~ A Service of
’. b Leibniz-Informationszentrum

.j B I l I Wirtschaft
) o o o Leibniz Information Centre
Make Your PUbllCCltlonS VZSlble. h for Economics ' '

Bose, Rik; Nagarkar, Jeevan; Malik, Sushant; Bharti, Nisha

Article

Unveiling the interlinkage between Ethereum and Nifty
indices: impact of cryptocurrency on Indian equity markets
post Covid-19

Cogent Economics & Finance

Provided in Cooperation with:
Taylor & Francis Group

Suggested Citation: Bose, Rik; Nagarkar, Jeevan; Malik, Sushant; Bharti, Nisha (2024) : Unveiling
the interlinkage between Ethereum and Nifty indices: impact of cryptocurrency on Indian equity
markets post Covid-19, Cogent Economics & Finance, ISSN 2332-2039, Taylor & Francis, Abingdon,
Vol. 12, Iss. 1, pp. 1-12,

https://doi.org/10.1080/23322039.2024.2359599

This Version is available at:
https://hdl.handle.net/10419/321501

Standard-Nutzungsbedingungen: Terms of use:

Die Dokumente auf EconStor durfen zu eigenen wissenschaftlichen Documents in EconStor may be saved and copied for your personal
Zwecken und zum Privatgebrauch gespeichert und kopiert werden. and scholarly purposes.

Sie durfen die Dokumente nicht fiir 6ffentliche oder kommerzielle You are not to copy documents for public or commercial purposes, to
Zwecke vervielféltigen, 6ffentlich ausstellen, 6ffentlich zugénglich exhibit the documents publicly, to make them publicly available on the
machen, vertreiben oder anderweitig nutzen. internet, or to distribute or otherwise use the documents in public.
Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen If the documents have been made available under an Open Content
(insbesondere CC-Lizenzen) zur Verfiigung gestellt haben sollten, Licence (especially Creative Commons Licences), you may exercise
gelten abweichend von diesen Nutzungsbedingungen die in der dort further usage rights as specified in the indicated licence.

genannten Lizenz gewahrten Nutzungsrechte.

-. https://creativecommons.org/licenses/by/4.0/
Mitglied der
WWW.ECOMSTOR.EU K@M 3
. J . Leibniz-Gemeinschaft


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.1080/23322039.2024.2359599%0A
https://hdl.handle.net/10419/321501
https://creativecommons.org/licenses/by/4.0/
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

S— (o) Tovlor & Francis
economics

WELES  Cogent Economics & Finance

I55M 23311983 .l it bedige

ISSN: 2332-2039 (Online) Journal homepage: www.tandfonline.com/journals/oaef20

Unveiling the interlinkage between Ethereum and
Nifty indices: impact of cryptocurrency on Indian
equity markets post Covid-19

Rik Bose, Jeevan Nagarkar, Sushant Malik & Nisha Bharti

To cite this article: Rik Bose, Jeevan Nagarkar, Sushant Malik & Nisha Bharti (2024)
Unveiling the interlinkage between Ethereum and Nifty indices: impact of cryptocurrency
on Indian equity markets post Covid-19, Cogent Economics & Finance, 12:1, 2359599, DOI:
10.1080/23322039.2024.2359599

To link to this article: https://doi.org/10.1080/23322039.2024.2359599

8 © 2024 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group

% Published online: 23 Jun 2024.

\J
G/ Submit your article to this journal &

E

Article views: 1301

O

View related articles &'

View Crossmark data &'

@

o
8

=
=

Citing articles: 1 View citing articles

oy

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journallnformation?journalCode=oaef20


https://www.tandfonline.com/journals/oaef20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/23322039.2024.2359599
https://doi.org/10.1080/23322039.2024.2359599
https://www.tandfonline.com/action/authorSubmission?journalCode=oaef20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=oaef20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/23322039.2024.2359599?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/23322039.2024.2359599?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/23322039.2024.2359599&domain=pdf&date_stamp=23%20Jun%202024
http://crossmark.crossref.org/dialog/?doi=10.1080/23322039.2024.2359599&domain=pdf&date_stamp=23%20Jun%202024
https://www.tandfonline.com/doi/citedby/10.1080/23322039.2024.2359599?src=pdf
https://www.tandfonline.com/doi/citedby/10.1080/23322039.2024.2359599?src=pdf
https://www.tandfonline.com/action/journalInformation?journalCode=oaef20

COGENT ECONOMICS & FINANCE
2024, VOL. 12, NO. 1, 2359599
https://doi.org/10.1080/23322039.2024.2359599

c&gent

8 OPEN ACCESS ‘ ) Checkforupdates‘

GENERAL & APPLIED ECONOMICS | RESEARCH ARTICLE
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ABSTRACT

Predictability of the various financial instruments can lead to more trust and invest-
ment. The study examines the long-term and causal relationship between various
Nifty indices and the Ethereum cryptocurrency. This study considers the data from
April 2015 to December 2022 in two phases, pre-covid and post-covid. Johansen'’s
cointegration test was used to determine if the vectors in the data set are cointe-
grated, using the Max-Eigen and Trace tests for evaluation. The Granger causality test
was also used to explore the short-term causal relationship between Ethereum and
the five Nifty indices. The study found that post-pandemic daily returns of stock mar-
ket indices have developed a significant cointegration with the cryptocurrency over
time. The Granger causality test results showed bi-directional relationships of Nifty 50,
Nifty 200 and Nifty Next 50 with Ethereum and a unidirectional relationship between
Nifty Auto and Ethereum. The non-linear results reveal a one-way relationship pre-
covid and a bi-directional relationship post-covid except for Nifty Banks. Johansen's
cointegration test, both in the pre-and post-covid-era, indicated that these indices
had a substantial long-term cointegration with cryptocurrencies. This study also offers
guidance to investors in making long-term investment decisions and to regulatory
authorities. This implied that the investing decisions resulted in developing a causal
relationship between the equity market and cryptocurrencies, which seemed very
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unlikely before 2020. This indicates that a new and young investor also considered
cryptocurrencies a viable alternate investment option compared to traditional options
such as fixed deposits, gold, and other fixed-income instruments.

IMPACT STATEMENT

The study explores the relationship between Nifty indices and Ethereum cryptocur-
rency. Bi-directional relationships between Nifty 50, Nifty 200, and Nifty Next 50 with
Ethereum are observed. Pre-COVID, a one-way relationship is noted, whereas the rela-
tionship was bi-directional post-COVID. These results indicate that consumer trust is
increasing in cryptocurrencies and is being accepted as viable investments over trad-
itional investment options. This signals a shift in investor preferences. This finding will
also increase the predictability of the market and will impact investor decisions and
regulatory frameworks.

Introduction

Nifty 50, otherwise known as the Nifty, is an Indian stock market index comprising 50 of the largest public
companies listed on the Indian National Stock Exchange (NSE). It is usually a measure of India’s equity mar-
ket's performance and is regarded as a benchmark index for the Indian equities market. Cryptocurrency is
a digital currency that uses high levels of encryption to ensure security. Cryptocurrencies are not controlled
by any bank or regulatory body and work in a decentralised manner. The evolution of cryptocurrencies can
be traced back to 2009 when Bitcoin was introduced. However, it came to India in the year 2012 and
started gaining popularity from the year 2013. In India, the government did not recognise cryptocurrencies
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as a legal form of trade till 2020. In 2020, the trade of cryptocurrency was legalised. With this move, invest-
ors’ interest also started growing. It has been reported that the evolution of digital financial assets is inevit-
able (Koshelev, 2022). It is important to note that cryptocurrency and the stock market are not directly
related; however, both are expected to be affected by changes in market conditions. As the stock market
and cryptocurrencies are both impacted by market conditions, it is essential to see the relationship
between these financial instruments.

The evidence suggests a positive relationship exists between the global stock market and the crypto-
currency market; e.g., in the years 2018 and 2019, the selloff in the global stock market led to a decline
in NIFTY and cryptocurrencies. In this context, this study investigates the long-term relationship between
the Indian stock market and the price of one of the leading cryptocurrencies, i.e. Ethereum. For this pur-
pose, five Nifty indices are selected, i.e., Nifty 50, Nifty Next 50, Nifty 200, Nifty Auto, Nifty Bank and the
cryptocurrency Ethereum. The literature also suggests the impact of unprecedented events on such rela-
tionships. As COVID was one such unusual event in history, it was apt to take this event as the bench-
mark for the comparison. Hence, this analysis is conducted for pre and post-Covid situations. Our study
investigates the evolving relationship between Nifty indices and Ethereum cryptocurrency, which can
assist investors in developing investment tactics and policymakers in creating market-related regulations
highlighting new investment avenues in a dynamic market landscape. This study will help young invest-
ors decide whether to invest in cryptocurrencies.

Literature review

This section explores the relationship between various asset classes and the impact of Covid on these
relationships.

Correlation between various asset classes

The financial markets have become increasingly interconnected in recent years, and researchers have
examined the dynamic relationships between various asset classes. Matha et al. (2022) analyse and find
considerable interconnections between these different asset classes in the Indian financial market.
Another study by Adebola et al. (2019) examines the relationship between the daily prices of gold and
blockchain-based currencies. It was evident that convergence and cointegration existed between the men-
tioned asset classes, suggesting that they may be used as alternative safe-haven assets. Beckmann et al.
(2015) looked at the effect of commodity prices, such as gold and currency exchange rates, on each other
and discovered the possibility of using gold as a hedging mechanism against currency rate fluctuations.

Ross (2013) explored the concept of arbitrage pricing, while the role of ‘Balance of Payments’ in the
equilibrium of a portfolio is explored by Frenkel and Rodriguez (1975). Patel (2017) examined the co-
movement and integration among stock markets, while ‘Oil, gold, US Dollar and Stock Market
Interdependencies: A Global Analytical Insight’ analyses the interdependencies between oil, gold, the US
dollar, and stock markets. Finally, Tudor and Popescu-Dutaa (2012) analysed the effect of variability of
share market returns on the changeability of exchange rates.

Much research in Middle Eastern economies has concerned the relationship between shares and the
forex market. One study examined this relationship specifically in Saudi Arabia finds that the markets
mentioned above considerably affected each other in a two-way manner (Parsva & Tang, 2017). Another
study focused on Pakistan and discovered how the stock prices of that country impacted the exchange
rates. These findings highlight the importance of understanding the specific dynamics of each economy
when studying this relationship (Farooq et al., 2004). Commodity prices, US currency, and interest rates
are key factors impacting stock markets and exchange rates (Akram, 2009). A study of the interdepend-
ence of these factors found that share prices were related to commodity markets, while the exchange
rates were significantly affected by US currency and interest rates (Adjasi et al, 2011). Beckmann and
Czudaj (2013) examined the financial interdependence of international stock markets and found evi-
dence of increasing interconnectedness between markets, particularly after the 2008 global crisis. These
studies demonstrate the complex web of factors influencing stock markets and exchange rates. The rela-
tionship between the currencies of the countries involved in the export of oil and the price of oil itself
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has also been studied extensively (Saxena & Bhadauriya, 2012). One study found that the currencies of
oil exporters were directly related to oil prices but not oil importers (Singh & Sharma, 2018). Another
study found evidence of a significant impact of oil prices on stock market returns. At the same time,
they performed studies to explore the interactions among equity indices, oil prices, other commodities
and currency during financial turmoil (Ingalhalli et al., 2016).

Finally, the impact of the changeability of oil prices on the equity markets of involved countries was
studied, with findings suggesting that oil price volatility significantly negatively impacts net-oil importer
countries’ stock markets (Aydogan et al., 2017). The literature indicate that all these financial assets are
interrelated and affect each other positively or negatively.

Cryptocurrency and stock market

In recent times, the role of cryptocurrency and its relationship with various asset classes has gained a lot
of significance. Several studies have studied this relationship. Bouri et al. (2018) tested the asymmetry in
non-linear short-run and long-run connections between US commodity indices and cryptocurrencies.
The study finds evidence of such relationships, indicating that bitcoin may act as a diversifier for com-
modity and gold prices. On the other hand, Klein et al. (2018) challenge the notion that bitcoin is a
safe-haven asset. The findings showed that bitcoin was significantly volatile compared to gold and that
its correlation with other assets is relatively weak.

Moreover, the study finds that bitcoin does not provide diversification benefits in a traditional port-
folio. Blau (2017) investigated and found that even blue-chip cryptocurrencies such as Bitcoin are volatile
due to being susceptible to speculation. Balcilar et al. (2017) examined and discovered the importance
of trading volume regarding the volatility of Bitcoin and the expected daily returns, particularly in the
distribution’s tails. Aravind (2017) investigates the impact of foreign exchange volatility on the Indian
stock market. The study finds that, particularly during times of high volatility, foreign exchange and sec-
ondary equity market in India are directly related. Finally, Elsayed et al. (2022) analysed the volatility and
return connectedness of cryptocurrencies and gold in uncertainty. The study finds evidence of strong
return connectedness between cryptocurrencies and gold during times of uncertainty, indicating that
they may be used as alternative safe-haven assets.

The recent emergence of cryptocurrencies as a new asset class has raised questions about their rela-
tionship with traditional assets such as gold. The study by Yang et al. (2022) explores the effectiveness
of various artificial intelligence techniques in forecasting gold prices, while Aras (2021) applies a similar
approach to the Bitcoin market. Several studies, including Thampanya et al. (2020) and Bagci and Koylu
(2019) analyse the correlation between gold and cryptocurrencies, with the former focusing on the
hedging effectiveness of the two assets. Angela and Sun (2020) use the Ethereum market as a case
study to determine which factors the prices of cryptocurrencies depend upon. Huynh et al. (2020) exam-
ine the spillover effects between the cryptocurrency and gold markets. Some studies showed a positive
relationship between traditional financial assets and cryptocurrencies (Shilov & Zubarev, 2021). A study
by Caferra and Vidal-Tomas (2021) conducted a study on cryptocurrencies and the stock market and
concluded that cryptocurrency and stock prices fell steeply during Covid. However, cryptocurrencies
promptly rebounded, while stock markets could not rebound. Another study by Yarovaya et al. (2021)
reported that COVID-19 does not increase the herding in cryptocurrency markets. It was also noted that
herding behaviour was common in all markets, but this behaviour was not noticed during Covid.

Gaps in literature

These studies highlight the complex and multidirectional connections amid stock markets, currencies, and
various economic factors such as commodity prices and oil prices. The specific dynamics of each economy
must be considered when studying these relationships, as the causal relationships between these factors
can vary significantly between countries. These conclusions heavily impacted new and young investors
and policymakers seeking to understand and navigate the complex world of global economics.
Unprecedented events are reported to have a significant impact on various asset classes. However, it
is essential to note that as COVID-19 was also a unique, unusual event, its effect on different financial
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instruments was minimal. More specifically, the impact of COVID-19 on the interrelationship of these
asset classes is even more limited. Chien et al. (2021) examined the correlation between equity market
returns and energy price movements in the USA, Europe, and China. The study finds that an environ-
mental wavelet nexus was started by the covid-19 pandemic between energy prices and equity returns
in these developed markets. Mahdi et al. (2021), in the context of COVID-19, apply support vector
machines to predict how returns from blockchain-based currency and gold are related. Kim et al. (2021)
analyses the extent to which various cryptocurrencies are causally connected. Wei et al. (2023) reported
that during Covid, a diverse set of financial assets helped in hedging the risk of Bitcoin. Among various
asset classes, gold is found to have worked as a safe trading option during COVID-19 (Noman et al.,
2023). In this context, this study explores the impact of COVID-19 on the correlation between Ethereum
and significant stock indices market, i.e. Nifty 50, Nifty Next 50, Nifty 200, Nifty Auto, and Nifty Bank.

Objectives and methodology

This study attempts to analyse the relationship between nifty and the cryptocurrency price. The objective
of the study is to analyse whether different nifty indices daily returns granger cause Ethereum daily returns.
Ethereum is considered for the analysis because it has a 68% share in overall traded cryptocurrencies.
Ethereum smart contracts run on the Ethereum blockchain and are self-executing, meaning that trades
would get automatically executed if the underlying conditions are met. The current study inspects the
long-term and causal connection of Nifty 50, Nifty 200, Nifty Next 50, Nifty Auto and Nifty Bank with the
cryptocurrency Ethereum. Daily data of time series from the date 1 April 2015 to 31 December 2022, have
been considered for this empirical analysis. The spot price data for indices were retrieved from the
Bloomberg Terminals. The data on Ethereum prices were attained from www.coinmarketcap.com. Previous
studies have suggested that coin-ranking sites, such as Coinmarketcap, include most of the cryptocurrency
trading activity and have the same underlying processes as the main exchange platforms (Coinbase and
Bitstamp) and alternative coin-ranking sites (Cryptocom-pare). This justified the selection of a database to
extract data for this study. Another study by Alexander and Dakos (2020) mentioned that Coinmarketcap is
used by most of the academic literature because they rank both coins and exchanges by trading volume
and market capitalisation. The dates were further divided into pre-covid (before March 2020) and post-
covid (on and after March 2020). A natural log was applied to reduce the skewness.

The Granger's linear test (Granger, 1969) is one of the most popular methods to check the non-
causality between the variables. As the linear assumption of the test causes a problem with low power to
detect non-linear relationships, non-linear tests are also required. A non-linear version of the of Granger’s
test is used by Hiemstra and Jones (1994), but an improved version for the large sample is proposed by
Diks and Panchenko (2006). In a study on cryptocurrency and emerging stock markets, Xunfa et al. (2020)
suggest using Liang's causality analysis as it is more robust. Studies have suggested the multifractal asym-
metric detrended cross-correlation analysis (MF-ADCCA) approach for assets like cryptocurrency with more
information asymmetry (Kristjanpoller et al., 2020). Bouri et al. (2017a) use non-linear symmetric and asym-
metric test for non-causality by replacing the Vector Autoregression to test the relation between gold and
oil prices. Bouri et al. (2017b) applied rolling causality analysis for out-of-the-sample rolling exercises and
the widely used Granger’s test. Han et al. (2016) suggest using more advanced cross-quantilograms to test
the dependence between time series and check whether the relationship between the variables changes
across different parts of their distributions. This study uses the traditional Grangers test for linear causality
and Diks and Panchenko (2006) test for non-linear causality to ensure robustness checks. The proposed
methods provide replicability and interpretability as these methods have been widely used for detecting
causality. Hamouda (2021) also used a similar methodology. Diks and Panchenko (2006) suggest decreased
rejection rates for increased lag length and a bandwidth value between 0.5 and 1.5.

Furthermore, for the stationarity check, the Augmented Dicky Fuller test was used. This data’s statio-
narity suggests the future constancy of the statistical features. For the validity of the Granger-causality
and Johansen cointegration test, the time series data needed to be stationary. The Johansen cointegra-
tion test was applied to investigate whether the data set’s vectors are cointegrating. The Max-Eigen test
and the Trace test are used, respectively, to evaluate the cointegrated vectors. The Granger causality
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Figure 1. Conceptual framework.

test also examined the short-term causal relationship between Ethereum and the five nifty indices. The
study’s conceptual framework is adapted from Matha et al. (2022) and is presented in Figure 1.

Table 1 illustrates an overview of descriptive statistics for the pre and post Covid dataset. Negative
returns were seen across the Nifty 50, Nifty 200, Nifty Next 50, Nifty Auto, Nifty Bank, and Ethereum,
with Nifty Auto posting the best mean returns (—0.007 percent). The biggest deviations for Ethereum
and Nifty Auto, with 5.95 percent and 1.22 percent, respectively, were shown by the standard deviation,
which explained the departure from the actual mean. According to this analysis, only the Nifty Next 50
and Ethereum have a positive skewness in the data. The data were overly peaked, according to the kur-
tosis measurement of data flatness. The Jarque-Bera test hypothesises (Hy) the data to be normally dis-
tributed, which is discovered not to be acceptable by inconsequential test statistics found out at 5%
L.O.S,, in statistical terms, accepting the alternate hypothesis (H;). For the post covid data, negative
returns were seen across the Nifty 50, Nifty 200, Nifty Next 50, Nifty Auto, Nifty Bank, and Ethereum,
with Nifty Bank” posting the best mean returns (—0.039 percent). The biggest deviations for Ethereum
and Nifty Bank, with 5.34 percent and 1.96 percent, respectively, were shown by the standard deviation,
which explained the departure from the actual mean. All the Nifty Indices and Ethereum have positive
skewness in the data, according to this analysis. The Jarque-Bera test again hypothesises (Hy) the data to
be normally distributed, which, just like before, is once again discovered not to be acceptable by incon-
sequential test statistics found out at 5% L.O.S. in statistical terms, accepting the alternate hypoth-
esis (H;).

The ADF test, a commonly used method in econometrics and forecasting to assess data stationarity,
is defined as the consistency of mean and variance over time in the data. To determine stationarity, the
ADF test employs a unit root test. Here, Hy: Dataset is non- stationary, which would indicate the pres-
ence of a unit root. However, if the ADF test results fall below the critical value at a 5% significance level
(p-value < 5%), it implies Hy is not acceptable, i.e., the acceptable conclusion would be that the data is
stationary due to lack of a ‘unit root’. In the case of the data analysed, as shown in Table 1, the results
of the ADF test indicated that there is stationarity present in the log-scale representation of the data,
and the alternate hypothesis is to be considered accepted.

Results and discussion

The Johansen Cointegration Test is a statistical method for determining if more than one time series var-
iables are connected over a prolonged period. The test, based on the eigenvalues of the model, applies
a VECM (Vector Error Correction Model) to the data and calculates a test statistic. The hypothesis of coin-
tegration is tested by comparing the test statistic to critical values. Evidence of cointegration indicates
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Table 2. Johansen cointegration test results.

pre-covid post-covid

Variables Trace Max Eigen Trace Max Eigen
N_50 552.0702 284.5409 412.5305 210.0815
N_N_50 350.227 185.7379 399.4187 209.6257
N_200 551.2645 282.9584 411.5391 220.0356
N_A 550.3248 278.5777 410.9284 207.013
N_B 553.3564 280.1597 417.9235 216.9329
Source: Author’s calculation.
Table 3. Granger causality test results.

Pre-covid Pre-covid
Hypothesis p-Value Decision Hypothesis p-Value Decision
N_50->Eth 0.6492 Accepted Eth->N_50 0.4923 Accepted
N_N_50->Eth 0.7129 Accepted Eth—>N_N_50 0.8426 Accepted
N_200->Eth 0.6722 Accepted Eth->N_200 0.7957 Accepted
N_A->Eth 0.8365 Accepted Eth->N_A 0.7405 Accepted
N_B->Eth 0.4096 Accepted Eth->N_B 0.8377 Accepted

Post-covid Post-Covid
Hypothesis p-Value Decision Hypothesis p-Value Decision
N_50->Eth 0.0334 Not accepted Eth->N_50 0.0025 Not accepted
N_N_50->Eth 0.0208 Not accepted Eth->N_N_50 0.004 Not accepted
N_200->Eth 0.0237 Not accepted Eth->N_200 0.0024 Not accepted
N_A->Eth 0.1572 Accepted Eth->N_A 0.0309 Not accepted
N_B->Eth 0.0935 Accepted Eth->N_B 0.1812 Accepted

Source: Author’s calculation.

that the variables have a long-term equilibrium relationship, meaning short-term deviations will eventu-
ally be corrected. This method is commonly used in finance and economics to analyse long-term rela-
tionships between variables related to rates and prices in currency and equity market. The test identifies
cointegrating vectors in the data and is performed in two parts: the Trace test and Maximum Eigen test.
The test results are shown in Table 2, and independent and dependent variables, i.e., Nifty and
Ethereum, are considered. The null hypothesis for this study is that there is no cointegration between
these variables. This is further tested at a 5% L.O.S. The long-term connection amongst the variables is
considered proven only when the ‘Trace’ and ‘Max-Eigen’ values > their respective critical values, which
are 15.49471 and 14.26460, respectively, at a 5% L.O.S. The test results identified ‘Trace’ and ‘Max-Eigen’
values, for both pre-Covid and post-Covid situations, are consistently higher than the critical values,
leading to the acceptance of the alternative hypothesis that there exists cointegration among the varia-
bles. This test measures a time series data’s capacity to forecast future behaviour by comparing it to the
previous behaviour of another time series data. The test was used to investigate the causal connection
between the returns on five nifty indices and Ethereum. The assertion that the variables are not causally
connected—the null hypothesis—was put to the test. Once the ADF confirmed the stationarity amongst
the variables, the cointegration test revealed cointegrating pairs amid variables, asserting the existence
of ‘Granger causality’ in either a one-way or two-way manner.

The test results of the Granger Causality are shown in Table 3. The ‘Granger Causality’ Test results
showed no signs of causality among the Nifty 50 and other indices and Ethereum daily returns before
COVID-19. But, in the post-pandemic situation, Granger Causality was found. Nifty 50, Nifty 200, and
Nifty Next 50 seemed to have a bi-directional Granger Causality with Ethereum daily returns, while Nifty
Auto had a unidirectional Granger Causality with Ethereum Daily Returns. Nifty Bank showed no causality
whatsoever. It is important to note that various studies have reportedly argued that unprecedented
events significantly impact these relationships (Kamal & Wahlstrem, 2023; Wei et al., 2023).

The non-linear causality results are presented in Table 4. The results suggest a unidirectional non-
linear relationship between Nifty Indices and Ethereum pre-covid. The results differ from the linear tests
where no sign of causality was reported pre-covid. The non-linear relationship post-covid was similar to
the results of linear tests. The results for the relation between Nifty Banks and Ethereum were identical,
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Table 4. Non-linear causality between Ethereum and Nifty indices.

Pre-Covid
Nifty Indices — Ethereum Ethereum — Nifty Indices
DP Test-stat DP Test-stat
Bandwidth = 1.5 N_50 N_200 N_A N_B N_N_50 N_50 N_200 N_A N_B N_N_50
Lx=Ly 1 0.137 —0.354 —0.793  —0.615 —1.556%  —2.483*F* _2140%* —1807** -1.815** —1.063
2 0221 —0.004 0.039 —-0.703 -0.954 —1.514* —1.735%*  —2.182*%* —2.998** —0.896
3 -0.032 —0.377 —0.402 —0.874 —0.981 —1.777%%  —1.992%F  —2281%*F _2554**F  _1.805*%
Post-Covid
Nifty Indices — Ethereum Ethereum — Nifty Indices
DP Test-stat DP Test-stat
Bandwidth = 1.5 N_50 N_200 N_A N_B N_N_50 N_50 N_200 N_A N_B N_N_50
Lx =Ly 1 2.770%¥%  2591%FF  2037FF  0.811 2.186** 1.489% 1.335% 0.878 0.11 1.907**
2 2264%F  2093%F  2259%*  0.893 2.190%* 0.15 0.058 0.204 0.807 0.759
3 1.949%* 1.810%*  2.394%%¢ 0775 1.679* 0.468 0.564 0.524 0.418 1.414%

*Significant at the 10% level; **significant at the 5% level; ***significant at the 1% level.

with no sign of causality reported pre-COVID and post-COVID. Linear and non-linear results were the
opposite for Nifty Auto and Ethereum, where the results were significant for Ethereum and Nifty Auto in
linear tests, and there was a significant non-linear relationship between Ethereum and Nifty Auto and
Ethereum.

Several studies have reported the impact of various cryptocurrencies on various financial instruments. A
study on six major cryptocurrencies and their bilateral linkages with six stock market indices concluded
that there was no evidence of cointegration and that Bitcoin and Stock market indices are decoupled (Gil-
Alana et al,, 2020). This study is in line with ours, in which no cointegration was found before COVID-19. A
recent study by Mensi et al. (2023) reported that cryptocurrencies have a leadership effect over the volatil-
ity indices. They also concluded that cryptocurrency and volatility markets are insignificantly (weakly) con-
nected under normal market conditions. Our study also showed that the pre-Covid linear relationship and
one-way non-linear relationship were not very significant, but the post-Covid relationship was significant.
Unprecedented events are supposed to impact the prices of cryptocurrency. A recent study on the impact
of the Russia-Ukrainian war also reported that the demand for cryptocurrency increased post-escalation,
mainly to circumvent the imposed sanctions (Kamal & Wahlstrgm, 2023). Ha (2023) also reported on similar
lines and said that COVID-19 had impacted the connectedness and reached its peak during peak. They
looked at the net total directional connectedness, and it was suggested that cryptocurrency and stock
have a heterogeneous role. It is important to note that the relation between the stock market is context-
specific. A study in South Africa revealed that stock exchanges are weakly integrated with Bitcoin in South
Africa (Nyakurukwa & Seetharam, 2023). Some studies also reported that cryptos were more stable and
irregular than international stock markets. However, these indices were more unstable and irregular during
the COVID-19 pandemic (Lahmiri & Bekiros, 2020). There are debates around developed and emerging
markets and their relation with cryptos. A study from 15 developed and 15 emerging stock markets con-
cluded that in terms of directional predictability, there is no difference between developed and developing
markets (Omri, 2023a). A cross-country analysis of five countries, including Japan, China, Venezuela,
Sweden and Estonia, for five years (2014-2017) indicated that Bitcoin was treated as a safe asset only in
Venezuela. In Japan and China, bitcoin has behaved as a diversifier. However, it acted as a weak hedge in
economies like Sweden and Estonia, which are considered Bitcoin-friendly (Kliber et al., 2019). Some stud-
ies have also found that cryptocurrencies were siginifcant in revealing ETF returns (Omri etal. 2023b).
Similar to our study, Ethereum and Bitcoin were found to be closely correalted to European tosck market
(Gambarelli et al.,, 2023). These results can help predict the possible returns from the market based on the
performance of Ethereum.

Conclusion

This study examines the association and cause-and-effect connectedness between Indian market Indices
and cryptocurrency (Ethereum). The study found that post the pandemic, daily returns of stock market
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indices have developed a significant cointegration with the cryptocurrency. The Granger causality test
results showed bi-directional relationships of Nifty 50, Nifty 200 and Nifty Next 50 with Ethereum and a
unidirectional relationship between Nifty Auto and Ethereum. The results also found that Ethereum price
movements can predict future price changes in some share market indices, and similarly, index spot pri-
ces can predict the price change of Ethereum. At the same time, the non-linear results reveal similar
results post-covid and a one-way relationship pre-covid. This, in hindsight, might be valuable in develop-
ing new investment strategies and diversifying investors’ funds. According to Johansen’s cointegration
test, these indices had a substantial long-term cointegration with cryptocurrencies in both the pre-covid
world and the post-covid era. The current findings highlight the importance of the factors’ long-term
relationships. As a result, this study offers guidance to investors in making long-term investment deci-
sions and to regulatory authorities.

Furthermore, a unidirectional association between Nifty Auto and Ethereum has been established.
Together, these findings imply that cryptocurrencies considerably impact the equity market's perform-
ance in the current market climate. The analysis of the relationship between the performance of crypto-
currencies is imperative because there has been resent events of crypto collapse, such as FTX, and
BlockFi bankruptcy, in the recent times (Vidal-Tomas et al., 2023). To emphasise transparent pricing by
avoiding price volatility, regulatory authorities and policymakers could enact the policies promptly as a
preventive step.

As a result, investors can use the outcomes to forecast the predicted income from a certain investing
strategy that was examined in the study. This paper aims to assist the prevailing literature by analysing
the potential connections between capital markets and blockchain-based currencies and the simultan-
eous impact of many factors on equity indicators. In 2020, when the interest rates in India hit a decadal
low of 3.25%, low-risk investors also had to turn to the Stock Market, posing an unusual figure of 1.5 Cr
new de-mat and trading accounts within the next twelve months. Furthermore, their investing decisions
resulted in developing a causal relationship between the equity market and cryptocurrencies, which
seemed very unlikely before 2020, which in hindsight means new and young investors also considered
cryptocurrencies as a viable alternate investment option as compared to more traditional options such
as Fixed Deposits, gold, and other Fixed income instruments. Though, in reality, this relationship looks
very unlikely, statistics say otherwise. So, investors and portfolio managers may use this information to
develop hedging strategies to mitigate risks in equity and crypto markets. The scope of future research
can be increased by taking into account more sector-specific Nifty and Sensex indexes and additional
cryptocurrencies. The collapse of certain cryptocurrencies in the recent past and events happening in
the future can also be good points of research for analysing the impact of such events on stock indies
or other financial instruments. Additionally, cross-country comparison research can be done to make the
findings more generalizable.
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