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Abstract
This study examines the asymmetric effects of global factors on the returns of cryp-
tocurrencies. In this context, the study focuses on Bitcoin, Ethereum, and Ripple 
as top-traded cryptocurrencies, considers eight global factors, and uses high-fre-
quency (i.e., daily) data between February 8, 2018, and June 21, 2022. Also, the 
study applies nonparametric causality in quantiles (NCQ) and quantile-on-quantile 
regression (QQR) as the main models and quantile regression (QR) as the robust-
ness model. The empirical findings reveal that (i) effects of global factors on the 
returns of cryptocurrencies are asymmetric and generally positive; (ii) there are non-
parametric causal effects from global factors to cryptocurrencies for return and vola-
tility in most quantiles excluding some lower and higher quantiles; (iii) effects of the 
global factors on cryptocurrencies differentiate according to global factors, crypto-
currencies, and quantiles; (iv) the QR results confirm the robustness of the empiri-
cal findings; and (v) overall, the outcomes underline the asymmetric and varying 
effects of global factors on the returns of cryptocurrencies across quantiles. Hence, 
the results imply that traders and investors should consider the asymmetric effects of 
global factors on the returns of cryptocurrencies for trading, investment, and hedg-
ing purposes. Moreover, some policy recommendations are proposed.

 * Mustafa Tevfik Kartal 
 mustafatevfikkartal@gmail.com

 Mustafa Kevser 
 mkevser@bandirma.edu.tr

 Fatih Ayhan 
 fayhan@bandirma.edu.tr

1 Borsa Istanbul Strategic Planning, Financial Reporting, and Investor Relations Directorate, 
Reşitpaşa Mahallesi Borsa İstanbul Caddesi, No: 4, 34467 Istanbul, Turkey

2 Department of Finance, Banking, and Insurance, Manyas Vocational School, Bandırma Onyedi 
Eylül University, Balıkesir, Turkey

3 Department of Economics, Faculty of Economics and Administrative Sciences, Bandırma 
Onyedi Eylül University, Balıkesir, Turkey

http://orcid.org/0000-0001-8038-8241
http://orcid.org/0000-0003-0586-1662
http://orcid.org/0000-0002-7447-5506
http://crossmark.crossref.org/dialog/?doi=10.1007/s10644-023-09484-x&domain=pdf


 Economic Change and Restructuring

1 3

Keywords Cryptocurrencies · Global factors · Return · Volatility · NCQ · QQR

JEL Classification C32 · F30 · F31 · G12

1 Introduction

Money and capital markets have been the main financial platforms for borrowers, 
lenders, investors, and lenders in traditional finance (Kartal et al. 2020; Aydoğmuş 
et al. 2022). Financial products in banks and stock exchanges, which are the main 
marketplaces in money and capital markets, have been major alternatives for both 
economic actors, and they have been used for borrowing, lending, investing, and 
trading activities on a domestic and international scale. In this context, bank prod-
ucts (e.g., deposit, credit) and stock market products (e.g., equity stock, debt securi-
ties) take place among financial products that are intensively used. Moreover, some 
other products like gold have been used as a “safe-haven” asset for a long time in 
turbulent times (Depren et al. 2021).

Although there are traditional financial products, such as equity stock, naturally, 
much newer financial products have emerged with the impact of developing technol-
ogy and increasing customer needs and demands. In this context, cryptocurrencies 
can be evaluated as relatively new financial instruments (Dyhrberg 2016), which 
have had increasing trading volume recently. Depending on the increasing trad-
ing volume, cryptocurrencies have been attracting the interest of economic parties 
(Cheng and Yen 2020). In detail, cryptocurrencies differ from traditional financial 
assets due to their decentralized structure, low transaction costs, and peer-to-peer 
nature (Dyhrberg et  al. 2018). Hence, cryptocurrencies can be considered distinct 
investment instruments and financial assets.

In the current literature, various studies examine cryptocurrencies from different 
perspectives. For instance, Kristoufek and Vosvrda (2019) and Kakinaka and Umeno 
(2022) focus on the market efficiency side; Alessandretti et  al. (2018), Sovbetov 
(2018), and Kyriazis et al. (2020) uncover price changes and price discovery; Zhang 
and Wang (2020) investigate returns; Sabah (2020) uncover volatility; and Gurdgiev 
and O’Loughlin (2020) and Yen and Cheng (2021) examine uncertainty. Moreover, 
most studies in the literature focus on Bitcoin (e.g., Demir et al. 2018; Gözgör et al. 
2019; Das et  al. 2020; Bouri et  al. 2022; Huang et  al. 2022), whereas Ethereum 
(e.g., Sovbetov 2018; López-Martín et al. 2021; Erdoğan et al. 2022; Urquhart 2022) 
and Ripple (e.g., Malladi and Dheeriya 2021; López-Martín et  al. 2021; Erdoğan 
et al. 2022) have been studied much lesser. In these studies, traditional econometric 
models, such as generalized autoregressive conditional heteroskedasticity and vector 
autoregression, have been mainly applied.

Overall, there are various studies that handle either a cryptocurrency or a bun-
dle of cryptocurrencies, examine these cryptocurrencies from different perspec-
tives, and apply mainly traditional econometric approaches. However, the current 
literature is not enough rich in terms of examining asymmetric effects of global fac-
tors by including the most recent available data as well as considering the potential 
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differences from various quantiles of cryptocurrencies. Hence, it can be stated that 
there is a literature gap and the current literature can be extended in this way.

By considering the literature gap and increasing trading volume of cryptocurren-
cies, this study focuses on top-traded three cryptocurrencies (i.e., Bitcoin, Ethereum, 
and Ripple), uses eight global factors, uses high-frequency (i.e., daily) return 
data from February 8, 2018, to June 21, 2022, and applies novel NCQ and QQR 
approaches as main and QR approach for robustness model. Hence, it is possible to 
examine the asymmetric effects of global factors at various quantiles. The empiri-
cal findings from the novel quantile approaches underline the asymmetric and vary-
ing effects of global factors on cryptocurrencies at quantiles. Moreover, some policy 
recommendations are discussed based on the findings.

This study contributes to the literature on the asymmetric effect of global factors 
on cryptocurrencies in some ways. First, this study focuses on a bundle of crypto-
currencies, such as Bitcoin, Ethereum, and Ripple, rather than considering only a 
cryptocurrency on a global scale. Second, the study uses a higher-frequency (i.e., 
daily) dataset from February 8, 2018, to June 21, 2022, which is all the intersected 
available data for all cryptocurrencies and global factors. Third, the study performs 
novel quantile approaches as recently popular approaches. Naturally, the current lit-
erature includes some studies, but this study is the leading one from the content per-
spective. By applying novel quantile approaches, the asymmetric effects of global 
factors on cryptocurrencies are examined in quantile detail.

This study consists of five parts. Part II presents a literature review. Part III intro-
duces methods. Part IV presents the results. Part V concludes.

2  Literature review

In the literature, most of the studies focus on the return of cryptocurrencies rather 
than their price levels. In this context, the returns of cryptocurrencies are used as 
dependent variables in line with the studies of Dyhrberg et al. (2018), Aysan et al. 
(2019), Demir et  al. (2018), Das et  al. (2020), Jareño et  al. (2020), Bouri et  al. 
(2021), López-Martín et  al. (2021), Malladi and Dheeriya (2021), Erdoğan et  al. 
(2022), and Urquhart (2022).

Also, a variety of explanatory factors have been used in the current literature 
to examine their effect on cryptocurrencies. The first group of studies uses foreign 
exchange (FX) rates. For example, Corbet et al. (2018), Liang et al. (2019), Chem-
kha et al. (2021), Huang et al. (2022), and Rehman et al. (2022) include FX rates 
in their studies while examining cryptocurrencies. In line with these studies, Euro/
United States (US) Dollar (USD) parity is selected as an indicator.

The second group of studies considers the geopolitical risk index. For instance, 
Aysan et  al. (2019), Kyriazis (2021), Bouri et  al. (2022), Long et  al. (2022), and 
Nouir et al. (2023) consider geopolitical risk in investigating Bitcoin return. By con-
sidering these studies, the global geopolitical risk index is selected as an indicator 
because this study examines the asymmetric effect of the selected global factor on 
cryptocurrencies on a global scale.
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The third group studies analyze interest rates. For example, Aharon et  al. 
(2021), Zhang et al. (2021), Aboura (2022), Benigno et al. (2022), and Van Erlach 
(2022) include different interest rates in their studies. In line with these studies, 
the US 5-Year Treasury Bond yield is selected as an indicator by considering the 
leading characteristic of this indicator.

The fourth group of studies examines oil prices. For instance, Das and Dutta 
(2020), Jareño et al. (2021), Attarzadeh and Balcılar (2022), Ghabri et al. (2022), 
Li et al. (2022), Ren et al. (2022), and Hung (2022) include energy prices. Natu-
rally, increasing oil prices can cause an increase in the cost of cryptocurrencies. 
By considering these studies, Brent crude oil prices are selected as an indicator.

The fifth group of studies includes stock market indices. For example, Jiang 
et al. (2021), Fakhfekh et al. (2021), Maitra et al. (2022), Shahzad et al. (2022), 
Shanaev and Ghimire (2022), and Wang et al. (2022) consider various stock mar-
ket indices. In line with these studies, SandP 500 index is selected as an indica-
tor since the US stock market is the leading one and equity stocks are substitute 
investment alternatives for cryptocurrency investors and traders.

The sixth group of studies examines economic policy uncertainty. For instance, 
Bouri et al. (2017a), Demir et al. (2018), Yen and Cheng (2021), Ali et al. (2022), 
Wu et  al. (2022), and Nouir et  al. (2023) consider economic policy uncertainty 
in examining Bitcoin returns and defined that it has predictive power. By con-
sidering these studies, US economic policy uncertainty index is selected as an 
indicator because the USA is the biggest and leading economy in the world, and 
economic policy uncertainty in the USA may affect cryptocurrencies.

Moreover, Bouri et al. (2017b), Kyriazis (2021), and Leirvik (2022) investigate 
the volatility of various issues in terms of their effect on cryptocurrencies. Hence, 
the Chicago Board Options (CBOE) Exchange volatility index is selected as an 
indicator. That is why it reflects high market volatility and is used intensively 
in the current literature. Lastly, Jareño et al. (2020), Elsayed et al. (2022), Hung 
(2022), Nakagawa and Sakemoto (2022), Ren et  al. (2022), and Shahzad et  al. 
(2022) uncover gold prices. Thus, gold prices per ounce are selected as an indica-
tor to be considered in the empirical analysis because gold is a substitute invest-
ment alternative for cryptocurrency investors and traders similar to equity stocks.

As a result, it is seen that the effects of various factors have been examined 
in terms of their effect on cryptocurrencies in different studies. Also, a variety 
of econometric models (e.g., autoregressive distributed lag model, generalized 
autoregressive conditional heteroskedasticity, and vector autoregression) are used 
in the context of empirical examination. In summary, although current studies 
examine the effect of various factors on cryptocurrencies, however, the current 
literature does not include a study that examines the asymmetric effect of most 
of the global factors on cryptocurrencies on a global scale in a single study. Also, 
novel quantile approaches, such as NCQ and QQR, have not been applied to make 
quantile-based analyses for a comprehensive study. Hence, it can be concluded 
that the literature has a gap. Therefore, a new study that examines the asymmetric 
effect of global factors on cryptocurrencies, covers most of the global factors in a 
single study, and applies novel quantile approaches can enrich the current litera-
ture by making a quantile-based examination.
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In summary, in line with the current literature, the study considers top-traded 
three cryptocurrencies as dependent variables. Besides, a total of eight global fac-
tors are included as explanatory variables. Table  1 presents explanations of all 
these variables included.

3  Methods

3.1  Methodology

Figure 1 shows the followed empirical methodology. A seven-step empirical meth-
odology is followed up to examine the asymmetric effect of the global indicators on 
the returns of cryptocurrencies. In the first step, the data are gathered from Bloomb-
erg (2022). In the second step, the preliminary statistics are evaluated. In the third 

Table 1  Explanations

* denotes the dependent variables. Bps denotes basis points

Abbreviation Explanation Unit

BTC Bitcoin* USD
ETH Ethereum* USD
XRP Ripple* USD
EURUSD Euro/USD parity Bps
GPR Global geopolitical risk index Bps
INTEREST US 5 year treasury bond yield %
OIL Brent crude oil per barrel USD
SP500 SandP 500 index Bps
UNCERT US economic Policy uncertainty index Bps
VIX CBOE volatility index Bps
XAU Gold price per ounce USD

Data Collection Preliminary Statistics

Stationarity Tests Linearity Test

The NCQ Approach The QQR Approach

Robustness Checks by the QR Approach

Fig. 1  The followed empirical methodology
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step, the augmented Dickey–Fuller (ADF) and Phillips and Perron (PP) tests are 
used to discover the stationarities of the variables (Dickey and Fuller 1979; Phillips 
and Perron 1988). In the fourth step, the BDS test is applied to reveal the variables’ 
nonlinearities (Broock et al. 1996). If the variables are nonlinear according to test 
results, asymmetric procedures are more appropriate to be applied in empirical anal-
ysis. In the fifth step, the NCQ approach is utilized (Balcılar et al. 2016). This meth-
odology examines the nonparametric causality in quantiles for the mean (return) 
and variance (volatility). In the sixth step, the QQR approach is used to indicate the 
strength of the global indicators on the cryptocurrencies at quantiles (Sim and Zhou 
2015). In the last step, the QR approach is used to investigate the robustness (Koen-
ker 2005).

By considering traded volume, the top three-traded cryptocurrencies are selected 
as dependent variables and eight global economic factors are used as explanatory 
variables.

The methodology steps are summarized above. Not to enlarge the paper too 
much, the approach used in the empirical methodology is explained shortly. Thus, a 
detailed explanation is not given since this study does not aim to develop an econo-
metric model. On the contrary, econometrical techniques are only applied to evalu-
ate the asymmetric effect of global factors on cryptocurrencies. Thus, more informa-
tion about the methods can be obtained from the studies that have been mentioned in 
the methodological flows.

3.2  Data

In this study, high-frequency (i.e., daily) data are used for all variables because daily 
data are available for all variables that are included in this study. In this context, data 
for the global risk geopolitical risk index are gathered from Matteoiacoviello (2022), 
while daily data for all other variables are collected from Bloomberg (2022).

The intersected dataset for all variables consists of data between February 8, 
2018, and June 21, 2022, by including 1,099 observations. Dataset is transferred to 
logarithmic data difference series to study with return series (Sharif et al. 2021; Kar-
tal et al. 2022a, 2022b; Depren et al. 2023). Figure 2 presents the trends of variables.

As Fig. 2 shows, the raw data seem non-stationary, whereas logarithmic differ-
ence data series seem stationary. Hence, the usage of logarithmic difference data 
series in the empirical analysis is much more appropriate for obtaining more robust 
results.

4  Results

4.1  Descriptive statistics

Table 2 presents preliminary statistics of the variables that are included in this study. 
Table  2 shows that BTC, SP500, XAU, and UNCERT have the highest standard 
deviation, respectively. Also, Jarque–Bera probability values reveal that variables do 
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not have a normal distribution. Moreover, correlation coefficients present that SP500 
and OIL variables have the highest positive correlations.
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4.2  Unit root test

Table 3 presents the ADF and PP tests’ results, which are applied to examine the 
stationarities of the variables.

Based on Table 3, the ADF and PP tests reveal that GPR, UNCERT, and VIX 
are stationary at I(0). Besides, all other variables are stationary at I(1). Hence, the 
stationarity test results demonstrate that the variables are stationary at different 
integrated orders.

Table 3  Stationarity test results

Maximum lag is determined automatically based on SIC criteria in 
the ADF test and based on Bartlett Kernel in the PP test

Variables ADF test PP test Decision

I(0) I(1) I(0) I(1)

BTC 0.6765 0.0000 0.6765 0.0000 I(1)
ETH 0.6218 0.0000 0.6472 0.0000 I(1)
XRP 0.1230 0.0000 0.1059 0.0000 I(1)
EURUSD 0.4879 0.0000 0.5736 0.0000 I(1)
GPR 0.0000 0.0000 I(0)
INTEREST 0.9498 0.0000 0.9498 0.0000 I(1)
OIL 0.8863 0.0000 0.9234 0.0000 I(1)
SP500 0.6594 0.0000 0.6384 0.0000 I(1)
UNCERT 0.0054 0.0000 I(0)
VIX 0.0013 0.0013 I(0)
XAU 0.7249 0.0000 0.7582 0.0000 I(1)

Table 4  Linearity test results

Values indicate p values

Variables Dimensions Results

2 3 4 5 6

BTC 0.0000 0.0000 0.0000 0.0000 0.0000 Nonlinear
ETH 0.0000 0.0000 0.0000 0.0000 0.0000 Nonlinear
XRP 0.0000 0.0000 0.0000 0.0000 0.0000 Nonlinear
EURUSD 0.0000 0.0000 0.0000 0.0000 0.0000 Nonlinear
GPR 0.0000 0.0000 0.0000 0.0000 0.0000 Nonlinear
INTEREST 0.0000 0.0000 0.0000 0.0000 0.0000 Nonlinear
OIL 0.0000 0.0000 0.0000 0.0000 0.0000 Nonlinear
SP500 0.0000 0.0000 0.0000 0.0000 0.0000 Nonlinear
UNCERT 0.0000 0.0000 0.0000 0.0000 0.0000 Nonlinear
VIX 0.0000 0.0000 0.0000 0.0000 0.0000 Nonlinear
XAU 0.0000 0.0000 0.0000 0.0000 0.0000 Nonlinear
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4.3  BDS test

Table 4 gives the BDS test results, which are performed to investigate the vari-
ables’ nonlinearities.

Based on Table 4, the BDS test results show that p values for all variables are 
less than 0.05, which results in the rejection of the null hypothesis (i.e., variables 
are linearly distributed). Hence, all variables are determined as nonlinear.

When the preliminary examination results are evaluated together, it can be 
summarized that variables are stationary at different integrated orders, do not 
have a normal distribution, and are not linear. For these reasons, applying non-
linear methods, such as NCQ and QQR in empirical analysis, is more appropri-
ate. Hence, it is decided to apply NCQ and QQR approaches as the main models, 
while the QR approach is used for robustness checks.

4.4  NCQ results

Figures  3, 4, and 5 present the results of the NCQ approach that tell about the 
causal effect of global factors for return (mean) and volatility (variance) for BTC, 
ETH, and XRP, respectively.

In Fig. 3, there is a nonparametric causality effect from global factors to BTC 
for return (mean) and volatility (variance) in most quantiles at a 5% significance 
level. However, the causality effect does not exist at some lower and higher quan-
tiles for some global factors. The results are almost the same for the ETH case 
according to Fig. 4. However, based on Fig. 5, INTEREST does not have a causal 
effect on XRP for return and volatility in all quantiles at a 5% significance level 
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Fig. 3  NCQ results between BTC and global factors
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and has only a casual effect for some quantiles at a 10% significance level, which 
is different from both BTC and ETH.

4.5  QQR results

After examining the causal effects of global factors on cryptocurrencies, Figs. 6, 7, 
and 8 present the results of the QQR approach that show the impact of global factors 
on BTC, ETH, and XRP, respectively.
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Fig. 4  NCQ results between ETH and global factors
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Fig. 5  NCQ results between XRP and global factors
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According to Fig. 6, EURUSD has a high negative impact on BTC at the low-
est and highest quantiles, whereas the impact is positive at the lower, middle, and 
higher quantiles. On the other hand, GPR has a generally positive but low impact for 
most quantiles. Similar to GPR, INTEREST has generally positive and low impact 
on most of the quantiles. In the case of OIL, there is a negative and strong impact 
at the highest quantile, a positive and low impact at middle quantiles, and a positive 
and strong impact at lower quantiles of OIL. SP500 has a positive impact on BTC, 
whereas its impact is low in higher and middle quantiles, and much stronger in the 

EURUSD on BTC GPR on BTC INTEREST on BTC OIL on BTC

SP500 on BTC UNCERT on BTC VIX on BTC XAU on BTC

Fig. 6  QQR results between BTC and global factors

EURUSD on ETH GPR on ETH INTEREST on ETH OIL on ETH

SP500 on ETH UNCERT on ETH VIX on ETH XAU on ETH

Fig. 7  QQR results between ETH and global factors
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lower quantiles of SP500. Also, UNCERT has generally positive and low impact 
on BTC, whereas it is strong and negative in all quantiles of UNCERT and lower 
quantile of BTC. Moreover, VIX has generally a negative and high impact on BTC 
at middle and higher quantiles. Furthermore, XAU has a positive impact on BTC. 
In detail, XAU is much stronger in the lowest quantile of XAU, whereas it has a 
relatively lower impact in the middle and higher quantiles. Among all global factors, 
EURUSD, SP500, and XAU have the highest impact on BTC.

Based on Fig. 7, EURUSD has a positive and low impact on ETH for all quantiles 
except for the low quantiles of ETH where the impact is negative and strong. On 
the other hand, GPR has a generally positive and low impact for most of the quan-
tiles. Similar to GPR, INTEREST has generally positive and low impact at most of 
the quantiles. In the case of OIL, there is a positive and strong impact in the lower 
quantiles, positive and low impact in the middle and higher quantiles of OIL. SP500 
has a positive impact on ETH, whereas its impact is relatively low in the middle and 
higher quantiles of SP500. Also, UNCERT has generally positive and low impact on 
ETH, whereas it is strong and negative in all quantiles of UNCERT and lower quan-
tile of ETH. Moreover, VIX has a generally negative and strong impact on ETH at 
middle and higher quantiles, whereas it is negative and strong in the lower quantile 
of VIX. Moreover, XAU has a positive impact on ETH, while the impact is much 
stronger in lower quantiles of XAU. Among all global factors, SP500, XAU, and 
OIL have the highest impact on ETH.

In Fig. 8, EURUSD has a positive and high impact on XRP at middle and higher 
quantiles, whereas the impact is negative at lower quantiles. On the other hand, 
GPR has a generally positive but low impact for most quantiles. Similar to GPR, 
INTEREST has generally positive and low impact on most quantiles. In the case 
of OIL, there is a positive and strong impact at higher quantiles and a positive and 
low impact at lower quantiles of OIL. SP500 has a positive and high impact on XRP 

EURUSD on XRP GPR on XRP INTEREST on XRP OIL on XRP

SP500 on XRP UNCERT on XRP VIX on XRP XAU on XRP

Fig. 8  QQR results between XRP and global factors
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at low quantiles, whereas its impact is much lower in the middle and higher quan-
tiles of SP500. Besides, UNCERT has generally a positive and low impact on XRP, 
whereas it is strong and negative in all quantiles of UNCERT and lower quantile of 
XRP. Moreover, VIX has a generally negative and strong impact on XRP at mid-
dle and higher quantiles. Furthermore, XAU has a positive impact on BTC and the 
impact is quite high in lower quantiles of XAU. Among all global factors, XAU, 
SP500, and EURUSD have the highest impact on XRP.

4.6  Robustness checks by QR approach

To check the robustness of the results, the QR approach is applied and the results 
of the QR approach are presented in Figs. 9, 10, and 11 for BTC, ETH, and XRP, 
respectively.

When Figs. 9, 10, and 11 are evaluated altogether, it can be seen that the results 
of the QQR and QR approaches are generally consistent with each other except 
for some variables (i.e., GPR and UNCERT mainly) for the BTC, ETH, and XRP. 
Also, the results differ for EURUSD in the ETH case. However, by ignoring these 
exceptions, it can be generalized that the results of the QQR and QR approaches are 
highly compatible. Hence, the QR results mainly validate the robustness of the QQR 
outcomes.

4.7  Discussion and policy recommendations

The empirical examination results of the novel nonlinear quantile approaches pre-
sent particular determinations about the asymmetric effect of global factors on 
cryptocurrencies’ returns. The findings of the GCQ approach present that there is 
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Fig. 9  QQR and QR correlations between BTC and global factors
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a nonparametric causality from global factors to cryptocurrencies (i.e., Bitcoin, 
Ethereum, and Ripple) for return and volatility in most quantiles excluding some 
lower and higher ones. Also, the outcomes of the QQR approach present that the 
effect of global factors on cryptocurrencies is generally positive in almost all quan-
tiles excluding some quantiles. Moreover, the results for each cryptocurrency can 
vary a bit based on quantiles and explanatory factors. Furthermore, the QR results 
validate the robustness.
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Fig. 10  QQR and QR correlations between ETH and global factors
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Fig. 11  QQR and QR correlations between XRP and global factors



 Economic Change and Restructuring

1 3

The results of the novel quantile approaches reveal that global factors have an 
important asymmetric effect on cryptocurrencies’ returns. Specifically, all global 
factors have a nonparametric causality on Bitcoin, Ethereum, and Ripple for return 
and volatility in most quantiles excluding some lower and higher ones. On the other 
hand, although the effects of the global factors are generally positive, however, they 
can be negative at some quantiles for some factors. Thus, it can be stated that the 
effects of the global factors on cryptocurrencies are generally positive at the causal-
ity level for the mean (return) and variance (volatility), whereas varying for some 
factors through quantiles. Hence, the empirical results underline the asymmetric and 
changing effect of global factors on cryptocurrencies at various quantiles. Further-
more, the global factors included are significant explanatory variables in the estima-
tion of cryptocurrencies’ return and volatility on a global scale, which is very crucial 
for traders and investors.

The results of the quantile approaches are generally consistent with the outcomes 
of the studies in the current literature (e.g., Chemkha et al. 2021; Kyriazis 2021; Yen 
and Cheng 2021; Benigno et al. 2022; Nakagawa and Sakemoto 2022). Hence, some 
policy recommendations can be proposed based on the results.

Firstly, economic parties dealing with cryptocurrencies such as traders and inves-
tors should consider the results of the study in their decisions. That is why because 
this study reveals that there is not a linear relationship between cryptocurrencies and 
global factors, rather, they have an asymmetric effect.

Secondly, although most global factors have a positive relationship with cryp-
tocurrencies, the impact of the relationship has become negative for some factors 
at some quantiles and impacts of the global factors can vary at different quantiles. 
Hence, this changing effect and impact power should be also considered by related 
parties, especially in transactions that are made for trading, investment, and hedging.

Thirdly, by considering the changing relationship, a straight-line effect of the 
global factors on cryptocurrencies should not have been expected. Rather, the pro-
gress of the relationship between cryptocurrencies and global factors at various 
quantiles should be continuously followed up and economic decisions should be 
made based on this progress. Moreover, the probable interactions between crypto-
currencies and global factors should be taken into account in the decisions as well as 
policy development and implementation processes.

Fourthly, by considering also the high amount of traded value for cryptocurren-
cies, policymakers should strictly monitor cryptocurrency markets and transactions. 
Moreover, macro-prudential policies that would decrease potential adverse effects 
on cryptocurrency markets should be applied through legislation by policymakers so 
that any economic parties like traders and investors cannot be suffered from negative 
developments in cryptocurrency markets.

The policy recommendations, which are mainly developed based on the empirical 
results of the study, show the asymmetric and changing effect of global factors on 
cryptocurrencies. In this context, supervision and legislation of the cryptocurrencies 
and cryptocurrency markets are highly important for economic actors, especially 
financial ones.

In this study, relatively high-frequency (i.e., daily) data are used for the empiri-
cal examination. However, policymakers can use much more high-frequency data to 
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monitor cryptocurrency markets, hence developing and implementing much more 
policies to prevent negative developments that may arise from these markets to the 
financial markets and economy as a whole. Furthermore, positioning the monitor-
ing, supervision, and legislation of new financial instruments and markets like cryp-
tocurrencies and cryptocurrency markets as a macro-prudential concern is highly 
recommended. Hence, such an emerging area could be handled by high-level man-
agement of countries, and the application of harmonious policies among various 
regulatory authorities can be possible.

5  Conclusion

The results of the study present mainly that there is a significant asymmetric effect 
of global factors on cryptocurrencies’ returns; a causal effect exists in all quantiles 
excluding some of them, whereas cryptocurrency and explanatory factor-based 
results vary a bit; the empirical results have a robust structure; and overall, the 
effects of the global factors vary according to quantiles. Hence, the empirical results 
show that global factors are important for cryptocurrencies on a global scale. Also, 
the empirical findings of the novel nonlinear quantile approaches gathered in this 
study are generally consistent with the studies in the literature. By considering the 
findings, some policy recommendations such as positioning the monitoring, supervi-
sion, and legislation of new financial instruments and markets like cryptocurrencies 
and cryptocurrency markets as a macro-prudential concern are proposed. Hence, 
the study contributes to traders, investors, and policymakers in decisions and policy 
development and implementation processes by highlighting the importance of asym-
metric effects of global factors on cryptocurrencies, which is crucial in decisions 
related to trading, investment, hedging, and regulatory legislations.

The contributions of the study can be summarized as that this study (i) is the 
most recent study that focuses on top-traded three cryptocurrencies (i.e., Bitcoin, 
Ethereum, and Ripple) by including the most recent available data; (ii) uses novel 
quantiles approaches, whereas current studies perform limited econometric models; 
(iii) includes a higher-frequency data for empirical examination; and (iv) examines 
the asymmetric effect of global factors on cryptocurrencies by considering quantiles.

On the other hand, this study has some drawbacks. The study focuses mainly on 
top-traded three cryptocurrencies (i.e., Bitcoin, Ethereum, and Ripple). However, 
there are also other cryptocurrencies, which may attract the attention of economic 
actors at different times. Hence, future studies can handle such cryptocurrencies by 
following up on the applied methodology of this study. Moreover, future studies can 
consider applying new techniques like dynamic autoregressive distributed lag model 
simulations and machine learning algorithms for empirical examination. Hence, the 
current literature about cryptocurrencies can be enriched much more.
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