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Abstract. With the first wave of technological and industrial revolutions pro-
gressing at full steam, the global economy has undergone further in-depth adjust-
ments. China's financial system has now been further improved, with a particular
emphasis on digitalization, intelligence, and diversification. Digital cryptocur-
rencies, as a trading medium that ensures transaction security and controls the
units of transaction, have gradually entered people's field of vision due to their
decentralized characteristics. However, with the further increase in the popularity
of the digital cryptocurrency trading market, financial investors have experienced
multiple large amplitude fluctuations in the digital cryptocurrency market. The
high risk behind the high returns has gradually become the topic of discussion
among investors. Therefore, the study of asset allocation and risk management in
the digital cryptocurrency market aims to quantify the trading patterns of the dig-
ital cryptocurrency market and provide feasible investment schemes for inves-
tors. However, at present in China, there is a scarcity of research on asset alloca-
tion and risk management related to digital cryptocurrencies, and the models and
research subjects used are relatively singular. The reason is that the popularity
and attention to digital cryptocurrencies in the public are lower, and the number
of investors is much less than that of common financial assets and their deriva-
tives such as stocks and funds. This paper aims to use statistical models, selecting
four types of digital cryptocurrencies: Bitcoin (BTC), Ethereum (ETH), USDT,
and USDC for research, utilizing the GARCH (p, q) model to fit the logarithmic
return of digital cryptocurrencies. It calculates the Value at Risk (VaR) and Con-
ditional Value at Risk (CVaR) for these four types of digital currencies and dif-
ferent investment portfolios. It also analyzes the correlation within different in-
vestment portfolios. The results show that: (1) the GARCH(1,1) model is better
than the GARCH (0,1) model; (2) the return fluctuation range of these four types
of digital cryptocurrencies such as Bitcoin (BTC), Ethereum (ETH), USDT, and
USDC is relatively large; (3) holding a large amount of Bitcoin and Ethereum in
the portfolio may increase the risk exposure of the portfolio, while USDC/USDT
is usually pegged to the US dollar and its price is relatively stable. Therefore, the
low correlation between Bitcoin and USDC may help to reduce the overall risk
of the investment portfolio. In summary, the research on asset allocation and risk
management of digital cryptocurrencies based on the GARCH model will help to
popularize and increase public attention to digital cryptocurrency investments,
and it will provide a good supplement to the content of risk management of
GARCH and other financial mathematical models in financial and derivative
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products. This research will provide optimal investment advice to digital crypto-
currency investors in the rapidly changing market, and it will directly help the
trading behavior of investors. Its practical significance will also have a certain
role in promoting the development of the digital cryptocurrency industry.

Keywords: Digital Cryptocurrencies; Asset Allocation; Risk Management;
GARCH Model; Value at Risk; Conditional Value at Risk

1 Introduction

Cryptocurrency is a type of digital currency, also known as virtual currency. Digital
cryptocurrency is a virtual currency created based on cryptographic principles, with its
core characteristics being decentralization, security, and transaction confirmation
mechanisms based on blockchain technology. According to research published by
CoinWire, it is expected that by the end of 2024, the global cryptocurrency trading
volume will exceed 108 trillion US dollars, an increase of nearly 90% compared to
2022.

The study of asset allocation and risk management of digital cryptocurrency based
on the GARCH model will help to popularize and increase public attention to digital
cryptocurrency investments, and it will provide a good supplement to the content of
risk management of GARCH and other financial mathematical models in financial and
derivative products.

2 Literature Review

2.1 Domestic Literature Review

Hao Cheng[1], based on the GARCH-EVT-Copula model, obtained the following re-
sults: The VaR and CVaR values obtained at different confidence levels are quite dif-
ferent, indicating that the fluctuation range of the selected digital cryptocurrency returns
is very large, and the risk of investing in Bitcoin (BTC) and Ethereum (ETH) is lower
than that of Bitcoin Cash (BCH) and EOS (EOS); Cheng Liu[2] used 2636 observation
days of data from October 2, 2013, to December 29, 2020, based on the LSTM-J-C
model, and obtained the following results: The newly proposed LSTM-J-C model can
effectively improve the prediction accuracy of Bitcoin market VaR and ES. Wanling
Zhou[4], based on the skewed Markov regime-switching GARCH model (Skew-
MSGARCH), obtained the following results: The daily return sequence of Bitcoin has
a sharp peak, thick tail, and obvious volatility clustering, and the price fluctuation has
a structural mutation point, mainly manifested in the mutual conversion between low
and high volatility states. Lei Huang[3] used extreme value theory (GARCH-EVT),
GARCH-QR, and Copula methods, and came to the following conclusion: Cryptocur-
rency is different from traditional financial assets, showing stronger volatility and
higher risk, with the characteristics of immature market assets.
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2.2 Foreign Literature Review

Jeffrey Chu[5] and others used the global historical price index of seven different digital
cryptocurrencies, using the GARCH model, and concluded that the IGARCH and
GJRGARCH models provide the most suitable models for volatility modeling of the
most popular and largest cryptocurrencies; Anthony Ngunyi and others[6], in response
to the issue of cryptocurrency volatility dynamics, used GARCH-TYPE MODELS and
concluded that the best specification of GARCH types within the sample is different
from the sample VaR prediction model for all cryptocurrencies; Kiranmai Balijepalli
and others[7], in response to the issue of cryptocurrency volatility and future price pre-
diction, found that the index and component GARCH provide suitable future prices for
memes and utility coins in the short term; Haruna Umar and others[8], in response to
the issue of predicting the volatility of three mainstream cryptocurrencies, used the
closing prices of the three mainstream cryptocurrencies as of December 31, 2021, and
used different distribution GARCH models, and concluded that the prices of these three
cryptocurrencies have been rising throughout the research period, and AIC and log L
indicate that the CGARCH model is the best model for Binance Coin.

3 Research Content and Method

3.1 Research Content

The purpose of this topic is to study the asset allocation and risk management of digital
cryptocurrencies, based on BTC, ETH, USDT, and USDC, to explore the logarithmic
returns of single digital cryptocurrencies and their different asset combinations, and to
calculate and fit them through financial mathematical models to obtain the logarithmic
returns of the above four types of digital cryptocurrencies and the risk value VaR and
conditional risk value CVaR of the above four types of digital cryptocurrencies and
their different investment combinations. And analyze the correlation within different
investment combinations to derive the optimal digital cryptocurrency asset combina-
tion.

3.2 Research Method

(1) Select BTC, ETH, USDT, and USDC as four types of digital cryptocurrencies, im-
port necessary libraries, and download historical price data of specific assets. This arti-
cle will use the closing price data of the above four types of digital cryptocurrencies
from January 1, 2023, to October 1, 2023.

(2) Calculate the daily logarithmic return to obtain sample data.

(3) First, process the sample data through different GARCH (p, q) models to obtain
the standardized residual sequence of the logarithmic return of the above four types of
digital cryptocurrencies.

(4) Use the logarithmic return to calculate the VaR and CVaR of a single digital
cryptocurrency.
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(5) Calculate the correlation coefficient between different digital cryptocurrency in-
vestment combinations and analyze the correlation within the combination.

(6) Calculate the VaR value of the investment combination under different weights
again.

4 Theoretical Overview

41 GARCH (p, q) Model

First, introduce the ARCH model: Let & represent the return or return residual, and
assume g=cz, where z~iidN (0, 1) (thatis, independently and identically distributed,
with an expectation of 0 and variance of 1 normal distribution). Here, the sequence o,

is modeled as o=t g1+ 0ag>+ + ¢ ¢ e oy (Where ap>0, 0>0,i>0, that is,
each period's returns are a non-negative linear combination, and the constant term is
positive.)

If the variance is represented by the ARMA model, then the transformation of the
ARCH model is the GARCH model (Bollerslev, 1986). So, let's introduce the ARMA
model: The ARMA model belongs to one of the time series analysis, proposed by
American statisticians Jenkins and Box in the 1970s. The ARMA(p,q) model includes
p autoregressive terms and q moving average terms, and the ARMA(p,q) model can be
represented as: Xt=c+at+2f=1 (piXt,iJrZ?:l 0ja.j, where symbols: p and q are the model's
autoregressive order and moving average order; ¢ and 0 are non-zero parameters to be
determined; a; is an independent error term; X is a stationary, normal, zero-mean time
series.

If the variance is represented by the ARMA model, then the transformation of the
ARCH model is the GARCH model (Bollerslev, 1986).

The GARCH model, full name Generalized Autoregressive Conditional Heteroske-
dasticity model, is a very important tool in financial time series analysis. Its core func-
tion is to capture and predict the volatility clustering phenomenon in financial market
asset prices or returns. Volatility clustering refers to the fact that the volatility of finan-
cial assets' returns or prices is not constant, but shows a certain clustering, that is, vol-
atility is high in some periods and low in other periods. The GARCH model describes
this volatility clustering phenomenon by introducing conditional heteroskedasticity,
making the model better fit the actual data. The formula for the GARCH(p, q) model
is: G;ZZ(IOJFZ?:l O(iSt,iZJFZ?:l ﬁjGt.jz(U,(PO, a;,3=>0, Z?=1 (XiJFZ?:l Bi<1)

4.2 VaR and CVaR

4.2.1 VaR

VaR is a core concept in financial risk management, representing the maximum pos-
sible loss of a financial asset (or portfolio) within a certain confidence level over a
specific period in the future. In simple terms, VaR measures the maximum loss that an
asset portfolio may suffer under normal market conditions. For example, if a financial
institution's daily VaR at a 95% confidence level is 1 million US dollars, it means that
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the institution is 95% confident that its asset portfolio will not lose more than 1 million
US dollars in a day.

There are three main methods for calculating VaR: variance-covariance method,
Monte Carlo simulation method, and historical simulation method. Each method has its
applicable scenarios and advantages and disadvantages. The variance-covariance
method assumes that asset returns are normally distributed and uses historical data and
covariance matrices to calculate VaR; the Monte Carlo simulation method estimates
VaR by simulating the random process of asset price changes; the historical simulation
method directly simulates future possible loss situations based on historical data. In this
paper, the calculation method used is the Monte Carlo simulation method.

Although VaR has the advantages of simple concept, easy to understand and apply,
it also has some limitations. For example, VaR does not satisfy the consistency axiom,
that is, the risk of an investment portfolio is not necessarily less than or equal to the
sum of the risks of its assets, which is contrary to the market phenomenon of risk di-
versification. In addition, VaR also cannot fully measure the tail risk, that is, the loss
under extreme market conditions.

4.2.2 CVaR

To overcome the limitations of VaR, Rockafeller and Uryasev proposed the concept
of CVaR (Conditional Value at Risk) in 2000. CVaR refers to the average loss value of
the investment portfolio under the condition that the loss of the investment portfolio
exceeds a certain VaR value. In other words, CVaR measures the average loss that the
asset portfolio may suffer under extreme market conditions (that is, when the loss ex-
ceeds VaR).

Compared with VaR, CVaR has some significant advantages. First, CVaR satisfies
the consistency axiom, which can more accurately reflect the overall risk of the invest-
ment portfolio. Second, CVaR can more comprehensively measure the tail risk, provid-
ing deeper information about the losses under extreme market conditions. Finally,
CVaR also has convexity properties, which make the investment portfolio optimization
problem based on CVaR easier to solve and may find the global optimal solution.

In financial practice, CVaR has been widely used in the fields of risk management,
investment portfolio optimization, financial regulation, and credit risk measurement.
By using CVaR as a risk measure, financial institutions can more effectively manage
their risk exposure, optimize their investment portfolio allocation, and improve their
overall risk resistance.

5 Asset Allocation and Risk Measurement Model Construction

5.1 Data Source and Preprocessing

This paper selects four representative digital cryptocurrencies, including Bitcoin,
Ethereum, USDT, and USDC, and takes their closing prices over the past year as sam-
ples, with a time span from January 1, 2023, to October 31, 2023, and the data source
is Investing.com database (https://cn.investing.com).
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5.2 Model Selection and Normality Test

Process the logarithmic returns of the four digital cryptocurrencies through different
GARCH (p, q) models to obtain the standardized residual sequence. And draw the nor-
mal QQ plot, as shown in Fig.1, Fig.2, Fig.3 and Fig.4, The logarithmic return series
of these four digital cryptocurrencies all show a sharp peak and thick tail, with kurtosis
all greater than 5, and skewness not equal to 0. It can be considered that the daily loga-
rithmic returns of these four digital cryptocurrencies do not conform to the normal dis-
tribution.

Bitcoin log return Ethereum log return
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Fig. 1. Log return of different cryptocurrencies
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5.2.1 GARCH(1,1)
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Fig. 2. Standardized residual series of different cryptocurrencies
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Normal QQ plot of Bitcoin log returns

Normal QQ plot of Ethereum log returns
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Fig. 3. Normal QQ plot of different cryptocurrencies’ log returns
5.2.2 GARCH(0,0)

The QQ plot is the same as Figure 4.
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Fig. 4. Standardized residuals of different cryptocurrencies

By comparing the standardized residuals fitted by different parameter GARCH mod-
els, it can be seen that the GARCH(1,1) model can obtain better results, so the following
analysis is based on this model.

5.3  Risk Measurement of Single Digital Cryptocurrency

5.3.1 VaR
At a 5% confidence level, the VaR of Bitcoin is: 0.0321
At a 5% confidence level, the VaR of Ethereum is: 0.0363
At a 5% confidence level, the VaR of USDT is: 0.0004
At a 5% confidence level, the VaR of USDC is: 0.0004
At a 10% confidence level, the VaR of Bitcoin is: 0.0222
At a 10% confidence level, the VaR of Ethereum is: 0.0236
At a 10% confidence level, the VaR of USDT is: 0.0003
At a 10% confidence level, the VaR of USDC is: 0.0002
All as shown in Table 1.

Table 1. VaR of different cryptocurrencies in different confidence level

5% Bitcoin 0.0321
5% Ethereum 0.0363
5% USDT 0.0004
5% UsSDC 0.0004
10% Bitcoin 0.0222
10% Ethereum 0.0236
10% USDT 0.0003

10% USDC 0.0002
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5.3.2 CVaR
At a 5% confidence level, the CVaR of Bitcoin is: 0.0524
At a 5% confidence level, the CVaR of Ethereum is: 0.0601
At a 5% confidence level, the CVaR of USDT is: 0.0006
At a 5% confidence level, the CVaR of USDC is: 0.0008
At a 10% confidence level, the CVaR of Bitcoin is: 0.0400
At a 10% confidence level, the CVaR of Ethereum is: 0.0419
At a 10% confidence level, the CVaR of USDT is: 0.0005
At a 10% confidence level, the CVaR of USDC is: 0.0004
All as shown in Table 2.

Table 2. CVaR of different cryptocurrencies in different confidence level

5% Bitcoin 0.0524
5% Ethereum 0.0601
5% USDT 0.0006
5% UsSDC 0.0008
10% Bitcoin 0.0400
10% Ethereum 0.0419
10% USDT 0.0005
10% UsSDC 0.0004

In the next day, the loss of the return rate of Bitcoin (BTC), Ethereum (ETH), USDT,
and USDC will not exceed 0.0222, 0.0236, 0.0003, and 0.0002 at a 90% confidence
level. If the return loss exceeds these values, then within the 90% confidence interval,
the expected loss (average loss) of the return rate of each digital cryptocurrency can be
determined to be 0.0400, 0.0419, 0.0005, and 0.0004, respectively. The same applies at
a 95% confidence level.

And as the confidence level rises, the VaR and CVaR values of Bitcoin (BTC),
Ethereum (ETH), USDT, and USDC all increase, and the increase is relatively large,
indicating that the fluctuation range of the return rate of these four digital cryptocurren-
cies is relatively large.

5.4  Risk Measurement of Different Portfolios of Digital Cryptocurrencies

5.4.1 Correlation of Different Digital Cryptocurrency Portfolios

Since Bitcoin is currently the largest market value digital cryptocurrency in the en-
cryption market, the analysis is taken with Bitcoin and three different digital cryptocur-
rencies. The calculation shows:

The correlation between Bitcoin and Ethereum is: 0.9191

The correlation between Bitcoin and USDC is: 0.1211

The correlation between Bitcoin and USDT is: -0.0798

All as shown in Table 3.
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Table 3. Correlation pair and correlation value of different cryptocurrency portfolios

Bitcoin and Ethereum 0.9191
Bitcoin and USDT 0.1211
Bitcoin and USDC -0.0798

First, we notice that there is a very high positive correlation between Bitcoin and
Ethereum (0.9191). This data indicates that the price trend of the two is highly con-
sistent, that is, when the price of Bitcoin rises, the price of Ethereum is also likely to
rise, and vice versa. This high positive correlation means that holding a large amount
of Bitcoin and Ethereum in the portfolio may increase the risk exposure of the portfolio
because market adverse movements will affect the value of these two assets at the same
time.

In contrast, the correlation between Bitcoin and USDC is significantly lower. The
correlation between Bitcoin and USDC is 0.1211, which is a relatively low positive
correlation, indicating that the price movement between Bitcoin and USDC is not
strongly associated. USDC (a stablecoin) is usually pegged to the US dollar, and its
price is relatively stable. Therefore, the low correlation between Bitcoin and USDC
may help to reduce the overall risk of the investment portfolio because their price move-
ments are not highly synchronized.

And the correlation between Bitcoin and USDT is even slightly negative (-0.0798).
The asynchrony of these two stablecoins with Bitcoin provides opportunities for risk
diversification in the investment portfolio. Stablecoins are usually pegged to the US
dollar or other fiat currencies, and their prices are relatively stable and not easily af-
fected by market fluctuations. Therefore, in the case of large price fluctuations in
Bitcoin, stablecoins can serve as a hedge asset, helping to reduce the overall risk of the
portfolio.

5.4.2 VaR of Different Digital Cryptocurrency Portfolios

At a 95% confidence level, the VaR of the Bitcoin and Ethereum portfolio with a
weight of (0.5, 0.5) is: -0.0253

At a 95% confidence level, the VaR of the Bitcoin and USDC portfolio with a weight
of (0.5, 0.5) is: -0.0158

At a 95% confidence level, the VaR of the Bitcoin and USDT portfolio with a weight
of (0.5, 0.5) is: -0.0156

At a 90% confidence level, the VaR of the Bitcoin and Ethereum portfolio with a
weight of (0.5, 0.5) is: -0.0179

Ata 90% confidence level, the VaR of the Bitcoin and USDC portfolio with a weight
of (0.5, 0.5) is: -0.0110

At a 90% confidence level, the VaR of the Bitcoin and USDT portfolio with a weight
of (0.5, 0.5) is: -0.0106

All as shown in Table 4.
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Table 4. VaR of different digital cryptocurrency portfolios

5% Bitcoin and Ethereum portfolio with a weight of (0.5, 0.5) -0.0253
5% Bitcoin and USDT portfolio with a weight of (0.5, 0.5) -0.0156
5% Bitcoin and USDC portfolio with a weight of (0.5, 0.5) -0.0158
10% Bitcoin and Ethereum portfolio with a weight of (0.5, 0.5) -0.0179
10% Bitcoin and USDT portfolio with a weight of (0.5, 0.5) -0.0106
10% Bitcoin and USDC portfolio with a weight of (0.5, 0.5) -0.0110

The VaR is -0.02534891, indicating that the maximum loss that the Bitcoin and
Ethereum combination may face at a 95% confidence level is 2.53% of the portfolio
value. The rest is the same.

From the VaR values, it can be seen that by introducing stablecoins (USDC and
USDT), the risk of the investment portfolio has been significantly reduced. This is a
typical example of diversified investment, that is, by allocating funds to assets with low
correlation, the overall risk of the investment portfolio can be reduced. If investors are
willing to take on higher risks to pursue higher potential returns, then the combination
of Bitcoin and Ethereum may be an option. However, it should be noted that this com-
bination may face greater market fluctuations; for investors who hope to balance risk
and return, it is possible to consider investing part of the funds in Bitcoin, while the
other part of the funds is invested in stablecoins (such as USDC or USDT). This can
reduce the overall risk of the investment portfolio while maintaining certain growth
potential; if the main goal of investors is capital preservation rather than growth, then
investing the main funds in stablecoins may be a safer choice.

Since we are more concerned with which digital cryptocurrency investment portfolio
can better cater to different investors, we do not study the CVaR values of different
investment portfolios here.

6 Conclusion

This paper collects ten months of historical closing prices of four different digital cryp-
tocurrencies, calculates their corresponding logarithmic returns using the R language,
and fits them through comparison of GARCH(0,1) and GARCH(1,1) for processing to
obtain the standardized residuals of the four digital cryptocurrencies, and performs nor-
mality tests. Then, VaR and CVaR are introduced in the risk measurement of digital
cryptocurrencies to explore the risk measurement of single digital cryptocurrencies at
different confidence levels. And through Bitcoin (BTC) linking different types of digi-
tal cryptocurrencies, three types of digital cryptocurrency portfolios are obtained, and
their corresponding correlations and VaR are calculated. The study found that:

The logarithmic return series of these four digital cryptocurrencies all show a sharp
peak and thick tail, with kurtosis all greater than 5, and skewness not equal to 0. It can
be considered that the daily logarithmic returns of these four digital cryptocurrencies
do not conform to the normal distribution.
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By comparing the standardized residuals fitted by different parameter GARCH mod-
els, it can be seen that the GARCH(1,1) model is better than the GARCH (0,1) model.

And as the confidence level rises, the VaR and CVaR values of Bitcoin (BTC),
Ethereum (ETH), USDT, and USDC all increase, and the increase is relatively large,
indicating that the fluctuation range of the return rate of these four digital cryptocurren-
cies is relatively large.

Holding a large amount of Bitcoin and Ethereum in the portfolio may increase the
risk exposure of the portfolio. USDC/USDT is usually pegged to the US dollar, and its
price is relatively stable. Therefore, the low correlation between Bitcoin and USDC
may help to reduce the overall risk of the investment portfolio.

Therefore, we suggest that investors: if investors are willing to take on higher risks
to pursue higher potential returns, then the combination of Bitcoin and Ethereum may
be an option. However, it should be noted that this combination may face greater market
fluctuations; for investors who hope to balance risk and return, it is possible to consider
investing part of the funds in Bitcoin, while the other part of the funds is invested in
stablecoins (such as USDC or USDT). This can reduce the overall risk of the investment
portfolio while maintaining certain growth potential; if the main goal of investors is
capital preservation rather than growth, then investing the main funds in stablecoins
may be a safer choice.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
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is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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