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Abstract

This paper analyses the relationship between Bitcoin (BTC) values and the values of older cryp-
tocurrencies. Daily closing price data of Bitcoin (BTC), Litecoin (LTC), Namecoin (NMC), Peercoin
(PPC), Ripple (XRP), Dogecoin (DOGE), Primecoin (XPM) and Nxt (NXT) for the period from De-
cember 16, 2013 to December 14, 2024 was used to perform Granger causality in two ways. The
results show linear and nonlinear Granger causality in both directions between most cryptocu-
rrencies, BTC-LTC, BTC-XRP and BTC-DOGE relationships. On the other hand, BTC does not have
a causal influence on NMC, PPC and XPM in the linear model. In contrast, in the nonlinear model,
BTC Granger causes NMC. These insights are crucial for understanding the complex cryptocu-
rrency market price dynamics, aiding investors and analysts in making more informed decisions
based on historical data and predictive relationships.
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1. INTRODUCTION

Yermack (2013) has examined the funda-
mental features of Bitcoin from an economic
standpoint, including its role as a transaction
unit, storage value, and exchange facility. The
author mentioned that several factors, includ-
ing geopolitics, the government, cybercrime,
worldwide socioeconomic events, and others,
affect Bitcoin values. Most scholars have com-
pared Bitcoin to gold (Grinberg, 2012; Dyhr-
berg, 2016a, 2016b; Zhu et al., 2017). Klein et
al. (2018) examined the structure, correlation,
and portfolio components of Bitcoin, gold, and
other assets. They contend that it moves simi-
larly to other precious metals and offers asym-
metric returns during market shocks. They
also contended that since it cannot hedge, it
cannot be considered a safe haven. Barber et al.
(2012) conclude that Bitcoin can be regarded
as decentralised money if it functions properly.
Since the launch of Bitcoin in 2009, the global
cryptocurrency markets have expanded quick-
ly. The global proliferation of these digital cur-
rencies is because they are often brought up by
financial, governmental, and print media out-
lets (Glaser et al., 2014). Therefore, since Bit-
coin and other cryptocurrencies experienced
significant growth during this period, reaching
a peak of USD 19,497 on December 17, 2017,
they can be regarded as alternative invest-
ment assets. The returns on cryptocurrencies
are far riskier and more volatile than those on
traditional currencies and stocks. Cryptocur-
rencies have a role in portfolio management
and financial markets as asset returns (Dyhr-
berg, 2016a; Wu & Pandey, 2014). The study of
cryptocurrency interconnection and volatility
co-movements is one of the key concerns for in-
vestors to understand cryptocurrency markets
better and create more knowledge to make an
appropriate decision in improbability and risks
(Gkillas & Katsiampa, 2018). Multiple previous
studies have investigated interconnections
among cryptocurrencies (Corbet et al., 2018;
Ciaian et al., 2018; Stosic et al., 2018; Aslanidis
et al, 2019; Canh et al,, 2019; Katsiampa et al.,,
2019; Tu & Xue, 2019; Shi etal., 2020; Kim et al.,
2021; Nguyen etal., 2023).

The research problem is alack of understanding
of the long-term relationships between Bitcoin

and a diverse group of cryptocurrencies over
more than 10 years. Older cryptocurrencies
such as Namecoin, Peercoin, Primecoin and NXT
have historically been underrepresented in lin-
ear and nonlinear analysis, leaving a gap in un-
derstanding their long-term influence and bidi-
rectional relationships with Bitcoin.

The objective of this research is to conduct a de-
tailed analysis of a comprehensive dataset span-
ning over a decade, encompassing both primary
and historically significant older cryptocurren-
cies. By employing linear and nonlinear analy-
ses, the study aims to explore the bidirectional
causality between Bitcoin and other cryptocur-
rencies, providing insights into their intercon-
nections.

This study is important for academics, educa-
tion, regulators, investors, risk managers, deci-
sion-makers, market analysts and public aware-
ness in general. Grasping price relationships is
essential for adequate portfolio diversification
and managing risk. When Bitcoin significantly
impacts the value of established cryptocurren-
cies, investors can enhance their strategies by
monitoring Bitcoin’s price fluctuations. Recog-
nising systemic risks and the impacts of price
contagion allows for improved regulatory ac-
tions and efforts to stabilise the market, espe-
cially during turbulent times. The examination
offers perspectives on market efficiency, the
uptake of cryptocurrencies, and the influence
of established coins, adding to the body of fi-
nancial and economic research. For market an-
alysts, this information is essential for creating
forecasting models and discovering arbitrage
possibilities. It addresses a deficiency in the ex-
isting literature by examining lesser-known re-
lationships, providing a broader insight into the
crypto ecosystem. Outcomes might inform the
creation of innovative applications, tools, and
financial products that utilise the interconnec-
tions between cryptocurrencies. Understanding
these connections can encourage well-informed
choices and enhance comprehension of cryp-
tocurrency markets. For the broader public,
understanding the idea of Granger causality be-
tween Bitcoin and other cryptocurrencies can
improve financial knowledge, protect against
possible market manipulations, and increase
awareness of new technologies.
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2. LITERATURE REVIEW

Ciaian et al. (2018) used the Autoregressive Dis-
tributed Lag (ARDL) model to study the connec-
tivity between cryptocurrencies. They found
a correlation between the returns of Bitcoin
and other cryptocurrencies. The study refer-
enced earlier is relevant to this research since
it explores the connections between Bitcoin and
various other cryptocurrencies. Grasping these
relationships is essential for performing Grang-
er causality tests. Using the Dynamic Condition-
al Correlation (DCC) model, Corbet et al. (2018)
observed correlations and interlinkages among
cryptocurrencies and discovered interconnec-
tions. However, they only have three cryptocur-
rencies—Bitcoin, Litecoin, and Ripple—in their
collection. Stosic et al. (2018) found that most of
the eigenvalues in the cross-correlation matrix
spectrum do not correspond to random matrix
theory’s universal predictions. However, a hand-
ful of the most significant eigenvalues do. The
minimum spanning tree of Bitcoin cross-corre-
lations reveals different yet unexpectedly per-
sistent community structures.

Aslanidis et al. (2019) found that positive cor-
relations exist across cryptocurrencies, albeit
these change over time. Correlations with Mone-
ro are more stable over time. The link between
cryptocurrency and traditional financial assets
is minimal. Beneki et al. (2019) have examined
volatility spillovers and hedging features with-
in the BEKK-GARCH model framework, but they
have only looked at two cryptocurrencies: Bit-
coin and Ethereum. According to their research,
there are positive shocks to Ethereum’s vola-
tility in addition to unidirectional volatility—
transmission from Ethereum returns to Bitcoin
returns—lasting no more than ten days before
waning over two weeks. Cheikh et al. (2019)
examined the asymmetric effects of cryptocur-
rencies using the Smooth-Transition-GARCH
model. For practically all leading digital curren-
cies, they have seen strong evidence of reversed
asymmetry impact, meaning that good news
affects cryptocurrency volatility more than
bad news. In order to qualify as a haven, they
have further said that the asymmetric effect of
digital currencies is comparable to that of gold.
After analysing the co-movement and volatility
dynamics of two cryptocurrencies, Bitcoin and
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Ether, using bivariate Diagonal-BEKK, Katsiam-
pa (2019) concluded that the cryptocurrency
markets are interconnected. Essential news will
likely affect these currencies, and Ether can be
used as a hedge against Bitcoin. Since there is lit-
tleresearch on cryptocurrenciesinatiny region,
scholarly perspectives must pay close attention
to this topic. Shi et al. (2020) found that Bit-
coin and Litecoin price volatility readings show
a considerable positive association. Ethere-
um’s volatility levels are positively correlated
with Ripple and Stellar. Ripple and Dash have
a favourable association in terms of volatility.
These findings are robust when considering
various correlation networks. The evidence
suggests that Bitcoin mainly correlates with
Litecoin, while Ethereum is linked to other
cryptocurrencies. The analysis conducted by
Nguyen et al. (2023) demonstrates that alter-
ations in the volatility-driven network frame-
work can help pinpoint significant events that
have, in turn, influenced the cryptocurrency
market. Furthermore, their findings indicate
that frameworks mirror investors’ sentiments,
encompassing feelings such as fear and greed.
By employing metrics like PageRank, they un-
covered that certain smaller coins exert an un-
expectedly significant impact on the market. In
contrast, the largest cryptocurrencies, like BTC
and ETH, appear less influential. These studies
collectively demonstrate that significant rela-
tionships exist between cryptocurrencies re-
garding price movements, volatility, and market
influences. This is particularly relevant for this
research, as understanding the strength and di-
rection of these interactions provides a founda-
tion for conducting Granger causality analysis
to determine whether past values of one cryp-
tocurrency can predict future values of another.

Canh et al. (2019) used DCC MGARCH to simu-
late seven leading cryptocurrencies while con-
sidering structural breaks and spillover effects
simultaneously. According to their empirical
findings, all cryptocurrencies exhibit structural
fractures, and there are positive, highly signif-
icant correlations between them that indicate
spillover effects. The constraint of diversifica-
tion advantages within Bitcoin marketplaces was
their primary discovery. In the BEKK-MGARCH
model framework, Tu & Xue (2019) investigat-
ed bifurcation features between two crypto-
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currencies (such as Bitcoin and Litecoin) from
2013 to 2018. They discovered that the shock’s
transmission direction prior to bifurcation was
flipped following bifurcation and that there was
a unidirectional influence from Bitcoin returns
to Litecoin returns. A study by Kim et al. (2021)
utilised a Granger non-causality test in quantiles
to explore causal relationships among cryptocur-
rencies further. The findings demonstrate that no
quantile uncorrelated cryptocurrency was iden-
tified through the Granger non-causality test in
quantiles. Strong bidirectional causal relation-
ships are observed exclusively between Ripple
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and other cryptocurrencies across the quantile
range [0.05, 0.95]. Notable causal connections
among cryptocurrency returns are present at
higher quantile levels. These studies reflect earli-
er investigations into Granger causality concern-
ing cryptocurrencies. Nevertheless, this research
will broaden the scope over an extended time-
frame and include nonlinear relationships, con-
centrating on less-explored cryptocurrencies to
enhance the understanding of their interactions.

Table 1 presents a structured overview of the
literature review in tabular form.

Table 1 - Relevant Literature Review

Time of Methodol-
nalysis ogy

Data

Author(s)

frequency

July 18,

Crypto-
Key findings currencies
analysed
. e Ethereum,
Cryptocurrencies exhibit high vola- Ripple, Lite-

tility and leverage effects . Lo
Y ge eff coin, Bitcoin

Bitcoin, Ripple and Litecoin are

interconnected. Bitcoin price can Bitcoin, Lite-

affect the levels of Ripple and Lite- coin, Ripple
coin
. . 6 major alt-

There is a correlation between the . J

. coins and 10
returns of Bitcoin and other crypto- .

. minor alt-
currencies .
coins.

Return and volatility spillovers

run in one direction only, i.e., from Bitcoin, Lite-
Bitcoin to Litecoin, before the bi- coin
furcation.

There are causality effects among
prominent cryptocurrencies, espe-

Caporale Mark-
& Zekokh flzlrlol t;o ov-Switching Daily
(2019) 2018 GARCH models
Between Dynamic
Corbet et early 2013 Conditional Dail
al. (2018) and early Correlation Y
2016 (DCC) model
Autoregres-
Ciaian et From 2013 sive Distrib- Dail
al. (2018)  to2016 uted Lag Y
(ARDL) model
April 28,
2013 to Granger
July 31, causality test
(T;‘O‘i‘ 9)5”3 2017,and  anda BEKK-  Daily
August 1, MGARCH
2017 to July =~ model
31,2018
August 5, MGARCH,
Canh etal. 2014 to DCC- .
Daily
(2019) December MGARCH,
31,2018 Granger test

cially in BTC, LTC, XRP, XLM, XMR,
DAS and BCN.

The results from

DCC- MGARCH reveal significant

20 cryptocur-
rencies

with the larg-

positive and strong correlations est market
(correlations between six out of capitalisation
seven cryptocurrencies are larger (as of 31st Dec
than 0.6), implying that the crypto- = 2018).

currency market lacks the diversi-
fied feature.
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Katsiampa
(2019)

Katsiam-
paetal.
(2019)

Beneki et
al. (2019)

Kim et al.
(2021)

Nguyen et
al. (2023)

August 7,
2015 to
January 15,
2018

August 7,
2015 to July
10,2018

August 8,
2015 to
June 10,
2018

July 23,
2017 to
November
28,2019

February
13,2019
to April 6,
2021

Augmented
Dickey-Fuller
and Phil-
lips-Perron
unit-root
tests, Engle’s
ARCH-LM
test for ARCH

effects

Daily

BEKK model Daily

BEKK-GARCH

model Daily

Quantile
Granger
non-causality
test

Daily

Pearson
correlation,
Minimum
Spanning
Tree

(MST), graph-
based metrics,
PageRank,
Random Ma-
trix Theory
(RMT), Mar-
ket Compo-
nent Concept

ute
dataset

HitBTC
ex-
change

30-min-

sourced
from the

Bitcoin and Ethereum seem to
follow a similar pattern and could
be correlated.

Lagged volatility and lag shocks of
these currencies themselves deter-
mine their volatility. Additionally,
unidirectional shock spillovers
between Ethereum and Litecoin
and bidirectional shock transmis-
sions between Bitcoin and the other
two coins.

There are positive shocks to Ethere-
um’s volatility in addition to unidi-
rectional volatility—transmission
from Ethereum returns to Bitcoin
returns—lasting no more than ten
days before waning over two weeks.

The quantile causality test indi-
cates that cryptocurrency has

no independent causal link with
others. Ripple and other crypto-
currencies have statistically signif-
icant bi-directional causal corre-
lations at the quantile level (0.05,
0.95). Cryptocurrencies have more
significant causal correlations

at upper quantile levels (0.6-0.8
and 0.8-0.95) compared to lower
quantile levels. In high quantiles,
the largest cryptocurrencies, such
as BTC and ETH, have a more sig-
nificant causal relationship with
smaller ones.

Analysis shows that changes in
volatility-based network structure
can indicate significant events
affecting the bitcoin market. These
structures represent investors’
emotions, including fear and greed.
Using metrics like PageRank, au-
thors found that tiny coins have

a disproportionate impact on the
market, whereas more prominent
cryptocurrencies like BTC and ETH
appear less significant.
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Bitcoin,
Ethereum

Bitcoin,
Ethereum,
Litecoin

Bitcoin,
Ethereum

Ethereum,
Bitcoin, Rip-
ple, Bitcoin
Cash, Litecoin,
EOS, Bifrost,
Export Import
Coin, Stellar

34 most active
cryptocurren-
cies
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August 26, iilrtlf‘:g(n;heor
Stosicetal. = 2016 to And minimuril} Dail
(2018) January 18, " M Y

2018 panning

trees

August 8, MFSVM with
Shietal. 2015, to the Bayesian Dail
(2020) January 1, estimation Y

2020 procedure
Aslanidis May 21, generalised

2014 to .
etal. September DCC class Daily
(2019) 27,2018 model

Source: created by author

3. RESEARCH METHODOLOGY AND
USED DATA

This research used a quantitative approach, and
secondary data were utilised. The cryptocurren-
cy data was gathered from https://coinmarket-
cap.com/. CoinMarketCap is considered a reliable
source for cryptocurrency prices due to its data
aggregation from numerous reputable exchang-
es, providing real-time, accurate market infor-

Most of the eigenvalues in the
cross-correlation matrix spectrum
do not correspond to random matrix
theory’s universal predictions, but
few of the most significant eigenval-
ues do. The minimum spanning tree
of bitcoin cross-correlations reveals
different yet unexpectedly persistent
community structures.

119 crypto-
currencies

Bitcoin and Litecoin price volatility
readings show a considerable positive
association. Ethereum’s volatility
levels are positively correlated with

Ripple and Stellar. Ripple and Dash Bitcoin, Dash,

L Ethereum,
have a favourable association in terms . .
e - Litecoin,
of volatility. These findings are robust .
S . ; Ripple, and
when considering various correlation
. Stellar
networks. The evidence suggests
that Bitcoin is mainly correlated with
Litecoin, while Ethereum is linked to
other cryptocurrencies.
Four crypto-
currencies
(Bitcoin
(BTC), Dash
(DASH), Mone-
ro (XMR), and
Positive correlations exist across Ripple (XRF)),
. . and three
cryptocurrencies, albeit these L
. ; . traditional
change over time. Correlations with ’ )
. financial
Monero are more stable over time.
. assets (Stand-
The link between cryptocurrency
L . . f ard & Poors
and traditional financial assets is .
minimal 500 Composite
’ (SP500), S&P
US Treasury
bond
7-10Y index
(BOND), and
Gold Bullion
LBM (GOLD))

mation. Daily closing price data of eight crypto-
currencies in USD was used. Cryptocurrencies
included in the sample are Bitcoin (BTC), Litecoin
(LTC), Namecoin (NMC), Peercoin (PPC), Ripple
(XRP), Dogecoin (DOGE), Primecoin (XPM) and
Nxt (NXT). The examination duration ranges
from December 16, 2013, to December 14, 2024.
The initial dataset contained 4017 observations
for each cryptocurrency. There were no missing
values or gaps in the dataset, as historical price
data for each cryptocurrency was retrieved and
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consolidated into a single document. Therefore,
no imputation or deletion techniques were nec-
essary. After applying the first difference trans-
formation to ensure stationarity, the number of
observations was reduced to 4016. All variables
are endogenous. Granger causality between
Bitcoin and selected cryptocurrencies was per-
formed. Granger causality is a statistical theory
of causality based on prediction. Granger cau-
sality states that if signal X1 “Granger-causes”
(or “G-causes”) signal X2, then past values of X1
should provide information that helps predict X2
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beyond the information provided by past values
of X2 alone, making it a precise tool for examining
interdependencies in time series data. It accounts
for lagged relationships, essential in financial
datasets where past prices can influence future
trends. Its mathematical approach uses linear re-
gression based on stochastic process modelling
(Granger, 1969). R software was used to conduct
the aforementioned statistical analysis.

The price movements of Bitcoin, along with
those of earlier cryptocurrencies over time, are
presented in Figure 1.

Figure 1. Bitcoin Prices and the Prices of Older Cryptocurrencies by Date.
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Source: CoinMarketCap, https://coinmarketcap.com/
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3.1. Linear Granger causality

The linear Granger causality test (1969) de-
termined the linear relationship between Bit-
coin and the chosen cryptocurrencies. First,
the augmented Dickey-Fuller (ADF) unit root
test (1979) is employed to investigate the
stationary characteristics of cryptocurrency
time series. Sims (1980) suggested the Vec-
tor autoregression (VAR) model, which can be
utilised for the linear Granger causality test
when all-time series are stationary. In this
work, the bivariate VAR model is built in the
following way:

m

m
AY, = ay + Z by AXi 1 + Z cjAYq + &gt
i=1 j=1

m m
AXy = a, + Z by AX,_1 + Z CojAYq + &y

i=1 j=1

In this equation, al and a2 represent the in-
tercept terms, b and c represent the estimated
coefficients, and m represents the optimal lag
order based on the Schwarz information crite-
rion (SIC). Koehler and Murphree (1988) sug-
gest that the SIC is a superior criterion for this
application to the Akaike information criterion
(AIC), which would overfit the data. The null
hypothesis states that X cannot strictly cause Y
in Equation (1) and Y cannot strictly cause X in
Equation (2). This is represented by b, = 0 and
c2j=0(i= 1,2,...,m;j=1,2,..., m).

3.2. Nonlinear Granger causality

Diks and Panchenko (2006) constructed a
nonlinear Granger causality test used in this
study.

It examines whether past values of one variable
provide additional predictive information for
another by analysing deviations in joint prob-
ability density functions. The null hypothesis
states that past values of X do not improve the
prediction of Y:

Ho=Yers | (X YP) ~Yeur | Y

This condition translates into a constraint on
the joint probability density function:

fxyz (%,y,7) _ fxy (X, ) . frz 0, 2)
fr») fr») fr)

Diks and Panchenko propose the test statistic:

-1 R R
T, () = % Zi(fx,y,z(xi,yi,zi)fym) -

— froy KXo YOy 2(Yi, Z))

where the local density estimator for a d,-vari-
ate random vector W at W, is given by:

. (2e)~aw
fuw = 5= ) 1

Jj#i

With 1ij = 1(||Wi - WJ|| < €. The test is con-
sistent if the bandwidth follows:

€n=CoP, for B € (i,g).

Diks and Panchenko (2006) recommend select-
ing the bandwidth as follows:

2
en=max(C,’, 1.5),

where CC can be determined based on the series’
ARCH coefficient, under the null hypothesis, the
test is asymptotically normal but may under-re-
ject when the sample size is below 500.

4. EMPIRICAL RESULTS

4.1. Unit Root Test Results

All time series must be stationary before per-
forming a linear and nonlinear Granger cau-
sality test to avoid spurious regression. Table
2 shows the results of unit root testing for all
series individually utilising the Augmented
Dickey-Fuller (ADF) test. According to Koe-
hler and Murphree (1988), using the SIC pro-
duces lower-order forecasting models. The
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appropriate lag length is found using the SIC
criterion, shown in brackets. The Augmented
Dickey-Fuller (ADF) test is a statistical meth-
od used to test the null hypothesis that a time
series has a unit root, meaning the series is
non-stationary. The ADF test accounts for
higher-order autocorrelation by adding lagged
differences of the time series as explanatory
variables, making it more robust compared to
the traditional Dickey-Fuller test. Results of
the ADF test with SIC criterion are presented
in Table 2.

Table 2. ADF test with SIC

Cryptocurrency . First
Difference
Bitcoin (BTC) 0.01 ***(2) 0.01 *** (1)
Litecoin (LTC) 0.06222 * (14) 0.01 ***(13)
Namecoin (NMC) | 0.1712 (21) 0.01 *** (20)
Peercoin (PPC) 0.05585 *(23)  0.01 ***(22)

Ripple (XRP) 0.01 ***(33) 0.01 ***(32)
Dogecoin (DOGE) ~ 0.02925**(39) = 0.01 ***(38)
Primecoin (XPM) 0.5166 (21) 0.01 ***(20)

Nxt (NXT) 0.01 *** (25) 0.01 *** (29)

Note: The symbols * **, or *** indicate rejection of the
null hypothesis at significance levels of 10%, 5%, and
1%, respectively.

Source: Author

HO: non-stationary
The results show that the p-value of every cryp-
tocurrency in the sample is 0.01 * after the first

difference. Thus, the null hypothesis is rejected,
and the time series data is stationary.

4.2. Linear Granger Causality

Table 3 presents the results of linear Granger
causality.
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Table 3. Linear Granger Causality Results

Null Hypothesis Lag p-value
BTC does not Granger 1 7.356e-07 ***
Cause LTC
LTC does not Granger 1 0.002607 ***
Cause BTC
BTC does not Granger 1 0.3932
Cause NMC
NMC does not Granger 1 0.7175
Cause BTC
BTC does not Granger 1 0.1535
Cause PPC
PPC does not Granger 1 0.995
Cause BTC
BTC does not Granger 18 2.894¢-11 ***
Cause XRP
XRP does not Granger 18 0.00102 ***
Cause BTC
BTC does not Granger 29 < 2.2e-16 ***

Cause DOGE

DOGE does not Granger 29 < 2.2e-16 ***

Cause BTC

BTC does not Granger 5 0.712
Cause XPM

XPM does not Granger 5 0.2695
Cause BTC

BTC does not Granger 15 0.03364 **
Cause NXT

NXT does not Granger 15 0.04648 **

Cause BTC

Note: The symbols * **, or *** indicate rejection of the
null hypothesis at significance levels of 10%, 5%, and
1%, respectively.

Source: author

BTC — LTC: Bitcoin Granger causes Litecoin
with a very high significance at lag 1 (F-test:
24.598; p-value: 7.356e-07 ***), indicating that
past values of BTC significantly help in predict-
ing future values of LTC.

LTC - BTC: Litecoin Granger causes Bitcoin at
lag 1 (F-test: 9.0755; p-value: 0.002607 **¥*),
suggesting that past LTC values also significant-
ly predict future BTC values.
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BTC — XRP: At lag 18, Bitcoin exhibits a Grang-
er causal effect on XRP (F-test: 4.9514; p-value:
2.894e-11 **¥),

XRP - BTC: A Granger causal relationship from
XRP to Bitcoin is detected at lag 18 (F-test:
2.355; p-value: 0.00102 ***).

BTC — DOGE: A significant Granger causality
from Bitcoin to Dogecoin is observed at lag 29
(F-test: 5.8094; p-value: < 2.2e-16 ***).

DOGE - BTC: Atlag 29, Dogecoin Granger caus-
es Bitcoin (F-test: 6.3747; p-value: < 2.2e-16 **¥).
BTC — NXT: Bitcoin Granger causes NXT at lag
15 (F-test: 1.7657; p-value: 0.03364 **), showing
a significant relationship in which past BTC val-
ues predict future NXT values.

NXT — BTC: NXT’s previous values are signifi-
cant predictors of Bitcoin’s future prices at lag
15 (F-test: 1.687; p-value: 0.04648 **).

A heatmap illustrating notable findings of Lin-
ear Granger Causality can be seen in Figure 2.

Figure 2. Heatmap Showing Significant Results
of Linear Granger Causality

BTC > LTC
LTC > BTC

sTc>xrRp - [

XRP > BTC

BTC > DOGE
BTC > NXT
NXT > BTC

Source: author

4.3. Nonlinear Granger Causality

The nonlinear Granger causality test by Diks and
Panchenko (2006) requires careful selection of
the bandwidth parameter € to ensure accurate
testing of nonlinear dependencies. According to
Diks and Panchenko (2006), the recommended
bandwidth is:
2
en = max(C,”,1.5)

where C is a parameter determined from the
properties of the time series.

In this study, C was set using the ARCH coefficients
(al) obtained from modelling each time series.
The ARCH model captures the conditional het-
eroskedasticity in financial time series, making it

suitable for reflecting volatility dynamics. Specifi-
cally, the mean of the a1 coefficients from the two
series being tested was used as the parameter C:

_ al,x+ al,y
B 2

This approach leverages the persistence in vol-
atility captured by the ARCH coefficients, align-
ing the bandwidth parameter with the series’
heteroskedastic nature. Using a1l for C ensures
consistency between the properties of the time
series and the test’s sensitivity.

al coefficients for cryptocurrencies are shown
in Table 4.

Table 4. al Coefficients for Cryptocurrencies

Cryptocurrency al
Bitcoin (BTC) 0.999
Litecoin (LTC) 0.999
Namecoin (NMC) 0.972032
Peercoin (PPC) 0.999
Ripple (XRP) 0.050183
Dogecoin (DOGE) 0.900671
Primecoin (XPM) 0.999
Nxt (NXT) 0.054887

Source: author
Table 5 displays bandwidth parameters (C) for
different combinations of Xand Y, determined as

the mean value of the a1 coefficients.

Table 5. Bandwidth Parameters (C)
for Different Combinations of Xand Y

Combination ‘ Bandwidth parameter (C)

BTC <> LTC 0.999

BTC < > NMC 0.985516
BTC < > PPC 0.999

BTC < > XRP 0.5245915
BTC < > DOGE 0.9498355
BTC <> XPM 0.999

BTC < > NXT 0.5269435

Source: author
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Table 6. Nonlinear Granger Causality Results

Null Hypothesis

BTC does not Granger Cause LTC. ¢ ;5 6.351 5.954 5.491 4.890

Q *** 0.00001 *** = 0.00015 ***  0.00873 ***  0.01133 **
LTC does not Granger Cause BTC 5 261 4377 3613 2377 2279

0.04234** | 0.00324 ***  0.01009 ** 0.00259 ***

BTC does not Granger Cause NMC 0.26036 1724 2793 2323 2795
NMC does not Granger Cause BTC 0.87741 0.99031 0.99752 0.83178 0.44029
BTC does not Granger Cause PPC 0.99910 0.99920 0.97780 0.93695 0.88659
PPC does not Granger Cause BTC 0.93513 0.99259 0.99907 0.99895 0.99980
BTC does not Granger Cause XRP 8.575 9.176 8.356 7310 6.717

0 *** Q ¥ Q *** 0.00014 ***  0.00008 ***
XRP does not Granger Cause BTC 7435 5216 1,604 3629 3 762

0 kkk 0 * %k 0 kkk 0 *kk 0 * k%
BTC does not Granger Cause DOGE 6.522 7385 7309 7237 6.779

Q *** 0 *** 0.00014 ***  0.01609 ** 0.06153 *
DOGE does not Granger Cause BTC 6.044 4,986 3633 2142 1542
BTC does not Granger Cause XPM 0.95999 0.98549 0.73505 0.96410 0.96104
XPM does not Granger Cause BTC 0.97209 0.97438 0.92120 0.94465 0.99223
BTC does not Granger Cause NXT 0.84170 0.15796 0.15801 0.15810 0.15817
NXT does not Granger Cause BTC 0.13599 0.15851 0.15153 0.24828 0.50000

Note: The symbols *, **, or *** indicate rejection of the null hypothesis at significance levels of 10%, 5%, and 1%,
respectively.
Source: author

The findings indicate a significance at the 1%
level across all tested lags, confirming that BTC
Granger causes LTC.

Significance is observed at the 1% level for the
first four lags, indicating strong evidence that LTC
Granger causes BTC. At the fifth lag, the signifi-
cance remains significant at the 5% level, further
supporting the predictive influence of LTC on BTC.

BTC exhibits significant Granger causality on
NMC at the 5% level for the second and fourth
lags, and even stronger significance at the 1%
level for the third and fifth lags.

Statistical significance at the 1% level across all
evaluated lags confirms that BTC Granger caus-
es XRP.

The analysis indicates that XRP Granger causes
BTC, with significant p-values at the 1% level
across all lags.

BTC Granger causes DOGE, supported by statis-
tically significant p-values at the 1% level across
all analysed lags.

DOGE demonstrates notable Granger causality
over BTC at the 10% significance level for the
fifth lag, with stronger significance at the 5%
level for the fourth lag and even greater signifi-
cance at the 1% level for the first three lags.

Aheatmap illustrating notable outcomes of Non-
linear Granger Causality could be displayed in
Figure 3.
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Figure 3. Heatmap Showing Significant Results
of Nonlinear Granger Causality

Lx =Ly
Alternative hypothesis 1 2 3 4 5
BTC> LTC
LTC > BTC
BTC > NMC
BTC > XRP
XRP > BTC
BTC > DOGE
DOGE > BTC

Source: author

A summary of the findings from both linear and
nonlinear Granger causality is shown in Table 6.

Table 7. A Summary of the Results of Linear
and Nonlinear Granger Causality

Alternative Linear Nonlinear
hypothesis Granger Granger
causality causality
BTC>LTC + ,
LTC > BTC + )
BTC > NMC - +
NMC > BTC ; .
BTC > PPC ; .
PPC > BTC ; .
BTC > XRP + .
XRP > BTC " +
BTC>DOGE — + .
DOGE>BTC — + .
BTC > XPM ; .
XPM > BTC ; .
BTC > NXT + .
NXT > BTC + .

Note: + represents Granger causality significance,
while - Granger causality non-significance
Source: author

5. DISCUSSION

The bidirectional Granger causality observed be-
tween Bitcoin and the chosen cryptocurrencies
indicates a significant interconnection among
the leading digital assets. Market contagion or
spillover effects in financial markets might ac-
count for this outcome. As stated by Dornbusch et
al. (2000), the contagion effect occurs when the
interconnections between countries in different
markets see a notable rise during or following a
crisis. In the realm of cryptocurrencies, this sug-
gests that the fluctuations in Bitcoin’s price can
affect other cryptocurrencies, and the reverse
is also true, emphasising the interdependence
of the cryptocurrency market. Bitcoin, as the
original and most prominent cryptocurrency,
frequently guides the market. The observation
that Bitcoin can forecast the movements of other
cryptocurrencies supports the notion of market
leadership in financial theory. The reciprocal re-
lationship between BTC and LTC, XRP, and DOGE
indicates that investors might be engaging in
speculative activities, as traders frequently re-
spond to trends and news regarding Bitcoin. For
instance, it could involve a collective of market
players who engage in trading in the same direc-
tion simultaneously (Nofsinger and Sias, 1999),
investors who disregard their initial evaluations
and choose to trade by conforming to the trend
established by the previous transaction (Avery
and Zemsky, 1998), mutual imitation (Welch,
2000), an excessive consensus in analyst fore-
casts (DeBondt and Forbes, 1999), a behaviour
that tends to align with the average (Hirshleifer
and Teoh, 2003), a type of correlated behaviour
(Hwang and Salmon, 2004), a group of inves-
tors moving in and out of the same securities in
unison (Sias, 2004), among other analogous de-
scriptions. This could be especially significant
in the realm of cryptocurrencies, where market
actors frequently demonstrate a strong reaction
to fluctuations in Bitcoin prices and related news,
potentially affecting the behaviour of other cryp-
tocurrencies reciprocally. Litecoin and Ripple
are recognised for their technological advance-
ments, including quicker transaction times and
improved scalability. The findings of bidirec-
tional causality with Bitcoin may indicate the
impact of technological progress and competitive
interactions within the cryptocurrency sector.
The application of nonlinear Granger causality
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enhances the analysis by acknowledging that fi-
nancial markets do not consistently follow linear
patterns. Nonlinear causality suggests that the
connections between Bitcoin and other crypto-
currencies vary over time, potentially driven by
market cycles, investor sentiment, or external
shocks (like regulatory events or technological
progress). Nonlinear behaviour in cryptocurren-
cy markets is frequently seen due to the signifi-
cant volatility and speculative characteristics of
digital assets, where the intensity and direction
of causality may fluctuate in response to outside
influences. The declaration of regulatory choices
in key markets (such as the U.S. SEC’s stance on
cryptocurrencies or China’s prohibition of cryp-
to mining) frequently impacts the whole mar-
ket, leading to price fluctuations that cascade
throughout the cryptocurrency network, which
clarifies the two-way causation noted between
Bitcoin and other cryptocurrencies.

Adding to previous research (Corbet et al., 2018;
Ciaian et al., 2018; Stosic et al., 2018; Aslanidis et
al,, 2019; Canh et al., 2019; Katsiampa et al., 2019;
Tu & Xue, 2019; Shi et al., 2020; Kim et al., 2021;
Nguyen etal., 2023), the results demonstrate that
while there are numerous linear causal relation-
ships, a considerable number of relationships are
only significant under nonlinear conditions. This
highlights the complex dynamics of the crypto-
currency market, where factors such as market
volatility, investor sentiment, and extreme price
movements may influence causality. For example,
Bitcoin’s relationship with cryptocurrencies like
Litecoin, Ripple, and Dogecoin is found to be sig-
nificant in both linear and nonlinear models, sug-
gesting stable and dynamic interdependencies. In
contrast, some cryptocurrencies like Namecoin
and Primecoin show nonlinear relationships or
no causal links, likely due to their smaller mar-
ket presence. These findings suggest that while
Granger causality offers insights into the inter-
dependence of cryptocurrencies, understanding
the full scope of these relationships requires con-
sideration of both linear and nonlinear models,
especially in volatile market conditions.

5.1. Theoretical Contributions

The value of this study, in addition to covering
a broader timeframe and investigating older
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cryptocurrencies, lies in its enhancement of
causal analysis in the cryptocurrency sector.
Utilising both linear and nonlinear Granger
causality tests, the research provides a more
nuanced understanding of the relationships
between various cryptocurrencies, including
those that have not been thoroughly examined
in earlier studies. This methodology yields more
accurate insights into the directional connec-
tions between Bitcoin and lesser-known cryp-
tocurrencies such as Namecoin, Peercoin, and
Primecoin, offering fresh perspectives on their
significance within the market. Furthermore, by
incorporating a more varied selection of cryp-
tocurrencies, the study broadens the range of
previous research, enriching the overall com-
prehension of how smaller and older cryptocur-
rencies interact with major players like Bitcoin
and Litecoin.

5.2. Practical Implications

Regulators can utilise observed Granger causal-
ity to gain a deeper insight into how price fluc-
tuations in one cryptocurrency (such as Bitcoin)
influence the prices of other cryptocurrencies.
This enables them to more effectively detect
potential risks within the system, serving as a
practical tool to avert financial disturbances.
Drawing on the interconnections identified,
regulatory agencies can develop strategies to
more effectively handle the fluctuations that
may emerge from the connections between sig-
nificant cryptocurrencies (such as Bitcoin) and
lesser-known, higher-risk currencies. These
strategies can help mitigate the potential for
market disruption. If it is determined that Bit-
coin significantly impacts the volatility of oth-
er currencies, regulators may introduce mech-
anisms to track those currencies, facilitating
prompt reactions to market disruptions and
supporting overall market stability.

Investors can leverage these findings to gain
insights into the correlations between various
cryptocurrency pairs, allowing them to diver-
sify their investments more effectively. For
instance, if there is a significant causal link be-
tween Bitcoin and Litecoin, traders can utilise
this knowledge to mitigate risk in their portfoli-
os by investing in cryptocurrencies that have no
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causal link with Bitcoin. Investors can leverage
their understanding of the causal links between
Bitcoin and other cryptocurrencies to formulate
hedging strategies, thereby minimising the risk
of significant losses stemming from Bitcoin’s
volatility. This can be essential for hedging
strategies in fluctuating market environments.
Market players can enhance their judgment on
the timing and selection of cryptocurrencies
for purchase or sale by understanding the iden-
tified correlations. This enables them to make
well-informed choices based on Granger cau-
sality, minimising the uncertainty surrounding
market fluctuations.

6. LIMITATIONS AND
RECOMMENDATIONS FOR FUTURE
RESEARCH

The dataset size (4017 observations) is relative-
ly large, with linear and nonlinear Granger cau-
sality analysis ensuring the robustness of the
results. The nonlinear Granger causality test
was employed to capture complex dependen-
cies; however, its effectiveness depends on the
accurate selection of test parameters, particu-
larly the bandwidth parameter (g), which was
set based on the mean of the ARCH coefficients
(a1) from the time series being tested. This ap-
proach helps account for volatility persistence,
a critical feature of financial time series. Never-
theless, the choice of lags (Lx =Ly =1, 2, ..., 5)
and bandwidth may still influence the results,
especially if they fail to fully capture the intri-
cate relationships between cryptocurrencies
or external market shocks. While the method of
Granger causality remains valuable for detect-
ing temporal relationships, it has limitations
in accounting for structural breaks, which are
prevalent in the cryptocurrency market.

Future research could explore the impact of
external factors, such as regulatory changes or
market sentiment, on the causal relationships
between Bitcoin and other cryptocurrencies.
Additionally, investigating the dynamic inter-
actions between a more extensive set of cryp-
tocurrencies, including emerging altcoins, could
provide further insights into the evolving struc-
ture of the cryptocurrency market.

7. CONCLUSION

The results show linear and nonlinear Granger
causality in both directions between most cryp-
tocurrencies, BTC-LTC, BTC-XRP and BTC-DOGE
relationships. On the other hand, BTC does not
Granger cause NMC, PPC and XPM in the linear
model. On the other hand, BTC does not have a
causal influence on NMC, PPC and XPM in the lin-
ear model. In contrast, in the nonlinear model,
BTC Granger causes NMC. This suggests that the
nonlinear analysis reveals additional connec-
tions that the linear approach does not detect,
indicating more complex dynamics among spe-
cific cryptocurrencies. These insights are cru-
cial for understanding the complex market price
dynamics within the cryptocurrency sector,
aiding investors and analysts in making more
informed decisions based on historical data and
predictive relationships.
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Grangerova kauzalnost izmedu cijena Bitcoina i cijena starijih kriptovaluta
Sazetak

Ovaj rad analizira odnos izmedu vrijednosti Bitcoina (BTC) i vrijednosti starijih kriptovaluta. Podaci o
dnevnim cijenama Bitcoina (BTC), Litecoina (LTC), Namecoina (NMC), Peercoina (PPC), Ripplea (XRP),
Dogecoina (DOGE), Primecoina (XPM) i Nxta (NXT) za razdoblje od 16. prosinca 2013. do 14. prosinca
2024. koristeni su za izvodenje Grangerove kauzalnosti u oba smjera. Rezultati pokazuju linearnu i ne-
linearnu Grangerovu kauzalnost u oba smjera izmedu vecine kriptovaluta, odnosa BTC-LTC, BTC-XRP i
BTC-DOGE. S druge strane, BTC ne uzrokuje prema Grangeru NMC, PPC i XPM u linearnom modelu. S druge
strane, BTC nema Grangerov uzro¢ni utjecaj na NMC, PPC i XPM u linearnom modelu. Nasuprot tome, u
nelinearnom modelu, BTC Granger uzrokuje NMC. Navedeni rezultati su kljucni za razumijevanje sloZenih
dinamika cijena na trZistu kriptovaluta, pomaZuci ulagacima i analiticarima u donosenju informiranijih
odluka na temelju povijesnih podataka i prediktivnih odnosa.

Kljuéne rijeci: Bitcoin, kriptovalute, Grangerova uzro¢nost



