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Abstract: With particular attention to variables like volatility and the performance of the U.S. 

stock market, this study attempts to conduct a thorough quantitative examination of the 

relationship between the cryptocurrency market. By using sophisticated mathematical 

modeling approaches, such as regression analysis and correlation methodologies, it is hoped 

to identify the key characteristics of these markets as well as the degree to which 

cryptocurrency volatility and stock market success are causally related. The use of historical 

data, spanning a specific time (from July 1st, 2019, to July 1st, 2023) around 4 index price-

day transaction data will be made, with a focus on high-frequency data for improved accuracy. 

The results of this study, which examine each option's characteristics or attributes, will add 

to the larger body of scholarly literature on the integration of cryptocurrencies into 

conventional financial markets. Moreover, drawing conclusions about some effects or 

prospective connections between cryptocurrencies and the financial industry based on their 

similarity to the American stock market. To pave the way for better-informed financial 

decision-making, this research aims to deepen our understanding of the interactions and 

spillover effects between cryptocurrency volatility and the American stock market. 
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1. Introduction 

As an alternate type of digital currency that functions differently from conventional financial 

institutions, cryptocurrencies have revolutionized the financial landscape in recent years [1]. A deeper 

knowledge of the discovered traits and qualities that distinguish cryptocurrencies apart from 

conventional financial instruments has been made possible by the rise in the popularity of 

cryptocurrencies, which has also led to the creation of a new class of financial assets [2]. The idea of 

cryptocurrencies first surfaced in 2008 [3], both as a novel payment system and as a new kind of 

money. This provided a brand-new mechanism to move and store money that was not dependent on 

the traditional central bank guarantee [4]. Instead, it used a database technique. Although 

cryptocurrencies are renowned for their price volatility, which may result in substantial profits and 

losses for investors, they are steadily gaining popularity in the world's financial markets [5]. There is 

some volatility in the fluctuation of cryptocurrency prices because of the large returns [6]. 

The dynamic nature of cryptocurrency markets has appealed to the interests of researchers seeking 

to obtain the relationship between cryptocurrency and traditional financial markets, such as the stock 
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market [7]. The stock market represents the exchange of shares in publicly traded companies [8]. 

Investors and financial institutions have relied on stock market data and indicators to assess, make 

investment decisions and manage risk. The emergence of cryptocurrencies has raised questions about 

the potential impact of these digital assets on traditional stock market dynamics. Researchers have 

employed various mathematical and financial frameworks to analyze the correlation, co-movement, 

and causal relationships between cryptocurrencies and the stock market [9]. These techniques include 

regression analysis and time series models such as ADF, LM, Johansen Cointegration test, and 

Granger Causality test [10]. Several studies have found evidence of a correlation between the 

performance of cryptocurrencies, particularly Bitcoin, and stock market returns. Statistical analyses 

have revealed co-movements and dependencies that suggest the existence of a relationship between 

these markets [11]. Moreover, some studies have shown potential causality between cryptocurrencies 

and stock market returns, examining whether changes in one market precede or influence changes in 

the other [12]. Understanding the correlation and causality between cryptocurrencies and the stock 

market is crucial for investors and financial studying. It can provide insights into the huge future 

benefits, risk management strategies, and potential interactions between these assets. Additionally, 

policymakers and regulators may need to comprehend the impact of cryptocurrencies on traditional 

financial markets to develop appropriate regulatory frameworks and ensure market stability. 

In this paper, 3 cryptocurrencies (BTC, ETH, and BNB) and S&P500 will be tested. The reason 

for choosing them is that most of the preview research may pay more attention to the relationship 

between BTC and other countries’ stock markets. This would lack considering the properties or the 

impacts of the cryptocurrencies themselves. Therefore, this paper will work on 3 typical types and 1 

famous stock in the U.S. By exploring the market dynamics and interconnections, we seek to provide 

a comprehensive understanding of how cryptocurrencies and traditional financial markets interact. 

Such insights can inform investment decisions, aid in portfolio construction, and contribute to the 

development of robust risk management practices. 

2. Data and Methodology 

2.1. Data Collection 

Three cryptocurrency market representatives—BTC, ETH, BNB Indexes, and the S&P 500 Index—

are used in this study to analyze the U.S. stock market. The U.S. dollar index is chosen as a currency 

asset indicator, and the daily closing values of these indexes are chosen as the study sample (Table 

1). The study will take place between July 1st, 2019, and July 1st, 2023. The information was retrieved 

daily from the database at https://cn.investing.com.In terms of market valuation and impact, the three 

cryptocurrencies have long dominated the cryptocurrency industry, accounting for a large chunk of 

it. 

The S&P 500 Index, as one of the three major stock market indices in the U.S., demonstrates 

broader sampling and greater representativeness. Therefore, the S&P 500 Index is selected as the 

sample for studying the U.S. stock market. 

Table 1: Description of variable 

No. Symbol Definition 

1 BTC Bitcoin 

2 ETH Ethereum 

3 BNB Binance Coin 

4 S&P500 SPRD 
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The daily closing prices are converted into logarithmic (based on e) return time series in order to 

guarantee the stationarity of the analyzed time series and more effectively analyze the magnitude of 

price fluctuations. The trade data on non-overlapping trading days (such as weekends and holidays 

when the stock market is closed) were initially removed due to the varied trading dates between the 

two markets. 1013 time series observations made up the final sample as a result of this. 

           

(a) Daily closing price of BTC                            (b) Daily closing price of BNB 

                

(c) Daily closing price of ETH                              (d) Daily closing price of S&P500 

Figure 1: four Indexes’ daily closing price 

According to a preliminary analysis of Figure 1, which shows the daily closing price trends of 

three cryptocurrencies and the S&P 500, there are shifting patterns of linkage between the US stock 

market and the cryptocurrency market. However, the two price evolutions have slightly different 

time-series trends. Although there is some correlation between the cryptocurrency market and the US 

stock market, this correlation is subject to alter depending on a number of variables, including policies, 

regulations, and the state of the world economy. Therefore, additional investigation and observation 

are needed for a more precise study of the link between the two markets. 

Due to the existence of different trading dates between the two markets, the non-overlapping 

trading days, such as weekends when the stock market is closed, have been excluded from the trading 

data. This resulted in a final sample of 1045 time series data points. 
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Table 2: Description of Statistics 

 BTC ETH BNB S&P 500 

Mean 2.066728229 4.330364322 2.984182039 2.572314371 

Maximum 2.830306318 4.829483244 3.681998782 2.679164333 

Minimum 0.966141733 3.683587318 2.033021445 2.348207477 

Std.Dev. 0.603175208 0.294693833 0.483363861 0.067992222 

Skewness -0.462816761 -0.17241569 -0.506285479 -0.56815991 

Kurtosis -1.59402209 -1.24304129 -1.223001079 -0.623177163 

Jarque-Bera 296.3924223 304.1527218 317.5424584 182.3563981 

Probability 0.000000 0.000000 0.000000 0.000000 

Obs 1013 1013 1013 1013 

 

From Table 2, it is easy to see that the mean displays the data's average value, and the standard 

deviation (SD) represents the range of the series. The standard deviation of the three cryptocurrencies 

is larger than that of the S&P500, which indicates that the cryptocurrency market has better returns 

and greater volatility, according to the statistical information in the table. The maximum and lowest 

values represent the top and lower limits of the values for the given period of time. A greater range 

of return variations is also suggested by the fact that cryptocurrency has a higher maximum return 

than the S&P500 and a lower minimum return. All the markets display a left-skewed distribution in 

terms of skewness, with the S&P500 market showing the most left skewness. Both markets have 

kurtosis values below 0, which indicates that the distribution has a flatter peak and thinner tails than 

a normal distribution, meaning that more data values are concentrated around the mean and fewer 

data values are concentrated on the tails. Additionally, the Jarque-Bera test examines if sample data 

fits a normal distribution using a goodness-of-fit test. Table 2's p-value, which is close to zero at a 

5% confidence level, shows that all markets' return series do not contradict the notion of a normal 

distribution. 

Overall, these statistical measures further highlight the higher volatility and normal distribution 

characteristics of the cryptocurrency markets and the S&P500 market. 

2.2. Methodology Choice 

In the following part, stationary variables would be considered to avoid spurious regression by 

choosing four models: ADF, LM, Johansen Cointegration test, and Granger Causality test by using 

EViews, which could help conduct an empirical analysis of the correlation between the 

cryptocurrency market and the U.S. stock market [13,14]. 

2.2.1. Augmented Dickey-Fuller Test 

The ADF test is used to assess whether a united root can be found in the series or if there are any 

problems with statical inference in this section. This information is important for determining the 

series' stationary state when examining the correlation between the stock market index and 

cryptocurrency prices. The first stage for testing unit roots is to conduct the presence of a unit root in 

the processes of the time span under the null hypothesis using the enhanced Dickey-Fuller test (1979) 

[15]. 

H0: α = 0, non-stationary process 

H1: α < 0, stationary process 

 ∆Yt = αYt−1+βt+∑ 𝛾𝑝
𝑗=1 ∆Yt−j +ϵ+E                                                (1) 
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2.2.2. Lagrange Multiplier-Autocorrelation Test 

The Lagrange Multiplier (LM) test would be used to examine autocorrelation. These test findings can 

be used to determine whether or not the residuals exhibit autocorrelation. The alternative hypothesis 

is the presence of autocorrelation, while the null hypothesis is the absence of autocorrelation up to 

the chosen lag time. According to the requirements of Evans and Patterson's (1987) report, there is 

no autocorrelation between variables if the p-values of the t-statistic are bigger than the 5% crucial 

p-value [16]. 

H0: α = 0, there is no autocorrelation 

H1: α ≠ 0, there is autocorrelation 

Yt = β0+β1X1t +... +βpXpt +αt                                                                      (2) 

αˆt = Yt −βˆt −βˆ1X1t −... −βˆpXpt                                                             (3) 

2.2.3. Johansen Cointegration Test 

The Johansen test is a well-liked technique for assessing cointegration and offers insights into the 

long-term relationship among variables [17]. It allows for more than one cointegrating relationship 

vector and is not accessible for the weak condition of the variables. The time series must be stationary 

at the initial difference in order to utilize this test. A constant term, a trend term, both of them, or 

neither might be present in the model, much like a unit root test. p: lag number) model for a universal 

VAR: 

Yt = α+β1Yt−1+... +βpYt−p +ϵt                                                              (4) 

This could have specifications for error correction: that is, vector error correction model (VECM), 

which means the formula can be changed into this form: 

∆Yt = α+τ1∆Yt−1+... +τp∆Yt−p +ϵt +ΘYt−1                                              (5) 

where ∆Yt = Yt −Yt−1; Θ = parameters in matrices; τi = β1β2 ...βp; ΘYt−1 = error terms 

The test is to consider the rank of Θ which relates to the number of independent vectors. From 

these conditions, we set the hypothesis to be as follows: 

H0: there is no cointegration vector. 

H1: there is one cointegration vector. 

2.2.4. Granger Causality Test 

The Granger causality test would be applied in the final stage to examine whether or not one-time 

series is significant in predicting another (Granger, 1969). Regression analysis frequently focuses on 

capturing correlations between variables. However, Clive Granger suggested that one way to 

investigate causality in economics is to measure how well one time series can predict the future values 

of another time series using data from the past [18]. It is crucial to remember that the use of Granger 

causality presupposes that the signals under study show covariance stationarity. 

H0: γ1 = γ2 = ... = γi = 0 or θ1 = θ2 = ... = θi = 0, there is no causality 

H1: γ1 = γ2 = ... = γi ≠ 0 or θ1 = θ2 = ... = θi ≠ 0, there is causality 

Yt = α0+∑ 𝛼𝑖
𝑘
𝑖=1 Yt−i +∑ 𝛾𝑖

𝑘
𝑖=1 Xt−i +ϵt                                             (6) 
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Xt = β0+∑ 𝜃𝑖
𝑘
𝑖=1 Yt−i +∑ 𝛽𝑖

𝑘
𝑖=1 Xt−i +τt                                              (7) 

where Xt, Yt = stationary time series; ϵ, τ = residuals. 

3. Empirical Results and Analysis 

3.1. ADF Results 

Table 3: Unit Root Test at level 

Variables Null Hypothesis P-value 5% significant level Results 

BTC 
BTC is non-stationary 

process 
0.810 Do not rejected 

Not 

stationary 

ETH 
ETH is non-stationary 

process 
0.934 Do not rejected 

Not 

stationary 

BNB 
BNB is non-stationary 

process 
0.873 Do not rejected 

Not 

stationary 

S&P500 
S&P500 is non-

stationary process 
0.648 Do not rejected 

Not 

stationary 

 

A dataset spanning 4 years was used for the Augmented Dickey-Fuller (ADF) tests. LBTC (logs of 

Bitcoin), LETH (logs of ETH index), LBNB (logs of BNB index), and LS&P500 (logs of S&P500 

index) were the variables used in the analysis. Unit roots in the series were evaluated using the ADF 

test. Table 3 shows the p-values for all the variables examined in this study were determined to be 

more than the crucial threshold of 5%, according to the results. Therefore, it may be said that all four 

variables exhibit non-stationary behavior, which means they have no temporal trend but rather follow 

a random walk pattern. It is advised to take the first difference between these variables to remedy this 

issue. 

Table 4: Unit Root Test at First Difference 

Variables Null Hypothesis P-value 5% significant level Results 

BTC BTC is non-stationary process 0.000 Rejected Stationary 

ETH ETH is non-stationary process 0.000 Rejected Stationary 

BNB BNB is non-stationary process 0.000 Rejected Stationary 

S&P500 
S&P500 is non-stationary 

process 
0.000 Rejected Stationary 

 

ADF tests were run on a 4-year dataset to evaluate the stationarity of the first variable. According 

to Table 4, all of the p-values were below the 5% critical limit, which meant that the null hypothesis 

was rejected. This implies that the series is non-stationary and has unit roots. The ADF test, however, 

revealed that all variables became stationary after the first difference of the variables. The ADF test 

has proven that the variables are stationary. Hence the Johansen cointegration test should be 

performed now that stationary behavior has been proven. This test looks at whether the variables' 

initial differences show any long-term correlations. 
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3.2. LM Test Results 

For the LM tests in this investigation, a 4-year dataset was employed. The Serial Correlation LM test 

was used specifically to evaluate autocorrelation. The objective of the test was to assess if the 

variables exhibit any autocorrelation up to a certain lag, with the alternative hypothesis arguing that 

autocorrelation does exist up to the predetermined lag. After reviewing the results in Table 5, it was 

discovered that all p-values above the 5% cutoff point. As a result, we were unable to rule out the 

null hypothesis, proving that the variables' autocorrelation is not very strong. Furthermore, it can be 

deduced from these results that the error term does not exhibit serial correlation. Therefore, the 

Johansen cointegration test may be performed in the following step. 

Table 5: LM-Autocorrelation Test 

Variables Null Hypothesis P-value 5% significant level Results 

BTC BTC has no autocorrelation 

up to 2 lag 

0.6063 Do not rejected No autocorrelation 

ETH ETH has no autocorrelation 

up to 2 lag 

0.1975 Do not rejected No autocorrelation 

BNB BNB has no autocorrelation 

up to 2 lag 

0.0989 Do not rejected No autocorrelation 

S&P500 S&P500 has no 

autocorrelation up to 2 lag 

0.8494 Do not rejected No autocorrelation 

3.3. Johansen Cointegration Test Results 

Table 6: Johansen Cointegration Test of Three Cryptocurrencies 

Variables Test 
Null 

Hypothesis 
Statistic 

5% 

significant 

level 

Prob.** Results 

BTC 

Max-Eigen 
None 16.4346 14.2646 0.0223 

Cointegration 
At most 1 0.3639 3.8415 0.5463 

Trace Test 
None 16.7986 15.4947 0.0317 

Cointegration 
At most 1 0.3639 3.8415 0.5463 

       

ETH 

Max-Eigen 
None 26.5479 14.2646 0.0004 

Cointegration 
At most 1 0.0183 3.8415 0.8924 

Trace Test 
None 26.5661 15.4947 0.0007 

Cointegration 
At most 1 0.0183 3.8415 0.8924 

       

BNB 

Max-Eigen 
None 13.6564 14.2646 0.0622 

No Cointegration 
At most 1 0.0613 3.8415 0.8045 

Trace Test 
None 13.7177 15.4947 0.0910 

No Cointegration 
At most 1 0.0613 3.8415 0.8045 

 

The statistical result of the Maximum Eigenvalue test for BTC, as shown in Table 6, is 16.43, which 

is higher than the critical value of 14.26. Additionally, the Trace test's statistical value of 16.80 is 
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greater than the crucial threshold of 15.49. As a result, we can rule out the null hypothesis that there 

is no cointegration, proving that Bitcoin and the S&P 500 do in fact, cointegrate. Similarly to this, 

the Maximum Eigenvalue test for ETH has a statistical value of 26.55, which is higher than the critical 

value of 14.26. Furthermore, the Trace test's statistical value is 26.57, which is higher than the crucial 

limit of 15.49. As a result, we may draw the conclusion that ETH and S&P500 cointegrate. All of the 

statistical results of the Maximum Eigenvalue test, however, for BNB, are lower than the critical 

value of 14.26 at 13.66. Additionally, the Trace test's statistical value is 13.72, which is below the 

crucial criterion of 15.49. We do not discover any proof of cointegration between BNB and S&P500 

as a result. 

3.4. Granger Causality Test Results 

Table 7: Granger Causality Test of Three Cryptocurrencies 

Variables Null Hypothesis 
5% significant 

level 
Prob.** 

Direction of 

Causality 

BTC 

BTC does not Granger 

Cause S& P 
Accept H0 0.5515 

S& P → BTC 
S& P does not Granger 

Cause BTC 
Reject H0 0.0004 

 

ETH 

ETH does not Granger 

Cause S& P 
Accept H0 0.0893 

S& P → ETH 
S& P does not Granger 

Cause ETH 
Reject H0 0.0000 

 

BNB 

BNB does not Granger 

Cause S& P 
Reject H0 0.0205 

BNB → S& P 
S& P does not Granger 

Cause BNB 
Accept H0 0.1008 

 

Based on Table 7, the empirical results of BTC show the unidirectional Granger Cause for these two 

variables. The causality direction is the S&P500 stock index Granger Cause BTC but not vice versa. 

It means that the S&P500 stock index is the leading BTC for the analysis time. Similarly, for ETH, it 

is easy to see that there exists a unidirectional Granger Cause between them. The causality direction 

is the S&P500 stock index Granger Cause ETH but not vice versa. It means that the S&P500 stock 

index has an influence on ETH during that time. However, in BNB, the empirical results find no 

Granger Cause for the two indexes. 

4. Conclusions 

All in all, cryptocurrencies have continued to gain popularity with more and more people around the 

world and are going across a broad economic spectrum recently. In this study, some properties of 

cryptocurrencies and the correlation between traditional investment options, such as stocks, indicate 

their importance for the financial field. To begin, literature reviews help to build a basic understanding 

of its history. Second, explore some statistical data on the subject and demonstrate 4 tests to contribute 

to the information about them. Lastly, identify and analyze these tests to enable to obtain some 

significant findings and implications. 
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From these results found of the previous test, the empirical results show that United States stock 

market indexes have significantly strong causality within BTC and ETH, which gives a chance for 

the investors to promote their investment strategies and potential possibilities of earning them in 

relation to looking movement in the U.S. economy. The influence of the United States economy 

would create a movement of the economy to cause BTC and ETH. However, the United States is 

affected by BNB prices, which means that BNB prices have causality and are statistically significant 

for affecting the stock market index of the U.S. This may be because the cryptocurrency has not had 

an original currency, but the transactions are made by dollar currency, which means they would have 

relationship or causality between them. This change in the bond markets would offer investors 

important signals about the global economy’s direction. Because the bond markets are deep by nature, 

it is possible to analyze changes in global economic conditions, which means the causality and 

relationship between them should be paid more attention in this direction. 

Cryptocurrency is a quite new topic and exerts more and more influence on the economy daily. 

Such as, macroeconomic variables, like the GDP or interest rate, would be related and have causality 

affection in the future. Furthermore, with the strengthening of technological development, the 

necessity of changing business and central banks of the countries would be tending to use blockchain 

technologies instead of conventional digital money. Therefore, the awareness of cryptocurrency will 

increase progressively soon. In the end, theoretically, this paper enriches the existing literature 

available on cryptocurrency, especially because it considers more kinds of cryptocurrency. Most of 

the results are consistent and show the relationship between cryptocurrency and U.S. stock markets. 
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