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Changes in the market structure and risk management of

Bitcoin and its forked coins

Abstract

Inconsistency of consensus results in blockchain forks, which create a new
financial risk. After filtering out Bitcoin’s linear, nonlinear, and lag impacts on forked
coins, this study employs a bottom-up hierarchical clustering algorithm to examine the
logarithmic return series for Bitcoin and its 14 forked coins from 2018 to 2021. The
results indicate that the market for forked coins can be divided into three clusters:
SegWit-supported forked coins, mature forked coins, and the latest forked coins.
Bitcoin and the mature forked coins form a cluster, and its performance is superior to
others. Although Bitcoin’s return significantly affects that of its forked coins, it does
not affect the market structure. Furthermore, this study provides references for risk
aversion among investors in forked coins and presents macro-level information for

cryptocurrency market authorities.

Keywords: Bitcoin; Forked coin; Market structure; Financial risk; Hierarchical

clustering algorithm; Blockchain

1. Introduction

Nakamoto (2008) first described the blockchain concept. This technology can be
viewed as a decentralized distributed ledger, with nodes sharing the blockchain’s
specific content (lansiti and Lakhani, 2017). Bitcoin (BTC), among the most well-

known blockchain applications, was created amid the 2008 global financial crisis. BTC



utilizes proof of work (PoW) to build consensus. In the BTC blockchain, miners can
receive BTCs if they obtain accounting rights. Additionally, the BTC blockchain has
certain glaring flaws, notably a block size of only 1Mb, resulting in low work efficiency
and an inability to record many transactions on time. Furthermore, BTC blockchain
users risk losing their private keys (Van Alstyne, 2014) and high transaction fees (Poon
and Dryja, 2016). Therefore, block expansion has become a critical issue that must be
immediately resolved; however, a blockchain will fork if the community cannot reach
a consensus on the upgrade plan (Islam et al., 2019).

Forking behavior is a change in a blockchain’s rules that forks it into two or more
potential chains (Nyman et al., 2012). Specifically, two different forms of the forking
phenomenon exist: soft and hard forks (see Figure 1). After the blockchain has been
improved, nonupgraded nodes can still accept the information on the chain; this is a
soft fork. In contrast, a hard fork requires all nodes to be upgraded; Bitcoin Cash (BCH)
is the most prominent example. According to the statistics of the forked coin
information website, forkdrop.io, there are 105 BTC-forked coins thus far. BTC-forked
coins have endlessly emerged in the cryptocurrency market (Bowden, 2018)?,

<Insert Figure 1 Here>

The regular occurrence of blockchain forks, not only on the BTC blockchain
(Tomi¢, 2020), can result in numerous issues. First, the fork will incur tax and legal
risks (Webb, 2018; Chason, 2019b; Cotler, 2020), followed by astronomical research
and development (R&D) expenditures (Schir, 2020). Second, forked coins are similar,
typically for marketing goals rather than for practical reasons. Third, an unsuccessful

fork will cause significant price changes in BTC (Chaim and Laurini, 2018). Due to the

1 The reference basis for the statement on forked coins is https://support.exodus.com/article/203-how-can-i-claim-
my-forked-coins.



different versions of the two ledgers, the blockchain’s credibility and reliability will be
diminished (Biais et al., 2019). The frequent occurrence of forks and various
corresponding risks increase the need to conduct related research on forks and forked
coins. With blockchain development, the market for forked coins has only begun.
Nonetheless, it should also garner sufficient regulatory attention to be included in the
macro-prudential regulatory framework to prevent systemic risks.

Numerous studies have examined forks and forked coins (Bowden, 2018; Webb,
2018; Misic et al., 2019; Cotler, 2020; Kubiak and Kutylowski, 2020; Schér, 2020;
Tomi¢, 2020; Bazan-Palomino, 2021; Johnson, 2021). From a technological standpoint,
many studies have investigated the causes of forking behavior (Biais, 2019; Schir,
2020), while from an economic standpoint, some studies focus on the price or revenue
relationship between BTC and forked coins (Yi et al., 2021; Bazan-Palomino, 2021).
Numerous studies have examined a fork’s tax implications from a financial perspective
(Xu, 2019; Chason, 2019a; Cotler, 2020; Webb, 2020). Despite considerable research
on forked coins, few researchers have investigated their global aspects, such as their
market structure.

Consequently, we employ a hierarchical clustering algorithm to examine the
structural characteristics of forked coins traded on the market between 2018 and 2021.
While BTC significantly affects the return on forked coins, it has no meaningful effect
on the cluster. In addition, we classify the coins into three clusters based on their return
characteristics.

This study’s contributions mainly include the following aspects: (1) Exploring the
market structure for forked coins closes gaps in the realm of cryptocurrencies. Our
division performs empirical structural verification. (2) This study applies the filtering

method to eliminate BTC’s effect, and we address BTC’s linear, nonlinear, and time-



lag impacts. (3) Our research suggests that BTC and its forked coins are interconnected
or share comparable properties. As far as we know, although several technical studies
have investigated forks, no direct financial research has examined forked coins. (4) Our
findings provide reference information for the regulatory authorities and help
cryptocurrency investors minimize market risk.

The remainder of this study is organized as follows: Section 2 presents the
literature review. In Section 3, we explain the data and methodology. Section 4 provides

the results and discussion, while Section 5 concludes and offers policy implications.

2. Literature review

Studies related to our research can be separated into two components. One is the
investigation of BTC and its risks, including its financial, technological, and market
characteristics. Due to the possible risks of BTC, forked coins have emerged. The other
component focuses on forking phenomena, which provide a comprehensive view of the
research on forked coins.

2.1 Risk characteristics of BTC

Although BTC is the first and most well-known blockchain application, it has
several technical and application-related issues (Hu et al., 2019). Consequently,
research on the risks of BTC is ongoing.

Regarding technology, the BTC blockchain wastes resources due to the PoW
consensus process, and miners consume significant electrical resources in mining
(Fauzi et al., 2020). In addition to resource loss, the blockchain is a decentralized
distributed ledger, and the absence of a central supervisor renders it susceptible to
various attacks. Courtois and Bahack (2014) summarized many assault types in BTC,

including the pool-hopping, mining-cartel, and difficulty-raising attacks.



Regarding finance, the volatility of the BTC price has aroused widespread concern
among researchers (Al Mamun et al., 2020), and academics have presented a range of
BTC risk-measurement methods. For example, Troster et al. (2019) assessed the
performance of 45 models and discovered that heavy-tailed generalized autoregressive
score (GAS) might adequately explain the risk features of BTC. With the idea of
considering outliers, Trucios (2019) developed a range of robust algorithms for
assessing BTC volatility, including robust generalized autoregressive conditional
heteroskedasticity (GARCH) and robust GAS algorithms. Li et al. (2019) used the
generalized augmented Dickey-Fuller (ADF) algorithm to calculate the period for BTC
price bubbles. They discovered that these bubbles primarily occurred during periods of
rising BTC prices. Lu et al. (2021) integrated the long- and short-term memory (LSTM)
model with the value at risk (VaR) and expected shortfall models. A portfolio-
forecasting model was developed to examine BTC’s market risk and accounts for
cryptocurrency returns’ nonlinearity and long-term reliance. The study of the risk posed
by BTC has attracted considerable attention.

Moreover, BTC’s financial risks extend to other cryptocurrencies and possibly
conventional financial markets. In addition to BTC, dozens of other cryptocurrencies
are traded on the cryptocurrency market, and academics have extensively examined the
relationship between BTC and these other cryptocurrencies. Cagli (2019), for instance,
utilized BTC and seven other cryptocurrencies as samples to investigate the explosive
behavior of cryptocurrencies, demonstrating a substantial, pairwise, comovement
correlation between cryptocurrencies with explosive behavior. Ciaian and Rajcaniova
(2018) used the autoregressive distributed lag (ARDL) model to show a considerable
dependence between BTC and 16 other cryptocurrencies and that the short-term

correlation was stronger than the long-term relationship. Demir et al. (2021) established



a nonlinear ARDL model to describe the impact of BTC on the prices of three other
cryptocurrencies, confirming the existence of the BTC impact and highlighting that
when BTC price declined, the impact on other cryptocurrencies was greater than when
BTC price rose.

Inseparable from the traditional financial market is the cryptocurrency market
represented by BTC. Dyhrberg (2016) placed BTC between gold and the United States
(US) dollar (USD). Kurka (2019) examined the asymmetric transmission of shocks
between the cryptocurrency and traditional financial markets, wvalidating the
bidirectional transmission of big shocks between the two sectors. Furthermore, Bouri
et al. (2020) employed wavelet analysis to demonstrate BTC’s poor dependence on gold,
commodities, and stocks at various time scales. As the risk of cryptocurrencies may
also be passed on to traditional financial markets, conducting an in-depth study on BTC
is vital.

2.2 BTC and its forked coins

With the rise of blockchain forks in recent years, forked coins have also generated
interest. For example, Bazdn-Palomino (2020) utilized three multivariate volatility
models to calculate the dynamic correlation between BTC and its forked coins,
determining that the time-varying correlation was negative during periods of extreme
volatility. In subsequent investigations, Bazan-Palomino (2021) utilized the GARCH
model to examine the volatility correlation between BTC and its forked coins, revealing
that their interaction was substitutional during market volatility and complimentary
during market stability. Consequently, the relationship between BTC and forked coins
has been demonstrated.

BCH is among the earliest and most well-known coins with a forked design; thus,

it has received significant attention. Johnson (2021) examined the impact of BTC price



on BCH by constructing a multiplier indicator and validated the existence of a
correlation; except for the first six months of blockchain forking, the price trends for
BTC and BCH stayed more than 75% consistent. In addition to studies that examine
the correlation between BTC and forked coins, Yi et al. (2021) examined the conversion
of information flow utilizing transfer entropy. They discovered that information flowed
in the mode of price increases and decreases. These studies examine the relationship
between BTC and forked coins and demonstrate that BTC significantly affects forked
coins. When examining BTC and forked coins, we cannot overlook the impact of the
former’s price on that of the latter.

Nonetheless, more forked-coin research focuses on the technological field (Lin
and Liao, 2017; Mdéser et al., 2017; Vujici¢ et al., 2018; Misic et al., 2019; Kubiak and
Kutylowski, 2020; Bazan-Palomino, 2021; Liu et al., 2021). Each block in the BTC
blockchain is only 2Mb, limiting the number of transactions that may be supported.
Consequently, the amount of transactions that the BTC blockchain can process per unit
of time is limited. Insufficient business volume in the first few years of BTC’s operation
impeded the blockchain’s development; however, as the price of BTC, number of
executed transactions, and transaction fees skyrocketed in 2017, the inefficiencies of
the previous version of the BTC blockchain required immediate attention (Gobel and
Krzesinski, 2017). Forking is the sole remedy for the abovementioned issues (Bazan-
Palomino, 2020). Islam et al. (2019) defined blockchain forking behavior as “Changes
in a blockchain’s rules that lead to permanent divergence of the blockchain and its
development into two or more potential paths.” Soft and hard forks in the blockchain
were identified as answers to the two techniques of inconsistent blockchain-consensus
behavior (Yi et al., 2021).

Currently, no analysis exists for the market’s overall characteristics for forked



coins; however, research on the structure of the financial market has a high reference
value for our study. The clustering algorithm is a common data-mining technique
employed in studying financial market structure (Hsu et al., 2000). Researchers divide
assets into clusters using hierarchical clustering, k-means, and other techniques based
on the similarity of return series. On the one hand, this approach can assist regulators
in classifying and supervising, while on the other, it can enhance the diversification of
asset allocation and lessen the market risks experienced by investors. For instance,
Momeni et al. (2015) classified firms on the Tehran Stock Exchange using the k-means
method. According to their profitability, companies in the sample’s three industries
were grouped into two clusters.

Furthermore, regulators can establish differentiated oversight for various types of
businesses. Aste (2019) calculated the Kendell correlation coefficient and
nonparametric transfer entropy between the cryptocurrency and market sentiment and
subsequently demonstrated that, according to the structural characteristics of the
cryptocurrency market, significant cryptocurrencies, such as BTC, played a central role.
Nanda et al. (2010) evaluated the stock-market structure of the Bombay Exchange in
India from 2007 to 2008 using three different algorithms, including the k-means
algorithm, self-organizing maps (SOMs), and fuzzy c-means, concluding that k-means
performed the best. They created a portfolio for the Indian stock market based on this
outcome. Additionally, asset division can be utilized to signal systemic financial
problems. Kocheturov et al. (2014), for instance, built a correlation matrix of stock
returns for the US and Sweden, discovering that the stability of clusters might foretell
the onset of a financial crisis. Therefore, it is vital to rationally divide the forked-coin
market based on the daily return series.

The research above provides a great reference and maintains our interest in



blockchain fork. However, few studies have examined the market structure for forked
coins. Exploring the correlation relationship between forked coins serves three
purposes: to help investors realize a diversified allocation of assets, provide macro-
level structural information to the supervisor, and promptly identify the potential risk

of the forked coins’ market.

3. Data and methodology

3.1 Data

Although several BTC forks exist, only a restricted number of forked coins may
collect information on closing prices.? Therefore, we used the fork list provided by the
website, forkdrop.io, as the benchmark and finally obtained the daily closing price of
BTC and its 14 forked coins from the website, coinmarketcap.com. Technical

information about forked coins was obtained mainly from websites such as forkdrop.io

(https://forkdrop.io/).

After determining the list of forked coins to be investigated and collecting the
related closing price data, we must perform some statistical preprocessing of these
sequences to scientifically interpret our results.

Price series in the financial sector are typically nonstationary (Sewell, 2011; Chen
and Spokoiny, 2015), inducing pseudo-regression. To resolve this issue, we employ the
logarithmic return according to Campbell et al. (2012)’s methodology. The formula for
calculating the logarithmic rate of return for the 14 forked coins is as follows:

Tt = In (Pie/Die-1), 1)

where p;, represents the closing price of the i-th fork on the #-th day; the closing price

2 Regarding the relevant information on each forked coin, the authors collected and sorted it from various websites.
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is in USD.
3.2 Methodology
3.2.1 Filter out the impact of BTC

In recent years, the clustering algorithm has become an essential tool for assessing
market structure (Musmeci et al., 2015; Leon et al., 2017; Song et al., 2019). For
example, using hierarchical clustering and the minimum-spanning-tree method, Song
et al. (2019) analyzed the structure of the cryptocurrency market. They described the
changes in the structure of the cryptocurrency market across multiple periods of
regulatory intensity. Based hereon, we first eliminate BTC’s influence to examine the
market structure for the forked coins. Because BTC forked coins are forked from BTC,
they are highly subject to price fluctuations in BTC. If the same factor influences these
cryptocurrencies, directly grouping them may produce erroneous results (Song et al.,
2019).

First, we use the maximal information coefficient (MIC) index (Reshef et al., 2011)
and Pearson correlation coefficient to determine whether BTC and forked coins are
correlated. A nonparametric approach derives MIC, and its value may show the
correlation between variables. The Pearson correlation coefficient can indicate the
linear correlation between variables, and researchers can employ statistical tests to test
its significance. The following formula calculates the MIC between BTC and its forked

coins (Forks):

I[BTC;Forks]

MICIBTC; Forks] = o\ M3X & Togzmin BTCLIForks) @)
P(BTC,Forks)
I[BTC; Forks] = Xarc,rorks P(BTC, Forks) logs oo 3)

where I/BTC; Forks] represents the mutual information between the BTC and its forked
coins. P(BTC, Forks) represents the joint probability density function of BTC and its

forked coins, and P(BTC) and P(Forks) represent the marginal probability density



functions of BTC and its forked coins. The value of parameter B is generally set to 0.6.
The value of MIC ranges from 0 to 1, and the stronger the correlation between variables,
the larger the corresponding value. MIC is a nonparametric statistic; thus, we cannot
test its significance.

The Pearson correlation coefficient, p;, is used to represent the linear correlation
between the logarithmic return of the forked coin, R;, and the BTC logarithmic return
rate, Rpitcoin- Lhe corresponding representation is as follows:

TET it bitcoin,t—2Tit2T bitcoin,t . .
pi = 2t=1,2,...,T;Ht] 4
\/Tzrizt_(zrit)z\/Tzrl?itcoin,t_(Erbitcoin,t)

where 13, represents the sample observation value of the logarithmic return rate of the
forked coin, 7, at time 7. Next, we test the significance of the Pearson correlation
coefficient. In addition, T represents the sample size.

Hop; =0 ; Hy p; #0

The test statistic is given by:

t; =2 (5)

The corresponding degree of freedom is given by:
v=T-2 (6)
Several studies have examined BTC’s substantial impact on its forked coins,
focusing on lag and nonlinear situations. For instance, Yi et al. (2021) conducted a
Granger causality test, including lagging periods 1 and 2. They showed that BTC lag
had a statistically significant Granger causation to BCH. Additionally, they indicated in
the study outlook that transfer entropy and nonlinear connection might be employed to
analyze the information-flow transfer of forked coins. Therefore, we use the following

model to eliminate BTC’s impact on the forked coins:



T =0, + B;)rbitcoin,t + B-l\lrbitcoin,t—l + B-l\zrbitcoin,t—z + B\Brbitcoin,t—3
(7)
+ Bl\él»rbzitcoin,t + :E\lsrlfitcoin,t +ei
In Equation 7, 7 is the logarithmic return of BTC fork i at time t; 7hi¢coint
Thitcoint—1> Tbitcoint—2> ANd Tpircoine—3 Tepresent the sample observations of the
logarithmic return on the same day, lag one day, lag two days, and lag three days,
respectively. rbzitcom,t and rfitcoin,t represent the quadratic and tertiary terms of
BTC’s daily logarithmic return, respectively, representing the nonlinear impact of BTC
on the fork. We select the variables according to the Bayesian information criterion

(BIC) and modify the model (Equation (7)) based on the results of the lag selection.

Thus, the derived regression residuals represent the returns without the effect of BTC.

— e~ e~~~ —~—

term and coefficients in the model (Eq. [7]). e;¢ is the residual of the model (Eq. (7)),
which represents the return of the BTC fork after filtering the influence of BTC. 1y,
represents the sample observation value of the daily logarithmic return of the BTC fork.
Thitcoint—1> Tbitcoint—2> ANd Tpircoine—3 represent the sample observations of the
logarithmic return on the same day, lag one day, lag two days, and lag three days,
respectively; while szitcoin,t and rﬁitcoin’t represent the quadratic and cubic terms of
BTC logarithmic return on that day, respectively.
3.2.2 Distance measurement of time series based on the PIC method

Measuring the distance between different time series is the premise and foundation
of time series clustering. This study uses the method proposed by Piccolo (1990), which
produces consistent estimators. Because the calculation is reasonably straightforward,
it is often employed. Assuming there are two-time series Xr and Yy, the exact

computation procedure is as follows:



XT = (Xll ...,XT)T

YT = (Yl’ . YT)T

—

Iy, = (ﬁl.XT» ...,ﬁkl,XT)Tand ﬁyT = (ﬁl,YT' ...,ﬁkz,yT)T represent the value of
the parameter in AR(k,) and AR(k,). The following formula calculates the distance

between the two series.

dp,c(XT,YT)—JZ (# ey = Rfyy)’ @®)

where () is a matrix of the weight.

k = max (kq, k;) 9
o (R Sk "

JXT { 0, otherwise (10)
(i Sk N

JYr { 0, otherwise an

3.2.3 Bottom-up hierarchical clustering

After determining the distance between multiple time series, the forked coins are
clustered based on the dissimilarity matrix. Hierarchical clustering, K-means clustering,
relocation clustering, and SOMs are the primary clustering techniques (Liao, 2005).
Given that hierarchical clustering does not require the starting class center point to be
specified and is insensitive to the sample input order, hierarchical clustering is used to
examine fork market structure.

In our research, we employ the Ward method, developed by Ward (1963). Unlike
other hierarchical clustering algorithms, the Ward method does not alter the members
of the established clusters. Explaining the loss in the clusters is straightforward because
the algorithm is not a black box. We combine classes using the Ward minimum variance
method, which minimizes the increase in the sum of squared deviations within each

class. We conduct the cluster analysis using the R statistical software package “Tsclust”



(Montero and Vilar, 2015) using the “ward.D2” approach specified by Murtagh and
Legendre (2014). First, n samples are in a class, and each class merging increases the
sum of squared deviations. The two merged categories of the fork that minimize the

increase in the sum of squared deviations are chosen.

4. Results and discussion

4.1 Filter out the impact of BTC on forked coins

Considering that BTC may influence the clustering outcomes for its forked coins,
we first evaluate the Pearson correlation coefficient and MIC between BTC and forked-
coin return series to determine linear and nonlinear correlations. Based hereon, we
attempt to use polynomials to characterize the relationship between BTC and forked
coins and then analyze the residual series.

4.1.1 Correlations between BTC and its forked coins

To determine whether it is essential to reduce the impact of BTC in the series of
forked coins based on data, we must first determine whether a correlation exists
between BTC and the forked coins, including linear and nonlinear correlation.
Therefore, we attempt to describe the correlation between series using the MIC index.
We assess the significance of the Pearson correlation coefficient to establish whether
there is a substantial linear correlation between BTC and its forked coins.

The MIC and Pearson values represent the correlation between BTC and its forked
coins (see Table 1). Among these, the MIC value shows the entire correlation of returns,
including linear and nonlinear relationships. MIC is the correlation coefficient derived
in a nonparametric form, and its value ranges from 0 to 1. According to Lin et al. (2012),
a correlation between variables exists when the MIC value is more than 0.02. Table 1

shows that BCH and Bitcoin Gold (BTG) have the highest connection with BTC, but



United Bitcoin (UBTC) and Bitcoin File (BIFI) have lower MIC values. In addition,
the Pearson correlation coefficient data indicate significant linear relationships between
BTC and its forked coins. Consequently, the impact of BTC on the return on its forked
coins has become a crucial aspect that must be considered. We calculate MIC and
Pearson correlation coefficients to demonstrate that the return on forked coins is closely
tied to that on BTC, providing quantitative justification for filtering BTC’s influence.
<Insert Table 1 Here>
4.1.2 Filtering out BTC’s influence on forked coins
Table 1 demonstrates the influence of BTC on its forked coins. To avoid pseudo-
regression, we conduct a unit-root test on the logarithmic return series before filtering
out BTC’s influence. The results of the unit-root inspection are shown in Table 2. The
ADF test demonstrates that each return series is stationary; therefore, we may utilize
Equation (7) to filter out BTC’s influence.
<Insert Table 2 Here>
For variable selection, we employ the BIC criterion to prevent variable redundancy.
Figure 2 depicts the selection of variables based on the BIC criterion, which comprises
14 fundamental images correlating to 14 forked coins. The horizontal axis shows the
seven variables involved in variable selection, while the vertical axis indicates the BIC
value under various variable selection criteria. In variable selection, the optimal
variable combination has the smallest BIC value. In Figure 2, this variable corresponds
to the darkest possible color combination.
<Insert Figure 2 Here>
It is worth emphasizing that BTC’s nonlinear and time-delay effects cannot be
ignored, for example, the nonlinear influence of BTC on BCH, BTG, and Bitcoin SV

(BSV) return and the time-delay effect of BTC on Bitcoin God (GOD) and Bitcoin 2



(BTC2). We employ the model residual as research data to be evaluated next; Table 3
presents the determined model fitting according to the BIC criteria.
<Insert Table 3 Here>
Figure 3 reflects the correlation between BTC and its forked coins before and after
filtering out BTC. The Pearson correlation values determine the grid’s color; red
represents a negative correlation, whereas blue represents a positive correlation. The
darker the color, the greater the absolute number. The values within the grid correspond
to the Pearson correlation coefficients. Furthermore, we provided comparable scores to
grids that fail the significance test. Positive correlations exist between forked coins, and
the correlation relationship decreases when the BTC influence is filtered out. Even after
excluding BTC, a considerable positive correlation remains between BCH, BCD, BTG,
and BSV.
<Insert Figure 3 Here>
4.2 Clustering results after filtering out BTC’s influence
4.2.1 Basic clustering results
Before hierarchical clustering, it must be determined whether the samples should
be divided into many clusters. Thus, the elbow rule is used to determine the number of
clusters that have been subdivided. Figure 4 illustrates that the horizontal axis
represents the number of clusters into which the sample has been divided, while the
ordinate axis represents the sum of the squares of the deviations inside the cluster.
<Insert Figure 4 Here>
This study separates the forked coins into three clusters following the elbow rule,
number of clusters, and notion of minimizing intra-group error. Figure 5 illustrates the
results of the hierarchical clustering of forked coins within and outside BTC. The

clustering results are consistent and independent of the BTC filtering.



<Insert Figure 5 Here>

Cluster 1 comprises five forked coins: GOD, BCX, Super Bitcoin (SBTC), BIFI,
and UBTC. On January 11, 2018, GOD forked from BTC and was listed on three
cryptocurrency exchanges. GOD will airdrop 17 million tokens to current BTC
accounts based on the number of BTCs mined at the time of listing; the remaining 4
million tokens will be mined by proof-of-stake (PoS) miners , which will be utilized for
charity airdrops. BCX forked at a block height of 4,498,888. The BCX project
introduced smart contracts and proofs requiring no prior knowledge and the functions
of unique addresses and replay protection. In addition, BCX utilizes delegated proof of
stake (dPoS) to increase accounting efficiency, decrease transaction costs, and conserve
energy. SBTC was issued for the first time on December 5, 2017; the project is now
listed on two exchanges and was forked at a block height of 498,888. SBTC will
improve scalability, privacy protection, and block capacity compared to BTC, and the
initial BTC account will receive the same quantity of airdrops.® BIFI was issued for
the first time on December 27, 2017. The project adopted BTC’s settlement network
with the InterPlanetary File System (IPFS) interplanetary file system to construct a
distributed-network file system and resolve the mining process’ energy consumption
issue. The fork time for UBTC is unknown; UBTC is a forked coin in the form of
passive or registered airdrops dedicated to creating BTC software and safeguarding
users against fraud.

Cluster 2 comprises BTC and four forked coins: BCD, BTG, BCH, and BSV. The
first instance of BCD issuance occurred on November 16, 2017, at a block height of

495,866. The project is currently listed and traded on 17 exchanges. The project keeps

3 Data source: https://www.coinsuggest.com/super-bitcoin-sbtc/



the BTC blockchain data before the fork and creates the blockchain using a new work-
verification algorithm. BCD increases the block capacity to 8Mb and sets the block size
to dynamic mode; the total quantity of BCD is ten times that of BTC, which reduces
the user’s participation threshold and effort to some level. In addition, the BCD
blockchain uses Segregated Witness and Lightning Networks. The date of BTG’s initial
issuance was October 24, 2017. It forked at a BTC block height of 491,407, and 15
exchanges listed and traded the project. BTG, like BCH, implements a pre-mining
process. The project implements a novel PoW algorithm, complete replay protection,
and a unique wallet address. The project is mainly utilized for value preservation under
inflation and cross-border remittances. The BCH’s first release date was July 24, 2017.
BCH is presently listed and traded on 115 exchanges, and it has expanded its on-chain
capacity relative to the BTC blockchain. The maximum block size is increased to 8Mb,
and a new technique for hash signature and difficulty adjustment is introduced. The
project is primarily utilized for small business transactions and payment processing;
BSV was issued for the first time on November 9, 2018, and forked from BCH. BSV
has developed a novel full-node BCH implementation technique. BSV aims to achieve
extensive on-chain expansion.

Cluster 3 includes five forked coins: MicroBitcoin (MBC), Bitcoin Atom (BCA),
Bitcoin Interest (BCI), CLAMs (CLAM) , and Bitcore (BTX). On October 27, 2018,
MBC became publicly traded. It aims to become a flexible means of payment for clients.
The issuance of MBC is 10,000 times the total BTC supply, and LWMA-3* is used as
the new encryption algorithm. The first BCA was issued on January 12, 2018. BCA was

forked during a peak of BTC of 505,888. The project’s total value is 21 million pieces,

4 https://github.com/zawy 12/difficulty-algorithms/issues/3



currently listed on an exchange. It supports the Lightning Network, Segregated Witness,
and atomic swaps across chains. BCA employs a hybrid consensus mechanism, which
decreases the likelihood of attacks by 51%. The first BCI was issued on May 3, 2018.
Maximum availability is 22.3 million. It is an investment-based cryptocurrency focused
primarily on technology, the community, and savings. It is a decentralized platform for
paying interest. The first BTX was issued on April 24, 2017. Currently, it is listed and
traded on three exchanges. It employs Segregated Witnesses and enhances the
blockchain’s capacity. The total issuance is 21 million, and the initiative aims to become
an efficient and low-cost payment instrument. BTC2 is produced at a block height of
block 507,850, and the original BTC account can receive the same number of tokens.
The project did not directly replicate the BTC source code but utilized the snapshot-
fork method. In addition, the project uses zero-knowledge proof, aiming to create cash-
like digital cash that is fast, safe, decentralized, and private. CLAM appears to be a
passive airdrop committed to fixing the life-cycle problem of BTC, consequently
expediting the main chain’s extension process.
4.2.2 Comparison of three clusters

After removing BTC’s influence, we compare the characteristics of the
logarithmic return series and forking backdrop. Table 4 summarizes the statistical
characteristics of the three forked-coin clusters. The average returns on the three
clusters are all negative from the standpoint of the average level. Cluster 1 represents
the most severe loss, followed by cluster 3 and then cluster 2. Furthermore, based on
the characteristics of the distributions of logarithmic returns, all three clusters exhibit a
right deviation and a peak with a thick tail. Cluster 2 is the most evident performer
among them.

<Insert Table 4 Here>



Moreover, comparing the distribution of extreme values reveals that the difference
between the largest and the least values in cluster 2 is the smallest. Finally, the
fluctuation characteristics of the three clusters are computed. After analyzing the
standard deviation, we determine that cluster 1 has the biggest fluctuation range,
followed by cluster 3 and then cluster 2, which has the smallest fluctuation. After
analyzing the returns in three clusters, cluster 1 has the lowest average return. Cluster
2 has the lowest loss and fewest fluctuations. Cluster 3’s performance falls between
those of clusters 1 and 2.

We next investigate the technical differences between the three clusters, as shown
in Table 5. The first is the forking time and height of its blocks. The median forking
times for the three clusters are 2017-12-19, 2017-9-12, and 2018-1-24, with
corresponding median forking heights of 500,056, 5,484,982, and 5,505,888. Cluster 2
is the oldest, followed by cluster 1 and then cluster 3.

<Insert Table S Here>

Regarding the consensus technique, PoW is the most often utilized process in forks,
which BTC also employs. In cluster 1, SBTC, UBTC, and BCX all utilize PoW, with
SBTC and UBTC utilizing SHA256 and BCX utilizing Blake2. GOD and BIFI both
utilize the PoS consensus. Then, each forked coin in cluster 2 adopts PoW. BCD is
based on the X13 algorithm, BTG on the Equihash method, and BCH and BSV on
SHA256. In cluster 3, BTC2 and CLAM use PoS; MBC and BTX use PoW based on
Grostl and Timetravell0, and BCA uses hybrid consensus. Moreover, in terms of the
codebase, most forks use the BTC Core code, whereas BCH uses the BTC Clashic code
and BSV uses the BCH ABC code. Regarding the codebase, most forks adopt the BTC
Core code; however, in cluster 2, BCH uses BTC Clashic, and BSV uses BCH ABC

coding. In addition, we investigate whether these forks support SegWit, one of the ideas



for executing a BTC soft fork and bypassing the blockchain size restriction. Bech32,
one of the SegWit addresses, is utilized by BCD, BTG, and BCA.

Overall, by analyzing the technical parameters of each cluster, we find that forks
in cluster 2 maintained the PoW employed by BTC but with slight modifications to the
algorithm. In addition to SHA256, cluster 2 forks introduce the X13 and Equihash
algorithms. The code bases for BCH and BSV, which still employ the SHA256
algorithm, are altered to BTC classic and BCH ABC. Therefore, forks in cluster 2 are
more technologically innovative; however, all the forks in cluster 1 are based on the
BTC Core code base, and no code innovation has occurred. In the consensus procedure,
cluster 1 forks are different. GOD and BIFI employ PoS, whereas others employ PoW.
Cluster 1 has a later forking time than cluster 2, although both clusters support SegWit.
Therefore, we refer to cluster 1 as the forked coin that supports SegWit. Cluster 3 has
the latest forking time, lowest median price, and fewest futures among the three clusters.
Cluster 3 forks all utilize BTC Core, although only BCA implements SegWit with
address bech32. There are substantial disparities between the three clusters in terms of
return performance and technical solutions; thus, we refer to cluster 3 as the latest
forked coin. As the early forks, cluster 2 has a high level of technical innovation, the
highest price, and the most futures; therefore, we refer to it as the mature forked coin.
Cluster 3 is the latest to fork, has the lowest price and return, least innovative underlying
code, and has more diverse consensus processes.

4.3 Further analysis

In order to analyze the changes of clusters formed by BTC and forked coins over
time, we employ cluster analysis on samples of forked coins by year. Figure 6 displays
the clustering results, showing that several forked coins did not constitute a different

cluster in the early days. Nonetheless, by 2019, three clusters had formed, with the slow



expansion of forks and rapid development of early forks. The results in 2020 are similar
to the outcomes of clustering the complete sample.
<Insert Figure 6 Here>

It is important to note that the clustering results are not immutable. SBTC and
BCX, for instance, belonged to cluster consisting of BCA MBC BTX BCX SBTC in
2019 and to the cluster consisting of GOD BIFI BCX SBTC in 2020.Transferring
forked coins between clusters demonstrates that the market structure for forked coins
is unstable. We also find that by 2021, the clustering of BTC and forked coins will shift
from three cluters to two clusters. In addition, we discover that the well-performing

forked coins remained in the same cluster as BTC over time.

5. Conclusions and policy recommendations

With the introduction of blockchain, forked coins have created a new financial
market that is an essential addition to the traditional and cryptocurrency markets. Thus,
the forked- coin market has recently been a significant concern. In this instance,
investors can choose to invest in forked coins, and BTC holders can receive a payout
in forked coins proportional to their holdings. However, a digital asset carries risks that
cannot be overlooked, as they may lead to risk accumulation and possibly systemic risk.

Our study is the first to conduct an economic and technical analysis of the forked-
coin market. From 2018 through 2021, this study examine BTC’s market-structure
characteristics, changes, and forked coins. After removing the linear, nonlinear, and
time-lag effects from BTC’s influence on the forked coins, we construct a polynomial
regression model and derived the residuals. The residuals are then used as the study
sequence, hierarchical clustering was performed from the bottom up, and the coins were

separated into three clusters. Our research findings are the following: (1) BTC has a



considerable effect on the return on the forked coins but none on the clustering result.
Therefore, BTC is not a determining element in the market structure for the forked coins,
whereas the characteristics of the forked coins are. (2) Recently, forked coins have
manifested into three clusters: SegWit-supported forked coins, mature forked coins, and
the latest forked coins. The earliest forked coins from the BTC chain perform the best.
Their financial offerings are the most advantageous. (3) Their financial products are
relatively single for the latest forked coins, and their return are significantly less than
that of BTC and prior forked coins.These coins with a fork can be classified into three
clusters, each of which has its own characteristics. (4) The market structure of BTC and
forked coins is not immutable. On the one hand, individual forked coins (such as BCX
SBTC) will belong to different clusters in different years; On the other hand, the
appropriate number of clusters will also take different values at different years.

Our findings offer investors and governments new insights into the investing
strategy and market for forked coins and offer investors a reference for their investment
strategies. First, in the three clusters, the forked coins in the same cluster as BTC (such
as BCH, BTG, BSV, and BCD) have more financial products and a higher closing price
than other forked coins; thus, their performance is superior to that of other forked coins.
Second, because the performance of the three clusters differs vastly, investment in
forked coins must also adhere to the maxim, “Don’t put all your eggs in one basket.”
Therefore, investors should focus on different clusters. Finally, investors should also
pay attention to the change of the market structure over time. For those forked coins
that leave the BTC cluster over time, investors should do a good job in risk control.Our
research assists policymakers in understanding the market features of forked coins from
a macro perspective. Based on the conclusion, financial regulatory authorities can

implement risk-prevention measures for forked coins based on their unique



characteristics. Cluster 1 consists of forked coins with low returns and many derivatives.
Credit risk should receive special attention from the regulatory authorities. Due to the
absence of reasonably consistent project objectives, regulator must pay special attention
to the market risk associated with passive airdrop projects exhibiting similar return
characteristics. Regulators should also pay attention to the forked coins that are
transferred between different clusters over time, especially those that are removed from

the BTC cluster.
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Tables

Table 1. The correlation relationship between BTC and its forked coins

Forked coins MIC Pearson t-value P-value
BCH 0.4882 0.7751 46.835 0
BCA 0.1948 0.1979 7.6763 0
BCD 0.3264 0.4233 17.84 0
BIFI 0.1512 0.1401 5.0012 0
GOD 0.1936 0.0145 0.5516 0.5813
BTG 0.4336 0.6717 34.625 0
BSV 0.3424 0.5430 21.888 0
BCX 0.1627 0.1931 7.5153 0
BTC2 0.2225 0.2805 8.9889 0
BTX 0.1961 0.3387 13.743 0

CLAM 0.2522 0.1487 5.7415 0
UBTC 0.1324 0.0205 0.7833 0.4336
MBC 0.1578 0.1248 4.284 0
SBTC 0.1567 0.1643 6.3619 0

Note: The data used in calculating MIC and Pearson correlation coefficients are the logarithmic returns of BTC and its forked coins.



Table 2. Results of Augment Dickey—Fuller test on return series

Number Forked coins Dickey—Fuller P-value Stationary Observation
1 BCH —26.185 <0.01 yes 1461
2 BCA —33.335 <0.01 yes 1448
3 BCD -31.965 <0.01 yes 1461
4 BIFI =37.773 <0.01 yes 1252
5 GOD -37.692 <0.01 yes 1449
6 BTG —27.012 <0.01 yes 1461
7 BSV —25.565 <0.01 yes 1148
8 BCX -39.726 <0.01 yes 1461
9 BTC2 -27.514 <0.01 yes 948
10 BTX —31.698 <0.01 yes 1461
11 CLAMS —36.669 <0.01 yes 1461
12 UBTC —38.36 <0.01 yes 1461
13 MBC —30.441 <0.01 yes 1162
14 SBTC —41.222 <0.01 yes 1461
15 BTC —26.657 <0.01 yes 1461

Note: When calculating Dickey—Fuller statistics, the lag order is 1.



Table 3. Analysis of BTC influence on the forked coins

Forked coins BTC BTC (1) BTC (—2) BTC"2 BTC"3 Adjusted-R"2 F-test
12613%%+ T1.6879% %+ T3 7170k
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Table 4. Quantitative characteristics among three different cluster

cluster forks mean sd median trimmed mad min max range skew kurtosis se
GOD —0.0021 0.6651 —0.0035 —0.0050 0.0833 —3.2865 3.4496 6.7361 0.2072 6.4371 0.0216
SBTC —0.0046 0.2698 —0.0030 —0.0058 0.1617 -1.3134 1.4998 2.8132 0.1259 5.5565 0.0088
clusterl BCX —0.0037 0.2758 —-0.0104 —0.0078 0.1014  —1.8629 1.6744 3.5374 0.4722 10.6452 0.0090
UBTC —0.0018 0.1618 —0.0076 —0.0064 0.0742 —1.1535 1.1057 2.2592 0.0766 11.9335 0.0053
BIFI —0.0035 0.2434 —-0.0079 —-0.0074 0.1099 —1.1821 1.3016 2.4838 0.1144 5.7843 0.0079
BCD —-0.0017 0.0636 —0.0058 —0.0057 0.0339 —0.2576 0.6918 0.9494 3.0419 25.6327 0.0021
BTG 0.0013 0.0513 —0.0036 —0.0029 0.0267 -0.2216 0.6386 0.8602 3.9258 39.1354 0.0017
cluster2 BCH 0.0002 0.0374 —0.0023 —0.0016 0.0239 —0.2228 0.3383 0.5612 1.9507 16.7881 0.0012
BSV 0.0011 0.0573 —0.0045 —0.0029 0.0276 ~ —0.2987 0.8106 1.1093 4.5930 55.4340 0.0019
BTC 0.0018 0.0403 0.0014 0.0021 0.0263 —0.4647 0.1718 0.6366 —1.6090 19.9692 0.0013
BTC2 —0.0007 0.1381 —0.0053 —0.0040 0.0749 —0.7420 1.9868 2.7287 3.2322 47.6355 0.0045
CLAM —0.0043 0.2741 —0.0019 —0.0036 0.0306  —2.1784 1.5168 3.6952 —0.0920 14.3347 0.0089
cluster3 MBC —0.0027 0.1807 —0.0009 —0.0057 0.0962 —1.0512 1.2720 2.3232 0.4127 5.5697 0.0059
BCA —0.0024 0.1905 —0.0002 —0.0068 0.0985 —1.4431 1.0321 2.4752 0.0660 7.8594 0.0062
BTX —0.0035 0.1012 —-0.0075 —0.0056 0.0601 —-0.6190 0.6849 1.3039 0.4460 9.1340 0.0033
clusterl mean —0.0031 0.3232 —0.0065 —0.0065 0.1061 -1.7597 1.8062 3.5659 0.1993 8.0713 0.0105
cluster2 mean 0.0005 0.0500 —0.0029 —0.0022 0.0277 —0.2931 0.5302 0.8233 2.3805 31.3919 0.0016
cluster3 mean —0.0027 0.1769 —0.0032 —0.0051 0.0721 —-1.2067 1.2985 2.5052 0.8130 16.9067 0.0057




Table 5. Technical characteristics among three different clusters

Cluster Forks Consensus Codebase Bech32 SegWit Height Forked Time Projected Type Deposit Futures
GOD PoS Unknown Unknown yes 501225 2017/12/27 BTC Chain Fork 2 4
SBTC SIEZZVS 6 Bitcoin Core ~ Unknown yes 498888 2017/12/12 BTC Chain Fork 5 13
clusterl BCX PoW Blake2  Bitcoin Core ~ Unknown yes 498888 2017/12/12 BTC Chain Fork 5 9
PoW o Passive Airdrop
BT B kn kn kn )
UBTC SHA256 itcoin Core ~ Unknown yes Unknown Unknown Registered Airdrop 7 7
BIFI PoS Bitcoin Core ~ Unknown yes 501225 2017/12/27 BTC Chain Fork 1 2
BCD PoW X13 Bitcoin Core yes yes 495866 2017/11/24 BTC Chain Fork 18 17
PoW o :
BTG 9 Bitcoin Core yes yes 491407 2017/10/24 BTC Chain Fork 32 5
Equihash
PoW o . .
cluster2 BCH SHA256 Bitcoin Clashic no no 478558 2017/8/1 BTC Chain Fork 15 53
PoW Bitcoin Cash .
BSV SHA?256 ABC no no 478558 2017/8/1 BTC Chain Fork 10 8
BTC
BTC2 PoS Unknown Unknown Unknown 507850 2018/6/14 Passive Airdrop 2 0
CLAM PoS Bitcoin Core no no 300377 2014/5/12 Passive Airdrop 6 0
MBC PoW Grostl Bitcoin Core ~ Unknown yes 525000 2018/5/28 BTC Chain Fork 5 0
Hybrid PoS
cluster3 o .
BCA PoW Bitcoin Core yes yes 505888 2018/1/24 BTC Chain Fork 4 1
SHA256
PoW o . .
BTX . Bitcoin Core ~ Unknown yes 492820 2017/11/2 Passive Airdrop 12 0
Timetravel10

Note: The technical information of the forked currency is obtained according to the network data.
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Figure 1. The difference between hard and soft forks
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Figure 2. Variable selection based on BIC criterion
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Figure 3. Pearson correlation of BTC and its forked coins before and after filtering

BTC influence

Total Within Sum of Square

a b
800
800
700
700
o
o
3
o
2]
: 600
600 -
=
£
=
s
o 500
500 =
400
400
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
Number of clusters k Number of clusters k

Figure 4. The number of clusters according to the elbow rule
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Figure 5. Cluster analysis before and after filtering BTC influence
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Figure 6. Cluster analysis by year after filtering out BTC influence



