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ABSTRACT

This article analyzes the relationship between Bitcoin and the stock market by using a vector 
autoregressive model. To enhance the impulse response signal, the Sliding Window technique is 
applied. Study results show the relationship between Bitcoin and the stock market. First, the S&P 500 
has a relatively significant effect on Bitcoin, while the influence caused by the S&P 500 is weak. In 
addition, after involving the Sliding Window technique, the effects caused by the standard deviation 
of the S&P 500 and the mean of the Dow Jones are remarkably strong on the mean of Bitcoin and the 
standard deviation of the S&P 500 has a comparatively significant effect on the standard deviation 
of Bitcoin as well. Generally, the S&P 500 and the Dow Jones indexes have an advantageous effect 
on Bitcoin. Financial investment can be made based on this model and conclusion.
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INTRODUCTION

Bitcoin, regarded as a new type of new digital currency that could be used on transaction among 
different parties, has attracted increasing attention from scholars and financial experts. Satoshi 
Nakamoto (2008) first invented Bitcoin, the appearance of which realized decentralized transaction. 
Bitcoin allows online payment to be transacted directly from one party to another without getting 
through an intermediate financial institution, while traditional finance resists the trust-in-third-party 
mechanism centralized on the financial institution. Even though the public believe Bitcoin finance has 
the potential to replace the antiquated finance paradigm, Bitcoin and traditional finance are currently 
coexisting. In Bitcoin finance, more reliable trust is established not by authority intermediaries, 
but by network consensus, cryptography, digital signature, which reduces high transaction costs. 
However, the possibility of system failures and attacks or fraud behavior is always unavoidable in 
online transactions. In this case, traditional finance stands in a more advantageous position.

Gandal et al. (2018) provided analyses for the Bitcoin Price in recent years and argued that Bitcoin 
experienced both rising and falling tendency in the past years. Price of Bitcoin gets a falling shock, 
following large investments in Bitcoin. The volatility of Bitcoin has graphical similarity with that of 
the stock market. Many related predictive analysis methods, proposed by economists to predict the 
stock market, have also been used to forecast Bitcoin price volatility. With the development of the 
Bitcoin economy and more and more attentions from the industry of financial investment, whether the 
relationship between Bitcoin and the stock market has become a valuable research subject, although 
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this subject has not been mentioned by experts and scholars widely. The relationship between the 
stock market and Bitcoin will help investors to make their investment strategy and find out possible 
influencing factors on the Bitcoin market.

The study of this paper has made significant contributions to the academic field and financial 
market analysis as follows:

•	 We present a groundbreaking study of the relationship between Bitcoin and the stock market over 
time based on Vector Autoregressive model of Time Series. The impulse response is involved 
as signal to observe the reaction of this dynamic system of Bitcoin and stock market in response 
to some change caused by relative parameters.

•	 Sliding Window technique is utilized to enhance impulse response signals. With the size changes 
of sliding window, the loudness of the impulse response signal varies as well.

•	 Big Data technology is applied in data processing. The study applied Yahoo API for batch data 
collection of three stock indexes.

In this paper, we firstly introduce the development background of Bitcoin as one type of 
cryptocurrency based on blockchain protocol, recall the existing economic modeling strategies, 
including Random Walk hypothesis, SVR, RF, ANN, etc., used for stock market forecasting and further 
explore the solutions of VAR, impulse response and sliding window to figure out non-stationary time 
series with the feature of seasonal volatility, corresponding to the data of stock market and Bitcoin, in 
Section 2. In Section 3, data collection of the three main stock indexes is performed through Yahoo 
Finance API on Python and then we study the time series tendency over time for each series and 
their respective price return series. We describe in detail about the basic modeling framework of 
VAR model on four variables in Section 4. In Section 5, the results of impulse response and variance 
decomposition are shown, and further efforts are made to obtain impulse response among variables 
through setting up sliding windows. Discussion for further study is elaborated in Section 6. Finally, 
we conclude a dynamic relationship between Bitcoin and the stock market.

BACKGROUND

As a kind of digital currency, Bitcoin was firstly invented and proposed by Satoshi Nakamoto in 2008. 
He proposed a peer-to-peer network solution, which can handle transactions into a chain of hash-based 
proof-of-work. In the process, an unchangeable record will be formed even without proof-of-work. 
Bitcoin is based on the blockchain protocol to process transactions of the digital Bitcoin currency 
between two parties. Eyal et al. (2016) outlined the Bitcoin-NG scalable blockchain protocol and 
designed quantitative metrics that can be used to evaluate Nakamoto consensus protocols. Bitcoin-
NG scalable blockchain protocol finally can guarantee higher output and lower latency through its 
scalability and robustness. Since the Bitcoin cryptocurrency records all transactions in the blockchain, 
which is a public distributed log, its security plays an important role in the whole transaction process. 
Eyal and Sirer (2018) pointed out that Bitcoin’s mining protocol is not incentive-compatible and 
presented a strategy called Selfish Mining that can enable more revenue by a minority pool. A majority 
of Bitcoin researches focus on cryptography and security of the Bitcoin transaction, but rare of them 
involve the relationship between Bitcoin and the stock markets.

For a long time, the financial community and academia have generally believed that stock price 
and its volatility are forecastable. The most well-known and initial theories in stock prediction are 
Random Walk hypothesis (Malkiel & Fama, 1970; Malkiel, 2003) and the Efficient Market hypothesis 
(Jensen, 1978), which points out that the existing information set would influence the current price 
of the stock. Therefore, stock prices couldn’t be predicted accurately by historical price information. 
Consequently, Malkiel concluded that economic profits cannot gain as the result of stock prices 
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randomness except considering the excessive sort of risk. The research based on the behavior of stock-
market prices (Fama et al., 1965) examined the Random Walk hypothesis and discussed its attributes: 
(a) consecutive price changes is with independence. (b) the price change is by a certain probability 
distribution. With the improvement of technology and academic ability, progressively more machine 
learning algorithms and models have been applied in the research and analysis of stock prices in 
recent years. Support Vector Regression (SVR) based on chaotic mapping firefly algorithm (Kazem 
et al. 2013) is proposed to forecast stock market price, which established unobserved phase space 
dynamics through a delay coordinate embedding method, and employed a chaotic firefly algorithm 
to get optimization for SVR hyperparameters to predict the stock market price. All these models were 
employed based on the precondition that the predicted time series are linear and stationary, which 
will, to a certain extent, cause the forecast result to deviate from the actual situation. Besides, the 
fusion of multiple machine learning techniques has been utilized to predict the stock market (Patel 
et al. 2015). A two-stage fusion hybrid model could be set up: the first stage fusion use SVR and the 
second stage fusion include Artificial Neural Network (ANN), Random Forest (RF) and SVR leading 
to SVR-ANN, SVR-RF and SVR-SVR fusion forecast models. This hybrid model has efficiently and 
successfully decreased the error in the performance of prediction. Furthermore, Hafezi, Shahrabi, 
and Hadavandi (2015) proposed a bat-neural network multi-agent system (BNNMAS) with four 
layers for stock price prediction. They applied a metaheuristic Bat algorithm to train the artificial 
neural network (ANN) and eventually got high accuracy of prediction indicated by MAPE statistic 
calculation. With the further application of deep learning, Zhou, Pan, Hu, Tang and Zhao (2018) 
stated stock forecasting model GAN-FD based on the deep learning algorithm, which attained 
remarkable prediction performance through optimizing training, reducing direction forecast loss 
and prediction error loss. Due to the non-linearity and dynamic state of stock market forecasting, 
Basak, Saha, Kar, Khaidem, and Dey (2019) built a predictive model based on Random Forest and 
XGB classifiers with high robustness, indicated by diverse standard parameters including accuracy, 
recall, specificity, and F-score. Their proposed model reasonably reduced the risk of stock market 
investment through analyzing the returns of stock and got higher accuracy of direction prediction of 
the stock market, comparing to any other applied algorithm models. However, in many studies on 
stock market forecasting, the impact or potential correlation between Bitcoin and the stock market 
has been hardly discussed.

Since stock market data can be regarded as non-stationary time series data as well, the time 
series model is an ideal method for studying the stock market. Time series models are often used to 
predict the future value of stocks based on previously observed values. Sadaei, Guimaraes, Silva, 
Lee, and Eslami (2017) provided a hybrid method based on exponential fuzzy time series to improve 
the accuracy of forecasts for the seasonal and nonlinear time series. To figure out any limitations, 
such as heavy-tails, long-range dependence, and temporal asymmetries, etc., Leonarduzzi, Rochette, 
Bouchaud, and Mallat (2019) proposed wavelet-based maximum scattering entropy model to deal with 
non-stationary time series and discussed how phase-harmonic correlations can keep track with the 
temporal asymmetries. In macroeconomic forecasting, the Vector Auto-Regression (VAR) model has 
been successfully used for the multivariate time series analysis. Deb (2019) further studied Degras, 
Xu, Zhang and Wu (2011)’s theoretical research about a method to test the possibility of that two 
multivariate time series are from same VAR process model and developed a new time series clustering 
algorithm without involving any predetermined number of clusters to test methods. Moreover, the 
impulse response function is frequently used to analyze the response of various variables in the VAR 
model to different shock influences. Reusens and Croux (2017) studied whether the impulse response 
of linearly transformed variables is economically comparative. Since time series data typically has 
seasonal volatility, the sliding window algorithm is applied for short-term future predictions. The 
performances of three deep learning had been compared based on a sliding window approach for the 
forecasting of stock price fluctuation in Selvin, Vinayakumar, Gopalakrishnan, Menon, and Soman 
(2017)’s research. However, in these financial and algorithmic researches, the latent relationship 
between Bitcoin and the stock market has never been involved.
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DATA SUMMARY

This study obtains the data from two sources. Data of Bitcoin transaction flowing is available from 
Cryptocurrency Historical Prices on Kaggle. Cryptocurrency Historical Prices dataset covered the 
prices of Bitcoin, Ethereum, Ripple and Bitcoin cash, traced on each day from February 23, 2013 to 
February 20, 2018. Stock price. Stock Price Historical data is captured on daily transaction of three 
major stock market indices (S&P 500, NASDAQ and Dow Jones Industrial Average) through Yahoo 
Finance API on Python, the time spans of which are respectively from March 4, 1957, February 8, 
1971, and May 26, 1896 to February 20, 2018. To study the relationship over time between Bitcoin 
and Stock Price, these two data sources must be matched in the Bitcoin’s shorter time interval and 
remove the data without the stock transaction. Figure 1 shows a time series plot of Bitcoin, S&P 500, 
NASDAQ and Dow Jones Industrial Average with 2013 days from February 2010 to February 2018.

Since the data of Bitcoin, S&P 500, NASDAQ, and Dow Jones is measured on different 
scales, which will affect the results of data analysis. Data Standardization is required to ensure the 
comparability among the four indicators. Based on the continuity of time series data, the Mean 
normalization method is suggested to normalize Bitcoin, S&P 500, NASDAQ and Dow Jones data. 
The conversion function is as follows:
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After the original data is processed by data standardization, we can see in Figure 1 that each 
indicator is in the same order of magnitude, which is suitable for comprehensively comparative 
evaluation.

Figure 1 shows Bitcoin market price started to continuously increase from 2017, peaked on 
December 18, 2017, and sharply declined until 2018. Similar plunge from 2017 to 2018 has occurred 
in the graphs of S&P 500, NASDAQ and Dow Jones as well, which have reflected the potential 
correspondence between Bitcoin market and the stock market. High volatility has been illustrated 
in the plot of S&P 500, NASDAQ and Dow Jones, which means stock price fluctuate dramatically. 
Therefore, aiming to further analysis and observation of time series of Bitcoin and stock price, we 
calculate the price return by utilizing the following logarithmic identity:
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In Figure 2, time series of price return based on Bitcoin, S&P 500, NASDAQ and Dow Jones 
indicate each of the series has the zero mean with non-tendency of high stationary on time series.

METHODOLOGY

In this study, the main modeling foundation is based on the Vector Autoregressive Model (VAR). Four 
variables are involved in this VAR model, including BT (Bitcoin), SP (S&P 500), ND (NASDAQ) 
and DJ (Dow Jones). Define a four-dimensional column vector as follows:

y BT SP ND DJ
m
= ( ), , , ' 	 (3)
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The VAR model can be expressed as below:
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k is lag order. B
1
, ..., B

k
, and C  are parameter matrices. M  is the data size. 

m
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vector of errors.
The features of impulse response functions and variance decomposition allow tracing the evolution 

of endogenous variables corresponding to a shock in one or more variables. With the equation of 
evolution, the logic is organized as the following process. Let R  as a lag parameter.
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With Equation (4), the VAR model can be evolved as below:
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Invert this transformed VAR model formula:
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Figure 1. Time series plot. Bitcoin fell sharply from late 2017 to early 2018, while S&P 500, NASDAQ and Dow Jones indexes 
continued to rise.
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Each variable can be written as:
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Figure 2. Price return plot. Compared to time series plot, price return shows relative stationery.
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The above partial derivatives show the response of CE
m l+  to a one-time impulse in y

im
 with all 

other variables held constant. The response of n
th

 variable to a unit shock on variable i  could be 
graphically depicted the dynamic interrelationships with the system, the process of which is called 
Impulse Response Function (IRF).

Variance decomposition shows the extent that a shock to one variable impacts the variance. It 
determines the contribution of varieties of shocks to other variables in the autoregression. Its essential 
logic is as follows: based on the total 
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Moreover, the variance of ∂ +CE
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 under the condition of no correlations is:
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EXPERIMENTAL DESIGN AND ANALYSIS

Application of VAR Model
As a method to study the influencing indicators, VAR model are widely applied in various fields. 
Adenomon and Oyejola (2013) studied the impact of agriculture and industrialization on GDP using 
VAR and SVAR models, which experimentally concluded the significant role performed by agriculture 
and industry sector to GDP growth and a greater effect from agriculture was shown through forecast 
error variance decompositions. In psychology field, Bringmann et al. (2018) used the TV-VAR model 
to explore emotion dynamics and their changes over time.

In this study, with four variables involving BT, SP, ND, and DJ, a VAR model is built to analyze 
the dynamic relationships. Lag order is selected at 18 and 3, according to AIC and BIC respectively. 
VAR (3) can be chosen as the more optimal model based on BID of lag order selection parameters 
since BIC approaches to the true model among the set of results.

The impulse response results are plotted in Figure 3. The shock effect to Bitcoin by Bitcoin itself 
demonstrates that it has an originally strong positive impact but a negative effect at lag 1. The effect 
shock gradually augments from lag 2 to lag 4 and then flattens out. None of S&P 500, NASDAQ 
and Dow Jones affects the beginning. The impact from S&P 500 to Bitcoin has a negative effect at 
lag 1 and then a slightly positive effect at lag 4, while the impact from Dow Jones changes in the 
opposite trend. Dow Jones has a remarkably positive effect at lag 1 and a negative effect at lag 4. 
NASDAQ has no significant effect to Bitcoin until lag 4, at which the impact is positive. In general, 
the impact effect from S&P 500 or Dow Jones is greater than that of NASDAQ. Moreover, more 
attentions should be paid for the impact from Bitcoin to S&P 500 and Dow Jones. The variation of 
impulse response from lag 3 to lag 4 has a narrow confidence interval for both S&P 500 and Dow 
Jones, which represents high accuracy. Therefore, some absolute correspondence possibly exists 
between Bitcoin and the stock market.

Table 1 records the results of the variance decompositions for the four variables. In this table, 
the original change of BT is completely caused by its contribution and its contribution decreases 
gradually as lag order increases. The growth of contributions of SP, ND, and DJ to BT starts at 



International Journal of Operations Research and Information Systems
Volume 11 • Issue 2 • April-June 2020

29

horizon 2. In the end, the variations are stabilized at 0.0329%, 0.1902%, and 1.3667%, respectively, 
which means that DJ has a comparatively apparent and lasting influence to BT, even though all the 
effects are not strong enough.

For the change of SP, the contribution of BT, in the beginning, is 0.0023%. The contribution 
grows up gradually and then stabilizes at 0.8658%. The contributions of ND and DJ start to rise after 
horizon 2 and stabilize at 1.3805% and 2.1870%, respectively. It is illustrated that the increment of SP 
is more likely influenced by the increment of DJ instead of that of BT. No large difference, however, 
is among the effects of BT, ND, and DJ. For the change of ND, the contribution of BT initially 
is 0.3888%. It increases gradually and stabilizes at 0.5013%. The contributions of SP and DJ rise 
gradually and stabilize at 5.0408% after horizon 10 and 1.6636% after horizon 12, respectively. This 
suggests that the increment of DJ has a relatively higher possibility to influence the increment of ND, 
while all the effects are weak. For the change of DJ, the contribution of BT originally is 0.4796%. It 
rises gradually and then stabilizes at 1.3409%. The contributions of SP and ND grow up gradually 

Figure 3. Results of impulse response. From the narrow confidence interval, the strong influences of S&P 500 and Dow Jones 
can be seen.
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and stabilize at 38.4736% after horizon 12 and 0.8946% after horizon 10, respectively. It is indicated 
that the increment of DJ is much more likely to be influenced by the increment of SP since SP has 
strong effect compared to the effect of the other two.

Generally, from the above analyses, it is proved that the relationship between Bitcoin and stock 
price certainly exists. The effect of shock from Bitcoin is not significant and calms down quickly, 
while stock market indexes have a comparatively strong influence on Bitcoin. S&P 500, NASDAQ 
and Dow Jones, however, have a different effect on Bitcoin’s price fluctuation. First of all, S&P 500 
stock growth has a comparatively significant impact on Bitcoin, while the effect influenced by S&P 
500 stock index is weak. Furthermore, stock market indexes influence Bitcoin afterward and the 
pattern of shock from S&P 500 or Dow Jones is in the opposition.

Sliding Window Technique
Sliding window technique is a technique for controlling the window length between two nodes. Yagoubi 
et al. (2018) proved that the combination between the sliding window and time series can promote to 

Table 1. Variance Decomposition Results. Variance Decomposition results show us the strong influence contribution of S&P 
500 and the opposite shock from S&P 500 and Dow Jones.

Horizon BT SP ND DJ

BT 1 1 0 0 0

2 0.989973 0.000215 0.000884 0.008928

4 0.986564 0.000240 0.001448 0.011748

7 0.984173 0.000310 0.001880 0.013638

17 0.984102 0.000329 0.001902 0.013667

41 0.984102 0.000329 0.001902 0.013667

SP 1 0.000023 0.999977 0 0

2 0.001041 0.997053 0.000459 0.001446

4 0.006364 0.962605 0.013117 0.017914

7 0.008639 0.955715 0.013791 0.021855

17 0.008658 0.955667 0.013805 0.021870

41 0.008658 0.955667 0.013805 0.021870

ND 1 0.003888 0.049461 0.946651 0

2 0.004069 0.050304 0.945153 0.000474

4 0.004593 0.050400 0.929500 0.015507

7 0.004967 0.050380 0.928034 0.016619

17 0.005013 0.050408 0.927942 0.016636

41 0.005013 0.050408 0.927942 0.016636

DJ 1 0.004796 0.395261 0.005996 0.593947

2 0.006704 0.389249 0.005901 0.598146

4 0.011659 0.385034 0.008770 0.594537

7 0.013348 0.384793 0.008934 0.592926

17 0.013409 0.384736 0.008946 0.592909

41 0.013409 0.384736 0.008946 0.592909
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find highly correlated pairs of time series over whole windows. As the length of the sliding window 
changes, the prediction of the time series model will change accordingly.

To further explore the relationship between Bitcoin and stock market based on the three major 
stock indexes, we lead in the sliding window technique for further study. Through the sliding 
window technique, the time series period (February 2010 to February 2018) is separated to equal 
units according to different scales. Every unit together can construct a new time series sequence, in 
which we calculate the mean and standard deviation for each unit and then obtain eight variables 
for this new time series sequence: BT_M (mean of Bitcoin), BT_ST (standard deviation of Bitcoin), 
SP_M(mean of S&P 500), SP_ST (standard deviation of S&P 500), ND_M (mean of NASDAQ), 
ND_ST (standard deviation of NASDAQ), DJ_M (mean of Dow Jones), DJ_ST (standard deviation 
of Dow Jones). In our experiment, we tested scale equal to 3, 5, 7, and 9 and finally find out the best 
performance appeared at a scale equal to 5.

Figure 4 is the plot of impulse response function results on a sliding window when the scale is 
optimal. The shock effect from BT_M to itself indicates that it has an initially positive strong fluctuation 
but a negative effect at lag 2. The shock lasts from lag 3 and until lag 20 it flattens away. The effect 
from SP_ST to BT_M doesn’t affect in the beginning and then gradually has a slight positive effect at 
lag 2. It is worth mentioning that the variation of impulse response caused by SP_ST to BT_M from 
lag 2 to lag 8 still has a narrow confidence interval and after lag 8 the confidence interval becomes 
bigger. The effect from DJ_M to BT_M also has a narrow confidence interval from lag 1 to lag 5. 
After lag 5, the confidence interval becomes bigger. All the narrow confidence interval appeared 
in the impulse response from SP_ST or DJ_M means high accuracy, which can further prove some 
strong correspondence between Bitcoin and the stock market.

Table 2 reports the variance decomposition results performed by sliding window technique. In this 
result, it suggests that the original change of BT_M is entirely from its contribution. This contribution 
decreases gradually as lag order rises. The increasing variety of contributions of BT_ST, DJ_M, DJ_ST, 
ND_M, ND_ST, SP_M, and SP_ST to BT_M starts at horizon 2. Finally, the variations are stabilized 
at 5.5944%, 3.1089%, 2.9184%, 6.3956%, 0.5976%, 7.6920%, and 36.9920%, respectively, which 
means SP_ST has an obvious advantage and lasting influence on BT_M. For the change of BT_ST, 
the contribution of BT_M is 37.5081% in the beginning. The contribution rises up gradually and then 
stabilizes at 37.0126%. The variation of contributions of DJ_M, DJ_ST, ND_M, ND_ST, SP_M, and 
SP_ST to SP_ST starts at horizon 2 and stabilize at 0.3363%, 0.9247%, 4.0973%, 0.3190%, 1.8231%, 
and 8.5421%, respectively. This indicates that the increment of BT_ST is more possibly influenced 
by the increment of SP_ST, even though all the effects are not strong enough.

The contributions of BT_M to DJ_M, DJ_ST, ND_M, ND_ST, SP_M, and SP_ST eventually 
stabilize at 2.3927%, 4.8372%, 5.3931%, 6.6659%, 4.9213%, and 6.5005%, respectively. It suggests 
that the growth of BT_M has a relatively stronger effect on the growth of ND_ST, although no 
huge difference is among all the effects of contributions. For the change of BT_ST to other stock 
indexes, the contributions of BT_ST to DJ_M, DJ_ST, ND_M, ND_ST, SP_M, and SP_ST eventually 
stabilize at 0.9374%, 1.2777%, 3.2769%, 1.6943%, 3.5609%, and 1.2317%, respectively, which means 
the growth of BT_ST has comparatively stronger effect to the growth of SP_M, even though not 
remarkable enough.

In sum, through involving sliding window, the impulse response signal has been strengthened 
and the interactive relationship between Bitcoin and stock market index (S&P 500, NASDAQ, and 
Dow Jones Industrial Average) has been found. First of all, the standard deviation of S&P 500 and 
the mean of Dow Jones both have strong correspondence with the mean of Bitcoin, reviewed from the 
narrow confidence interval on their impulse response. Secondly, the growth of the standard deviation 
of S&P 500 has an outstandingly significant effect on the mean of Bitcoin, while the influences caused 
by the mean and standard deviation of other indexes are weak. Moreover, the standard deviation of 
S&P 500 has a relatively significant effect on the standard deviation of Bitcoin as well. Besides, 
the mean of Bitcoin has a significantly strong effect on the standard deviation of NASDAQ and the 
mean of S&P 500.
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CONCLUSION

An in-depth exploration and study on the determinate relationship on time series between Bitcoin 
and the stock market have been conducted by using the VAR model and sliding window technology, 
which filled up a gap in the financial area. Since Bitcoin and stock market data are both time-series 
data, the VAR model is useful to forecasting Bitcoin, S&P 500, NASDAQ, and Don Jones variables. 
The impulse response results are enhanced through performing sliding window technology, which 
is a favorable proof of the relationship between Bitcoin and the stock market.

Although the result of impulse response analysis has shown the relationship between Bitcoin 
and stock market, some vulnerabilities need to be solved to optimize the result in further study. The 
limitation was caused by sample data itself. Stock data is usually tracked by day, quarter, and second, 
while Bitcoin data was never recorded in a unit of second. As the result, we couldn’t implement 
wavelet analysis on these two data sources simultaneously in a more detailed time unit.

Figure 4. Results of impulse response by Sliding Window. The impulse response signal has a significant enhancement. The 
narrower confidence internal once again proves the close relationship between Bitcoin and the stock market.
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Table 2. Variance Decomposition Results by Sliding Window. The results indicate that the growth of the mean of Bitcoin has 
a strong effect on that of the standard deviation of NASDAQ and the standard deviation of Bitcoin has a strong effect on the 
mean of S&P 500 as well.

Horizon BT_M BT_ST DJ_M DJ_ST ND_M ND_ST SP_M SP_ST

BT_M

1 1 0 0 0 0 0 0 0
2 0.962996 0.003269 0.000002 0.000598 0.011454 0.003979 0.000983 0.016719
11 0.375929 0.054607 0.022330 0.025657 0.058407 0.004330 0.075286 0.383455
21 0.371889 0.055705 0.030091 0.028790 0.063724 0.005940 0.076393 0.367467
45 0.367291 0.055959 0.031022 0.029163 0.063917 0.005961 0.076881 0.369806
95 0.367010 0.055944 0.031089 0.029184 0.063956 0.005976 0.076920 0.369920
109 0.367010 0.055944 0.031089 0.029184 0.063956 0.005976 0.076920 0.369920

BT_ST

1 0.375081 0.624919 0 0 0 0 0 0
2 0.339666 0.649253 0.000001 0.003617 0.000866 0.002475 0.004006 0.000117
11 0.373838 0.476200 0.002327 0.008490 0.036798 0.002422 0.017247 0.082677
21 0.371162 0.471220 0.003140 0.009015 0.040775 0.003098 0.018006 0.083583
45 0.370184 0.469578 0.003344 0.009241 0.040952 0.003186 0.018219 0.085296
95 0.370126 0.469450 0.003363 0.009247 0.040973 0.003190 0.018231 0.085421
109 0.370126 0.469450 0.003363 0.009247 0.040973 0.003190 0.018231 0.085421

DJ_M

1 0.000712 0.001286 0.998002 0 0 0 0 0
2 0.003542 0.002152 0.970214 0.005334 0.004184 0.003313 0.007642 0.003619
11 0.011852 0.005680 0.727934 0.025789 0.025067 0.005574 0.026214 0.171890
21 0.021598 0.008778 0.677681 0.028797 0.041447 0.005795 0.033919 0.181985
45 0.023889 0.009353 0.667336 0.029244 0.042156 0.005919 0.034713 0.187389
95 0.023927 0.009374 0.666956 0.029258 0.042189 0.005921 0.034770 0.187606
109 0.023927 0.009374 0.666956 0.029258 0.042189 0.005921 0.034770 0.187606

DJ_ST

1 0.002198 0.000401 0.139889 0.857511 0 0 0 0
2 0.022453 0.004314 0.229018 0.705588 0.034759 0.000091 0.000128 0.003649
11 0.029067 0.012305 0.213574 0.431806 0.075951 0.002639 0.040564 0.194092
21 0.045443 0.012285 0.206626 0.400950 0.082996 0.003862 0.039412 0.208426
45 0.048339 0.012752 0.204472 0.396540 0.083027 0.004062 0.040948 0.209860
95 0.048372 0.012777 0.204384 0.396320 0.083049 0.004078 0.040988 0.210033
109 0.048372 0.012777 0.204384 0.396320 0.083049 0.004078 0.040988 0.210033

ND_M

1 0.003055 0.000527 0.527898 0.000042 0.468477 0 0 0
2 0.009607 0.002209 0.441075 0.017509 0.405120 0.096347 0.012349 0.015784
11 0.024200 0.026447 0.268331 0.054301 0.250147 0.071753 0.089607 0.215213
21 0.047231 0.030681 0.199927 0.062966 0.188323 0.051132 0.113375 0.306365
45 0.053756 0.032792 0.190500 0.062738 0.174595 0.045080 0.104372 0.336168
95 0.053931 0.032769 0.190115 0.062684 0.174179 0.044939 0.104271 0.337113
109 0.053931 0.032769 0.190115 0.062684 0.174179 0.044939 0.104271 0.337113

ND_ST

1 0.005265 0.014876 0.006343 0.141592 0.061754 0.770170 0 0
2 0.022001 0.014659 0.029163 0.147281 0.216833 0.526726 0.035446 0.007892
11 0.026032 0.017383 0.041608 0.080900 0.142374 0.211095 0.129873 0.350735
21 0.050040 0.019882 0.033995 0.049331 0.116719 0.095116 0.108819 0.526097
45 0.066748 0.016959 0.035920 0.040740 0.156530 0.064372 0.085883 0.532847
95 0.066659 0.016943 0.035873 0.040596 0.156483 0.063955 0.085737 0.533754
109 0.066659 0.016943 0.035873 0.040596 0.156483 0.063955 0.085737 0.533754

SP_M

1 0.006010 0.015373 0.613099 0.026716 0.066343 0.007108 0.265351 0
2 0.006216 0.016497 0.590071 0.032366 0.069295 0.018334 0.265678 0.001543
11 0.031828 0.019847 0.205162 0.031035 0.032704 0.010012 0.181949 0.487464
21 0.047055 0.033607 0.201769 0.038354 0.081129 0.011247 0.165280 0.421559
45 0.049210 0.035522 0.198147 0.038553 0.080948 0.012008 0.164683 0.420928
95 0.049213 0.035609 0.197873 0.038532 0.080950 0.012049 0.164792 0.420982
109 0.049213 0.035609 0.197873 0.038532 0.080950 0.012049 0.164792 0.420982

SP_ST

1 0.000311 0.000130 0.053706 0.105708 0.002715 0.000020 0.090084 0.747326
2 0.008821 0.001643 0.116296 0.072619 0.037331 0.000730 0.050553 0.712007
11 0.043800 0.008005 0.060978 0.043676 0.119481 0.003572 0.076583 0.643905
21 0.062861 0.011915 0.075526 0.046135 0.134021 0.005415 0.079148 0.584980
45 0.064990 0.012314 0.075330 0.047346 0.131953 0.005524 0.078977 0.583565
95 0.065005 0.012317 0.075278 0.047324 0.131894 0.005536 0.078994 0.583651
109 0.065005 0.012317 0.075278 0.047324 0.131894 0.005536 0.078994 0.583651
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In this article, we have pointed out the relationship between the stock market and Bitcoin with 
advanced methods. A structural vector autoregressive model was specified and established for the 
four variables: Bitcoin, S&P 500, NASDAQ, Dow Jones. Based on impulse response analysis, it is 
summarized that the effect by Bitcoin on the stock market is weaker than that by stock market on 
Bitcoin, while S&P 500 stock growth has a comparatively strong influence on Bitcoin. Furthermore, 
the application of sliding window technology facilitates the promotion of impulse response, which 
can be observed graphically that the growth of standard deviation of S&P 500 has an remarkably 
significant effect on the mean of Bitcoin. The VAR model has guided the direction for financial 
investment based on stock and Bitcoin fluctuations.

In general, the research is of great importance to commercial applications for Bitcoin and stock 
market. It provides a favorable model reference of VAR model for investment strategies and guides 
the direction of investment diversity on the strength of impulse response analysis. Additionally, 
systematic science of sliding window technology promotes enforceability and accuracy of business 
modeling. Future research efforts will focus on model analysis in a more specialized time unit. By 
solving the systematic deficiency of data, a more precise investment strategy in a specific period 
could be achieved.
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