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Abstract: This article examines the asymmetric volatility spillover effects between Bitcoin and
alternative coin markets at the disaggregate level. We apply a frequency connectedness approach to
the daily data of 11 major cryptocurrencies for the period from 1 September 2017 to 2 March 2022. We
try to uncover the existence of the “fear of missing out” psychological effect and “pump-and-dump
schemes” in the crypto markets. To do that, we estimate the volatility spillovers from Bitcoin to altcoin
and the cryptos’ own risk spillovers during bull and bear markets. The spillover results from Bitcoin
to altcoin provide mixed results regarding the presence of this theory for major cryptocurrencies.
However, the empirical findings carried out by the cryptos’ own spillover effects fully confirm the
existence of a fear-of-missing-out effect and pump-and-dump schemes in all cryptocurrencies except
for USDT.
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1. Introduction

Cryptocurrencies have drawn considerable interest from investors, policymakers, and
regulators since Bitcoin was created by Satoshi Nakamoto (2008). With their widespread
popularity among the public, they have become a popular topic in recent times among
academicians, investors, portfolio managers, and regulators. Corbet et al. (2019) di-
vided academic publications on cryptocurrencies into five main categories: bubble dy-
namics (Corbet et al. 2018b; Vranken 2017), regulation (Böhme et al. 2015; De Filippi 2014;
Fletcher et al. 2021), cybercrime (Bernabe et al. 2019; Pinzón and Rocha 2016;
Wang et al. 2020), diversification (Chemkha et al. 2021; Urquhart and Zhang 2019), and
efficiency (Khuntia and Pattanayak 2018; Nan and Kaizoji 2019; Vidal-Tomás and Ibañez
2018). However, we can extend the list of ranges from return-volume relationships and
tail riskiness (Balcilar et al. 2017; Fousekis and Tzaferi 2021) to speculation (Blau 2018;
Smaniotto and Neto 2020), as well as return-volatility transmissions between cryptocurren-
cies and other conventional financial markets (Bouri et al. 2018; Charfeddine et al. 2020;
Corbet et al. 2018a).

Unlike other financial assets that are not traded on holidays, the crypto market is
open 24 h a day including weekends. Thus, it is important to examine volatility spillover
within crypto markets at multiple frequencies (Mensi et al. 2021). Rather than looking
through the whole directional risk spillovers among crypto assets, as in other studies
(i.e., Brandvold et al. 2015; Ciaian et al. 2018; Fasanya et al. 2021; Katsiampa et al. 2019;
Koutmos 2018; Mensi et al. 2021; Sensoy et al. 2021; Yi et al. 2018), we concentrate on the
accumulated risk spillovers from Bitcoin to other major alternative coins from the first
day to longer periods. Our main motivation for doing so is the fact that price movements
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in the crypto market are largely determined by Bitcoin (Corbet et al. 2018a; Kumar et al.
2022; Yi et al. 2018). In addition, we examine the cryptos’ own risk spillovers at different
frequencies. Indeed, our study is mainly related to two strands of studies in the crypto
markets: studies investigating the relationship among crypto markets (Aslanidis et al.
2021; Fousekis and Tzaferi 2021) and studies examining the behavioral characteristics of
cryptocurrency investors (Baur and Dimpfl 2018; Wang et al. 2021). This study differs
from others in terms of the following aspects: The first aspect is the fact that the main
risk coming from Bitcoin price movements to altcoins is neglected by these studies. When
this fact is ignored, crypto investors cannot take full advantage of the study results. The
second aspect is that we decompose the time domain into various frequencies, but we
report the accumulated volatility spillover from Bitcoin to altcoins from the first trading
day to the long-term investment horizon. In the third aspect, this study indeed provides
different perspectives to test which kinds of investors (informed and uninformed) are
dominant in the crypto market for the various altcoins under consideration. Lastly, we use
a greater number of cryptos and try to select older major cryptocurrencies1 with higher
market capitalization.

Volatility and volatility spillovers have become hot topics of finance research since the
development of the conditional heteroscedasticity models of Engle (1982) and Bollerslev
(1987). Subsequently, various generalized autoregressive conditional heteroscedasticity
(GARCH) models2 have been formulized in the literature after recognizing that volatility
propagates asymmetrically (Ang and Chen 2002; Baruník et al. 2017). Later, Cappiello et al.
(2006) introduced the asymmetric dynamic conditional correlation DCC (ADCC) specifi-
cation to account for both multivariate and asymmetries in the conditional variances and
the conditional correlations. Based on the realized semivariances proposed by Barndorff-
Nielsen et al. (2010), Baruník et al. (2016) propose a way to capture volatility spillovers
that are due to bad and good volatility. As an alternative volatility spillover measurement
approach, Diebold and Yilmaz (2009, 2012) developed a volatility spillover index (the
DY index) based on forecast-error variance decompositions from vector autoregressions
(VAR). This technique, however, assumes that the spillover effects among markets are the
same across different investment horizons. Still, this assumption fails to model market
reality. Baruník and Křehlík (2018) extend the time-domain DY index to the frequency
domain to overcome this deficiency. Rather than focusing on frequency responses, this
approach is interested in assessing shares of uncertainty in one variable due to shocks with
varying persistence levels. In addition, the DY index is better than other ways of measuring
volatility, such as multivariate asymmetric GARCH models, because it can measure the
direction of the spillover effect in short-, medium-, and long-term financial cycles.

Against this background, the main goal of the present paper is to shed light on the
existence of informed traders (or insiders) and uninformed noise traders in the cryp-
tocurrency market. “Fear of missing out” (FOMO) and pump-and-dump schemes have
attracted the attention of researchers in cryptocurrency markets (Baur and Dimpfl 2018;
Delfabbro et al. 2021; Park and Chai 2020; Wang et al. 2021; Xu and Livshits 2019). FOMO
is the fear a trader or investor experiences when they miss out on a potentially profitable
investment or trading opportunity in the context of financial markets and trading. The
FOMO feeling is most apparent when the value of an asset climbs dramatically in a short
period. On the other hand, crypto pump-and-dump schemes occur when conspirators use
misleading information to inflate the value of a currency, then sell it for a profit. In this
respect, it is wise to assume that the greater the number of uninformed noise traders and
fraudsters in a certain altcoin market, the greater the risk of spillovers from bitcoin (or
altcoins’ prices) to related altcoins. The fact that bitcoin price crashes are followed by other
altcoins in the cryptocurrency market confirms this argument.

Our study is strongly related to various studies, such as those by Demir et al. (2021)
and Brik et al. (2022), in the cryptocurrency finance literature. Demir et al. (2021) in-
vestigated the asymmetric effect of Bitcoin on ETH, XRP, and LTC using the nonlinear
autoregressive distributed lag (NARDL) model for the period of July 2015 to March 2019.
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Their results indicated that the price of Bitcoin impacts altcoin prices asymmetrically in
the short run for all altcoins and a decline in Bitcoin price has a higher effect on altcoins
than a rise in Bitcoin price. On the other hand, Brik et al. (2022) examined the return and
volatility transmissions between Bitcoin and ten stable and nonstable major cryptocurren-
cies from 8 October 2018 to 17 August 2020 utilizing the VARMA-BEKK-GARCH model.
They provided evidence that volatility transmission is bidirectional in the short and long
runs for Bitcoin/Ethereum and Bitcoin/Bitcoin Cash but unidirectional in the short run
for Bitcoin/Tether and Bitcoin/TrueUSD. Except for Bitcoin and TrueUSD, there is no
long-term bidirectional volatility transmission. The main motivation for this study is to
use asymmetric spillover measures to bring a different perspective to the issues that are
frequently discussed in the finance literature. It is important for informed investors who
want to invest in the crypto market to know in which altcoin market uninformed investors
and fraudsters trade the most. Consequently, our work may be of interest to investors who
want to recognize the risk coming from uninformed investors and adjust their investment
strategy according to BTC price fluctuations.

We examine bitcoin and a set of 10 major altcoins with the largest market capitalization
and find interesting results about the spillover from Bitcoin to altcoins during different
market conditions. Our data span from 1 September 2017 to 2 March 2022. Our empirical
results show that the short- and long-term risk spillovers sourced by Bitcoin are larger for
BNB, ETH, LTC, and USDT during bullish market conditions. However, the short- and
long-term risk spillovers from Bitcoin to TRON and XRP are greater during bearish market
conditions. For ADA and DOGE, the risk spillover emanating from Bitcoin during a bearish
market exceeds the risk spillover during a bullish market after the tenth day. Moreover,
regarding the risk spread from Bitcoin to BCH and LINK, we do not observe any obvious
difference between the bull and bear markets. In addition to this analysis, we examine
the cryptocurrency’s own risk spillovers at various frequencies and volatility spillovers
from BTC to altcoins during the pre- and post-COVID-19 periods. After COVID-19, the
volatility spillover index from BTC to altcoins differs. For instance, the volatility spillover
from BTC to BCH, DOGE, LINK, and TRX increased after the COVID-19 outbreak. The
empirical findings clearly support FOMO and pump-and-dump schemes for all cryptocur-
rencies under consideration. Overall, we conclude that the FOMO of noise traders and the
deployment of pump-and-dump schemes are inherent features of cryptocurrencies.

The rest of the paper is organized as follows. Section 2 entails the methodology used
in this study. Section 3 gives a brief description of the data and some descriptive statistics
about the data. Section 4 presents the empirical findings and discussion. Section 5 provides
a conclusion.

2. Methodology

This study uses the frequency connectedness approach developed by Baruník and
Křehlík (2018) to examine the risk (volatility) spillover from Bitcoin to eight major cryp-
tocurrencies. This technique is an extension of the time-domain spillover index developed
by Diebold and Yilmaz (2012). We start by defining the VAR(p) model as

xt = ∑p
m=1 Φmxt−m + εt,

where xt = (x1,t, . . . , xN,t)
′ is an N-dimensional covariance stationary stochastic process,

Φm is an N × N coefficient matrix, εt ∼ N(0, Σε) is an N-dimensional white noise or
innovation process, and p is the lag length. Utilizing lag-polynomial approximation (i.e.,
Φ(L) =

[
IN −Φ1L− · · · −ΦpLp]), the VAR model can be written concisely as Φ(L)xt = εt.

The generalized forecast-error variance decomposition (FEVD) proposed by Koop et al.
(1996) and Pesaran and Shin (1998), hereafter KPPS, can be computed using the moving
average (MA) representation,

xt = Ψ(L)εt,
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where Ψ(L) stands for infinite lag polynomials and is calculated recursively from
Ψ(L) = Φ(L)−1. The H-step-ahead error variances in forecasting xj are originated from two
sources. One of them is due to the corresponding variable’s (xj) own variance, and others
are due to the other variable’s (xk) cross variance. Hence, the H-step-ahead generalized
FEVD can be calculated as

θH
j,k =

σ−1
kk ∑H

h=0

(
(ΨhΣ)j,k

)2

∑H
h=0
(
ΨhΣΨ′h

)
j,j

, (1)

where Ψh has N × N-dimensional MA coefficients at lag h and σkk = (Σ)k,k. θH
j,k represents

how much of the future forecast error variance of the variable j is due to innovations in
variable k at horizon h. Since the rows of the variance decomposition matrix θH do not
usually sum to one, we need to normalize each entry of the variance decomposition matrix
by the row sum as

θ̃H
j,k = θH

j,k/
N

∑
j=1

θH
j,k.

Now, ∑N
k=1 θ̃H

j,k = 1 and ∑N
j,k=1 θ̃H

j,k = N by construction. Using θ̃H
j,k, we can construct

several spillover measures (i.e., total, directional, net, and net pairwise). The total spillover
index (SH) can be constructed using the volatility contributions from the KPPS variance
decomposition as

SH = 100.

∑N
j, k = 1
j 6= k

θ̃H
j,k

∑N
j,k=1 θ̃H

j,k

= 100.

∑N
j, k = 1
j 6= k

θ̃H
j,k

N
. (2)

In addition to the total spillover index, it is possible to measure the spillover transmit-
ted from the overall system to variable j as

SH
j←� = 100.

∑N
k = 1
j 6= k

θ̃H
j,k

N
. (3)

Similarly, the spillover transmitted from j to the overall system as

SH
j→� = 100.

∑N
k = 1
j 6= k

θ̃H
k,j

N
. (4)

The net spillover index for element j is the difference

SH = SH
�→j − SH

j←�. (5)

Lastly, the net pairwise spillover between markets j and k is simply the difference
between the gross volatility shocks transmitted from market j to market k and those
transmitted from k to j as

SH
j,k = 100.

 θ̃H
k,j − θ̃H

j,k

N

. (6)

To measure the volatility spillover in the frequency domain, we follow Baruník and
Křehlík (2018) and describe the spectral formulation of the variance decomposition. For
this purpose, we utilize the Fourier transform of the coefficients Ψh (the impulse function
used for the time domain) to obtain a frequency response function at a frequency ω
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(Ψ
(
e−iω) = ∑

h
e−iωhΨh with i =

√
−1). The power spectrum SX(ω) (Fourier transform of

the MA(∞) filtered series) is

SX(ω) = ∑∞
h=−∞ E(xtx′t−h)e

−iωh = Ψ
(

e−iω
)

ΣΨ′
(

e+iω
)

. (7)

Therefore, Equation (7) illustrates how the variance of the N-dimensional stochastic
process is distributed over the frequency componentsω. Using the spectral representation
for covariance, E(xtx′t) =

∫ π
−π SX(ω)eiωhdw, we can define the variance decomposition on

the frequency band d = (α, β) : α, β ∈ (−π, π), α < β as

(Θd)j,k =
1

2π

∫
d

Γj(ω)ζ(ω)j,kdω, (8)

where ζ(ω)j,k is the generalized causation spectrum,

ζ(ω)j,k =
σ−1

kk

∣∣∣(Ψ(e−iω)Σ)j,k

∣∣∣2(
Ψ
(
e−iω

)
ΣΨ′

(
e+iω

)
Σ
)

j,j
,

which stands for the portion of the spectrum of the jth variable due to shocks in the kth
variable at frequencyω. On the other hand,

Γj(ω) =

(
Ψ
(
e−iω)ΣΨ′

(
e+iω))

j,j
1

2π

∫ π
−π

(
Ψ
(
e−iλ

)
ΣΨ′

(
e+iλ

))
j,jdλ

,

is a weighting function, and it represents the power of the jth variable at ω, which sums
through frequencies to a constant value of 2π. Baruník and Křehlík (2018) termed (Θd)j,k
as frequency spillover. After normalizing the values of (Θd)j,k and ζ(ω)j,k, one can easily
calculate alternative spillover indices (Equations (2)–(6)) in the frequency domain.

We define “good” or “bad” volatility3 spillover from Bitcoin to alternative cryptocur-
rencies when Bitcoin’s daily return4 is positive or negative, respectively. This is a good
proxy for altcoin investors who observe downside (and upside) risk in the crypto market.
Hence, we can formulate good and bad volatility spillovers at a given frequency as follows:

S+(ω) = rt > 0, S−(ω) = rt < 0,

where S+(ω) and S−(ω) represent good and bad volatility spillover, and rt denotes the
daily log return of Bitcoin.

3. Data and Descriptive Statistics

We employ daily prices for the eleven major cryptocurrencies (Bitcoin, Cardano,
Binance Coin, Bitcoin Cash, Dogecoin, Ethereum, Chainlink, Litecoin, Tron, Tether, and
Ripple). The data have daily frequencies and span from 1 September 2017 to 2 March
2022, with the equivalent of 1613 observations. Among them, 861 observations correspond
to Bitcoin’s bullish periods and 752 to bearish periods. Furthermore, the World Health
Organization (WHO) declared COVID-19 a global epidemic on 11 March 2020. For COVID-
19 analysis, we split the whole dataset into two sub-periods (pre- and post-COVID-19)
based on this declaration. We take the pre-COVID-19 period before the official declaration
and the post-COVID-19 period after that announcement. Moreover, the selection of these
cryptocurrencies is motivated by their large market capitalization and long trading periods
in comparison to other crypto markets. The cryptocurrencies analyzed in this study account
for nearly 75% of total crypto market capitalization.

Figure 1 plots the volatility series of corresponding cryptocurrencies and shows that
the volatility series fluctuates over time. Moreover, all volatility series tend to appear in
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clusters. In other words, high-volatility sub-periods are followed by low-volatility periods
for crypto assets. Moreover, we observe the co-movement of the volatility series, and
this can be easily seen in the correlation heat map (see Figure 2). USDT volatility is the
least correlated asset with other cryptos, and this is followed by DOGE, among other
cryptocurrencies. The volatility of the USDT has also dropped dramatically since the end
of 2020. We may argue that the sharp decrease in USDT volatility near the end of 2020
and its stabilization, as a result, are factors that weaken the link between it and other
cryptocurrencies. On the other hand, BTC and ETH are the most correlated assets with
other cryptos. The descriptive statistics for the crypto volatility series are shown in Table 1.
LINK has the highest average volatility, while USDT has the lowest. Moreover, DOGE
(USDT) has the greatest (lowest) volatility standard deviation. In addition, Jarque-Bera (JB)
reveals that the normality hypothesis is rejected for all volatility series.
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Table 1. Descriptive statistics of volatility series.

Mean Max Min Std. dev. Skewness Kurtosis Jarque-Bera

ADA 102.77 905.00 11.00 83.68 3.74 25.19 36,860.69 ***
BCH 91.20 961.29 11.96 75.46 3.90 30.42 54,594.35 ***
BNB 90.25 748.61 12.50 74.03 3.35 19.90 22,219.43 ***
DOGE 100.28 1484.94 12.54 107.43 4.62 38.64 91,120.25 ***
ETH 75.16 664.39 7.52 55.11 3.38 23.20 30,504.73 ***
LINK 124.77 791.07 17.72 86.49 2.62 13.61 9415.126 ***
LTC 85.19 762.61 10.11 63.62 3.53 24.63 34,783.51 ***
TRX 103.08 952.12 13.95 99.28 3.66 22.07 28,045.39 ***
USDT 17.05 248.74 0.35 17.97 3.41 29.10 48,899.68 ***
XRP 89.22 920.59 9.96 87.52 3.64 22.65 29,525.00 ***
BTC 58.71 459.05 5.85 46.02 2.85 16.54 14,491.33 ***

Note: This table provides the descriptive statistics of the eleven cryptocurrencies over the period of 1 September
2017—2 March 2022. *** These numbers represent the rejection of the null hypothesis of normality at the 1%
significance level.

4. Empirical Results and Discussion

We estimate two VAR models for eleven cryptocurrency volatility series. One is esti-
mated when the Bitcoin return is positive (bullish market), whereas the other is estimated
when the Bitcoin return is negative (bearish market). The lag length of both VAR models is
determined using the Schwarz Information Criterion (SIC), and H has been set equal to
100. Frequency spillovers are assessed at the bands (0, 1], (1, 2], . . . , (10, 20], (20, 100], and
(100, ∞] days. In accordance with Mensi et al. (2021), the short-term ranges between 1 and
5 days, the medium term, 5–20 days, and the long term, more than 20 days. Hence, we
calculate the short-, medium-, and long-term risk spillovers from Bitcoin to other altcoins
by summing up the volatility spillover in each band (Figure 3).
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market conditions. Note: The horizontal axis denotes the frequency in days, while the vertical axis
denotes cumulative spillover index. The red and blue line shows the volatility spillover from Bitcoin
to altcoins when bitcoin returns are negative (bear market condition) and positive (bull market
condition), respectively.

Figure 3 reveals mixed results regarding asymmetry. The short-, medium-, and long-
term risk spillover from Bitcoin to BNB, ETH, LTC, and USDT is greater during a bull
market than during a bear market. That means BNB, ETH, LTC, and USDT traders are more
likely to encounter uninformed investors5 compared to other cryptocurrencies analyzed.
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Accordingly, these crypto traders should worry more about uninformed investors’ herding
when making trading decisions because it is difficult to predict when the dump process
starts and the overpriced coins will suddenly crash. This means a significant risk of loss
of income for these investors. However, for TRON and XRP, the risk spillover is stronger
in a bear market. In other words, informed investors are more dominant in these altcoin
markets throughout all investment periods. Furthermore, our empirical findings show
that the risk spillover from Bitcoin to ADA and DOGE during a bear market exceeds that
during a bull market in the medium term. Lastly, the risk spillovers from Bitcoin to BCH
and LINK during bull and bear market conditions are very close to each other. Hence, our
empirical findings, except for BCH and LINK, are in line with Mensi et al. (2021), who
found that cryptocurrencies are sensitive to frequencies.

In addition to the analysis carried out above, we report the asymmetric volatility
spillovers of cryptocurrencies (Figure A1, Appendix A) explained by their own shocks.
This can be justified by the following reasonable approach: Crypto investors generally
follow the price of their invested coin rather than the bitcoin price. Similar to the previous
analysis, we consider the period when the bitcoin price increases as a bullish market,
whereas negative bitcoin returns represent a bearish market. Figure A1 shows that the
risk spillovers of cryptos, except for USDT, on themselves are greater during a bull market
than during a bear market. This can be explained by the well-known features of USDT.
USDT is a fiat-collateralized stable coin where the actual US dollar currency backs each
USDT in circulation. These results strongly confirm Baur and Dimpfl (2018), who found
that positive shocks increase volatility more than negative shocks. In other words, the
findings are compatible with uninformed investors’ FOMO and the presence of pump-and-
dump schemes.

The empirical results in Figure 3 also provide evidence about the price formation of
altcoins in the short, medium, and long runs. In fact, nearly 70% of the risk spillover from
Bitcoin to altcoins takes place in the first 10 days, which can be seen as short-term. This
finding concords with the empirical results from earlier studies, such as Ciaian et al. (2018)
and Kumar et al. (2022). Among them, Ciaian et al. (2018) found that the prices of altcoins
are driven by the development of Bitcoin in the short run but not in the long run. Likewise,
Kumar et al. (2022) found that cryptocurrencies are more sensitive to crisis periods over
short time horizons than those over longer ones.

We also investigate the spillover effects from BTC to altcoins before and after COVID-19
(Figure A2, Appendix A). This analysis brings a different perspective to the study because
incredible price volatility has been observed in cryptocurrency prices since COVID-19.
Moreover, during the COVID-19 pandemic, decentralized finance (DeFi) and decentralized
apps (dApps) enjoyed a substantial gain in market share and popularity. This outbreak
crisis also increased interest in cryptocurrency markets among ordinary and institutional
investors, who have access to financial markets from their homes via fintech trading plat-
forms, such as Robinhood (Katsiampa et al. 2022). These facts encourage us to expand this
study to examine the asymmetry, including the COVID-19 health crisis. Our empirical find-
ings show that the volatility spillover from BTC to BCH, DOGE, LINK, and TRX increased
after the COVID-19 outbreak. Interestingly, ADA and XRP are two cryptocurrencies whose
volatility spillover from BTC decreased after the COVID-19 outbreak.

5. Conclusions

In recent years, there has been an increase in empirical research on the fear of missing
out (FOMO) on rewarding experiences. There are several studies in the literature that
address this issue for stock markets. However, this topic has not yet been sufficiently
investigated for cryptocurrencies. This study contributes to filling this gap by analyzing
the asymmetric volatility of cryptocurrencies under different market conditions. This study
examines the risk spillover from Bitcoin to 10 major cryptocurrencies using daily data from
1 September 2017 to 2 March 2022 and the frequency connectedness analysis of Baruník
and Křehlík (2018).
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This study attempts to uncover the behaviors of crypto traders by analyzing the risk
spillover from Bitcoin to altcoins. Our findings show that BNB, ETH, LTC, and USDT
volatility increase more in response to positive shocks than in response to negative shocks
in the short, medium, and long terms. This can be explained by uniformed investors’
herding, fear of missing out on rising Bitcoin prices, and pump-and-dump schemes. In the
short run, this is not the case for ADA and DOGE. For TRON and XRP, we find that the
risk spillover is stronger in a bear market. This can be explained by the contrarian behavior
of informed investors in these altcoin markets. In addition to this analysis, we investigate
the cryptos’ own risk spillovers at different frequencies. These empirical findings strongly
support the FOMO and pump-and-dump schemes for all cryptocurrencies except for USDT.
Moreover, we employ the volatility spillover effects from BTC to altcoins, considering the
COVID-19 crisis. The empirical findings show that the risk from BTC to ADA and XRP
decreases after the post-covid period in comparison to the pre-pandemic period.

The results of this paper suggest that the impact of Bitcoin price movements on altcoin
prices is mixed, meaning that the relationship between the two is not always predictable.
This can make it difficult for investors to use Bitcoin price movements as a reliable indicator
of altcoin performance. However, the presence of FOMO and pump-and-dump activity
in the altcoin market suggests that individual altcoin prices may be more susceptible to
manipulation and volatility spillover. As such, investors may want to be cautious when
considering investments in altcoins and may want to thoroughly research the market
and individual cryptocurrencies before making any investment decisions. It may also
be beneficial for investors to diversify their portfolios by including a mix of Bitcoin and
altcoins rather than putting all their eggs in one basket. Moreover, investors should also
keep track of the latest developments in the cryptocurrency market, including any news
or regulatory changes that could impact the market. This can help them stay informed
and make informed investment decisions. Investors should also be wary of the fear of
missing out and not make impulsive investment decisions based on hype or media coverage.
Investors should also use reputable exchanges because they are less likely to engage in
manipulative behavior or facilitate pump-and-dump schemes.

We point out that the results of this study are based on broad market analysis based
on global data. The evidence we provide for the existence of fear of missing out and
pump-and-dump schemes is limited to the altcoin market. Therefore, the psychological
factors play a lesser role for cryptos with large market capitalization, such as Bitcoin.
Moreover, our analysis results are valid for the broad market and may not apply to all
individual exchanges.

Given that the price movements of altcoins are highly dependent on BTC and their own
price history, future studies may extend our approach to analyze volatility spillover from
other leading cryptocurrencies, such as ETH, ADA, and SOL, to various altcoins related
to these platforms. Polygon, formerly known as Matic Network, for example, is a Layer-2
scaling solution for Ethereum that aims to enhance the network’s transaction processing
speed while lowering transaction costs, often known as “gas prices.” In that respect, one
may investigate the risk spillover from ETH to MATIC when the ETH price is going up and
down. Another extension is to investigate the higher frequency (hour or minute) volatility
connectedness of cryptocurrency to uncover FOMO and pump-and-dump strategies for
the benefit of high-frequency traders.

Author Contributions: Conceptualization, M.B. and H.O.; methodology, H.O.; software, H.O.;
validation, M.B. and H.O.; formal analysis, H.O.; investigation, H.O.; resources, H.O.; data curation,
H.O.; writing—original draft preparation, M.B. and H.O.; writing—review and editing, M.B. and
H.O.; visualization, M.B. and H.O. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.



J. Risk Financial Manag. 2023, 16, 41 11 of 15

Appendix A

J. Risk Financial Manag. 2023, 16, x FOR PEER REVIEW 11 of 15 
 

 

Conflicts of Interest: The authors declare no conflict of interest. 

Appendix A 

 

Figure A1. Short- and long-term volatility spillover from altcoins to themselves. Note: See note to 
Figure 3. 

Figure A1. Short- and long-term volatility spillover from altcoins to themselves. Note: See note to
Figure 3.



J. Risk Financial Manag. 2023, 16, 41 12 of 15
J. Risk Financial Manag. 2023, 16, x FOR PEER REVIEW 12 of 15 
 

 

 

Figure A2. Short- and long-term volatility spillover from Bitcoin to altcoins during pre- and post-
COVID-19 period. Note: The horizontal axis denotes the frequency in days, while the vertical axis 
denotes cumulative spillover index. The red and blue line shows the volatility spillover from Bitcoin 
to altcoins during pre-COVID-19 and post-COVID-19 period, respectively. 

Notes 
1. Bitcoin (BTC), Cardano (ADA), Binance Coin (BNB), Bitcoin Cash (BCH), Dogecoin (Doge), Ethereum (ETH), Chainlink 

(LINK), Litecoin (LTC), Tron (TRX), Tether (USDT), and Ripple (XRP). 
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Figure A2. Short- and long-term volatility spillover from Bitcoin to altcoins during pre- and post-
COVID-19 period. Note: The horizontal axis denotes the frequency in days, while the vertical axis
denotes cumulative spillover index. The red and blue line shows the volatility spillover from Bitcoin
to altcoins during pre-COVID-19 and post-COVID-19 period, respectively.

Notes
1 Bitcoin (BTC), Cardano (ADA), Binance Coin (BNB), Bitcoin Cash (BCH), Dogecoin (Doge), Ethereum (ETH), Chainlink (LINK),

Litecoin (LTC), Tron (TRX), Tether (USDT), and Ripple (XRP).
2 See, e.g., Nelson (1991) for E-GARCH, Glosten et al. (1993) for leverage effect GARCH, and (Zakoian 1994) for TGARCH.
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3 Following Garman and Klass (1980), we calculate the daily volatility series using the daily opening, closing, high, and low prices.

Firstly, the daily volatility is calculated as σ̃2
it =

1
2 [ln

(
Pmax

it
)
− ln

(
Pmin

it
)
]
2 − [2 ln(2)− 1][ln

(
Pclose

it

)
− ln

(
Popen

it

)
]
2
, where Pmax

it ,

Pmin
it , Pclose

it , and Popen
it show the minimum, the maximum, the close, and the opening price of the market i on day t, respectively.

Second, we annualize the volatility series utilizing the formula σ̂it = 100
√

365× σ̃2
it.

4 We calculate the daily returns of Bitcoin by taking the logarithm of the close price divided by the open price as rt = 100. ln
(

Pclose
t

Popen
t

)
.

The daily observations span from 1 September 2017, to 2 March 2022.
5 The behavior of informed investors is consistent with the basic suggestions of economic theory. They put more emphasis on

investment knowledge and economic-related criteria than uninformed investors, who are more influenced by behavioral elements
such as personality and sentiment (Jalilvand et al. 2018). Based on this fact, it is fair to think that uninformed investors are more
open to market rumors with no economic justification.
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Baruník, Jozef, and Tomáš Křehlík. 2018. Measuring the frequency dynamics of financial connectedness and systemic risk. Journal of

Financial Econometrics 16: 271–96. [CrossRef]
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