findings will help

potential investors in the stock, gold, and cryptocurrency markets. This study ad-

vances our understanding of the herding biases associated with investor investment

decisions, which will enable corporate stakeholders, financial analysts, exchanges

regulators, and crypto market regulators to devise their strategic and regulatory

policies accordingly.

In conclusion, our study not only unveils the dynamics of herd mentality bias

in financial markets but also introduces an innovative model for quantifying this

bias. By examining conditional risk and applying our novel formula, we discerned

distinct herd behaviors in lowrisk (gold), medium-risk (S&P500), and high-risk

(Bitcoin) markets. The substantial difference in volatility among these assets high-

lights the varying degrees of risk investors face. Moreover, our findings underscore

the importance of considering environmental sustainability in investment decisions,

emphasizing the potential risks associated with Bitcoin’s energy-intensive proof-

of-work mechanism. As the financial landscape continues to evolve, our model

provides a valuable tool for investors and researchers to navigate and understand

the intricate interplay of herd behavior, risk, and sustainability in diverse markets.
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