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A B S T R A C T   

This study aims to identify the main drivers of Bitcoin volatility. The empirical analysis is based 
on a dynamic Bayesian model averaging approach for twenty-two potential determinants. The 
results reveal that the most important factors for Bitcoin volatility are Google trends, total cir-
culation of Bitcoins, US consumer confidence and the S&P500 index.   

1. Introduction 

Bitcoin has received a large amount of attention since its introduction by Nakamoto (2008). Cryptocurrencies are in general highly 
volatile, and are subject to sudden, massive price swings. Therefore, the analysis of Bitcoin volatility and the factors that drive this 
variability are very important for investment and portfolio diversification. A number of recent studies have examined a number of 
individual economic and financial measures that affect Bitcoin volatility (Fang et al., 2019; López-Cabarcos et al., 2021; Wu et al., 
2022; among others), as well as have explored the association of Bitcoin with other risk financial assets and safe-haven assets (Bouri 
et al., 2017; Lee et al., 2018). Yet, the results of the growing empirical literature on the Bitcoin volatility are diverse and there is no 
clear answer on which are the most important determinants.1 

This study aims to identify the main drivers of Bitcoin volatility and distinguishes from previous research in two aspects. First, we 
consider the multidimensionality of the determinants of Bitcoin volatility. Previous research largely focuses on individual factors or 
one or two segments of determinants, such as financial markets or economic circumstances. We depart from the existing literature in 
jointly examining whether the supply or the demand of Bitcoin, or other financial and macroeconomic drivers are crucial for the 
volatility in the Bitcoin market. Second, we account for model uncertainty by applying a dynamic Bayesian model averaging (DMA) 
framework. The explanatory variables in the previous studies are selected based on certain relevant theories which may cause omitted 
variable bias and uncertainty about the true specification. The DMA approach allows us to use a large set of potential determinants of 
Bitcoin volatility to enter the regressions and explore their impact and significance over time. 
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In this work, thus, we examine the importance of twenty-two potential determinants of Bitcoin volatility over the period 
2010–2020. We consider five groups of potential explanatory factors: (i) Bitcoin environment, (ii) market sentiment, (iii) financial 
markets, (iv) macroeconomic conditions, and (v) policy and market uncertainty. The variables are selected following the related 
discussion in the Bitcoin literature (see, for an overview, Corbet et al., 2019; Bariviera and Merediz-Sola, 2021). Our findings show that 
the most robust determinants of Bitcoin volatility are Bitcoin Google trends, total Bitcoins in circulation, US consumer confidence and 
the S&P500 index. 

The rest of the paper is organized as follows: Section 2 describes the data employed while Section 3 presents the methodology. 
Section 4 reports our empirical results and Section 5 concludes. 

2. Data 

Our dataset consists of 118 monthly observations over the period August 2010 to May 2020 for Bitcoin volatility and a list of 
twenty-two potential determinants. Volatility is computed as the (monthly) realized variance of the daily Bitcoin returns. We 
distinguish five groups of potential determinants of Bitcoin volatility: i) Bitcoin environment, ii) market sentiment, iii) financial 
markets, iv) macroeconomic conditions and v) policy and market uncertainty. The explanatory variables are selected based on the 
literature on Bitcoin empirics (Panagiotidis et al., 2018; Corbet et al., 2019; Bariviera and Merediz-Sola, 2021; among others). The 
supply of Bitcoin, such as total circulation and economic conditions play a significant role in the Bitcoin market (Li and Wang, 2017). 
Market sentiment is an important factor of variation that drives Bitcoin value (Mai et al., 2018; López-Cabarcos et al., 2021). In 
addition, other factors such as financial aspects (Panagiotidis et al., 2018; López-Cabarcos et al., 2021), macroeconomic conditions 
(Blau et al., 2021; Palazzi et al., 2021) and policy uncertainty (Demir et al., 2018; Wu et al., 2022) serve as factors for Bitcoin. 

The data for the Bitcoin price are obtained from coindesk.com while the data for Bitcoin environment measures are taken from 
blockchain.com. Market sentiment series are obtained from the FRED dataset and Google.com, while policy uncertainty series are from 
policyuncertainty.com. Finally, the macroeconomic conditions variables are taken from the OECD MEI database and the series for 
financial markets are from IMF and DataStream. Table 1 presents the list and summary statistics of our dataset including the twenty- 
two potential drivers. 

Table 1 
List of variables and summary statistic.  

Variables Min Max Mean SD 

Volatility and Returns 
Bitcoin Volatility 0.027 0.388 0.113 0.074 
Bitcoin Returns − 0.521 1.607 0.101 0.329 
Bitcoin Environment 
Market Capitalization 5.047 11.398 9.507 1.510 
Bitcoin Address 2.634 5.925 5.072 0.802 
Trade Volume 0.000 9.278 5.545 3.291 
Total Circulation 6.571 7.264 7.097 0.168 
Miners Revenue* 2.468 7.603 5.996 1.121 
Market Sentiment 
Bitcoin Google Trends 0.000 100.000 7.805 12.239 
Consumer Sentiment 55.800 101.400 86.292 11.217 
US Consumer Confidence 1.986 2.007 2.000 0.005 
Financial Markets 
Equity Market (MSCI World Index) 3.034 3.373 3.222 0.087 
(S&P500 Index) − 9.188 2.601 0.366 1.457 
Commodity Markets (Commodity Price Index) 1.925 2.290 2.129 0.099 
(Gold Index) 3.032 3.248 3.133 0.056 
(Crude Oil Index) 1.323 2.071 1.846 0.164 
Macroeconomic Conditions 
World Economic Activity 2.054 2.130 2.095 0.021 
US Industrial Production* 4.156 6.223 4.957 0.353 
OECD Inflation Rate 0.535 3.213 1.897 0.691 
Exchange Rate (Trade Weighted Dollar Index) 1.917 2.057 1.998 0.046 
US Long Term Interest Rate 0.660 3.580 2.284 0.544 
US Short Term Interest Rate 0.110 2.690 0.801 0.802 
Policy and Market Uncertainty 
Global Economic Policy Uncertainty 83.083 433.209 167.334 66.523 
US Economic Policy Uncertainty 63.877 504.688 152.246 66.259 
Geo-Political Risk* 40.506 370.249 111.852 57.764 
Equity Market Uncertainty (VIX Index) 9.510 53.540 17.378 6.627 
Equity Market Uncertainty (iTraxx Europe Swap Index) 2.019 2.083 2.060 0.018 

The dataset consists monthly observations covering the period August 2010 to May 2020. The variables with * are used in the alternative specification 
for our robustness analysis. 
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3. Methodology 

Given the large number of potential drivers of Bitcoin returns volatility, a natural choice to deal with the issue of model uncertainty 
is to adopt a moving averaging method (Steel, 2020). In a time-series framework, though, a moving averaging method may be proved 
insufficient. For instance, a certain driver may be significant only for a specific subperiod. Furthermore, a certain driver may have a 
positive impact during a specific subperiod, while its impact can shift to negative during another subperiod. To consider these potential 
effects, we apply the DMA method proposed by Raftery et al. (2010). In this way, we consider three different features: 1) model 
uncertainty by investigating which factors are significant across a model set, 2) letting this model set to change through time, therefore 
looking into whether different models hold in different periods and 3) allowing for time-variation of the regression coefficients. The 
modeling set-up can be briefly summarized as follows: 

yt = X(i)
t β(i)

t + ∈(i)
t ,∈(i)

t ∼ N
(
0,K(i)

t

)
(1)  

β(i)
t = β(i)

t− 1 + v(i)t , v(i)t ∼ N
(
0,L(i)

t

)
, (2)  

where β(i)
t is the vector of time-varying regression coefficients, which evolves according to Eq. (2), while yt is Bitcoin volatility and X 

= (x(1)
t , x(2)

t ,…x(r)
t ) is the matrix of the regressors, with r the number of regressors in the specification, which results to k = 2r different 

combinations, with i ∈ (1, …, 2r). L(i)
t is the conditional variance and is equal to L(i)

t = (1 − δ)/δC(i)
t− 1, where C(i)

t is the estimator of the 
covariance matrix of β(i)

t and δ is the forgetting factor that determines the nature of time variation of the regression coefficients. 
Imposing δ = 1 leads to L(i)

t = 0, and therefore there is no time-variation. For δ < 1, the time-variation is assumed.2 Like in every 
Bayesian averaging method, the probability of model Mi being the true model given the data is the ratio of its marginal likelihood to the 
sum of marginal likelihoods over the entire model space: 

p(Mi|yt,Xt) =
p(yt|Mi, yt− 1,Xt− 1)p(Mi|yt− 1,Xt− 1)

∑k
l=1p(yt|Ml, yt− 1,Xt− 1)p(Ml|yt− 1,Xt− 1)

. (3) 

The most important set of estimated parameters is the posterior inclusion probabilities (PIP) that show how frequently each re-
gressor appears in a model set. Computationally, PIPs are equal to the sum of posterior model probabilities, p(Mi|Xt) of all the models 
that include a specific regressor l at each t; 

P
(
x(l)t

⃒
⃒yt− 1,Xt− 1

)
=

∑k

i=1
p(Mi|yt,Xt)1

(
x(l)t

)
, (4)  

where 1(.) is the indicator function that takes the value of 1 if the regressor l is included in the ith model and 0 otherwise. The second 
metric is the (time-varying) estimates of the regression coefficients. Specifically, we calculate the posterior weighted average estimates 
of βt, which are given by: 

E[βt|yt,Xt] =
∑k

i=1
E
[
βi,t

⃒
⃒yt,Xt

]
p(Mi|yt,Xt). (5) 

Regarding the parameters’ priors, we use Normal prior for β and inverted gamma for K, while for the model prior we use a uniform 
distribution assigning to all models the same probability.3 

4. Results 

Fig. 1 shows how the PIP of each Bitcoin driver varies through time, while Fig. 2 presents the time-varying coefficients for each 
factor.4 Our results from Fig. 1 show that the most important drivers of Bitcoin volatility, which exhibit PIP values typically higher than 
0.5 over time,5 are the Bitcoin Google trends, total circulation, S&P500 index and US consumer confidence. From Fig. 2 we can observe 
that Bitcoin Google trends has a positive impact on the volatility of Bitcoin, while total circulation and US consumer confidence are 
found to affect mostly negatively Bitcoin volatility over the period under examination, although consumer confidence has a more 
moderate effect which dies out after the half of the sample period. Lastly, the S&P500 index has a negative effect which is found 
significant mainly over the last months of the sample. The remaining factors exhibit relatively low PIP values over time and, therefore, 
produce insignificant coefficients, implying that there is no evidence to consider any of these factors as important drivers for Bitcoin 
volatility. The overall findings show that Bitcoin environment, as proxied by total circulation, and market sentiments, as measured by 
Bitcoin Google trends and US consumer confidence, as well as - especially over the more recent months - financial markets (S&P500 

2 For robustness, we experiment with different values of δ as explained in the next section.  
3 The estimation is performed using the ‘eDMA’ package for R of Catania and Nonejad (2018). See Catania and Nonejad (2018) for a detailed 

discussion of the estimation framework of the DMA method.  
4 We use a burnout period of the initial 12-months for the DMA estimation; thus, the results are presented over the period 2011M08-2020M05.  
5 See, for example, Nonejad (2017) for a similar approach regarding the metrics for PIP. 
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index) are the main factors affecting Bitcoin volatility. 
Finally, we estimate various alternative models to check for the robustness of our main results. We employ several different 

specifications with alternative sets of factors, as well as models with different values for the forgetting parameter δ. Fig. 3 shows the 
PIPs and the time-varying coefficients for an alternative specification, which is more parsimonious and includes eighteen drivers.6 We 
observe, from the two panels of Fig. 3, that our main results and conclusions remain qualitatively the same. Furthermore, the results 
continue to remain the same using different values for the forgetting parameter δ. Table 2 reports the correlation coefficients of the 
posterior inclusion probabilities for the main four significant variables. Table 3 presents the correlation coefficients of the time-varying 
estimates of the same variables. In all cases, the correlations are highly positive. 

Fig. 1. DMA results - posterior inclusion probabilites.  

6 In this specification we have used some alternative measures, like miners’ revenue instead of trade volume, geo-political risk index instead of 
economic policy uncertainty, and the US industrial production instead of the world economic activity measure. We have estimated the same 
specification using the initial variables and the findings remain the same. These results can be provided upon request. 
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Fig. 2. DMA results - time-varying coefficients.  
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Fig. 3. Robustness check.  
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5. Conclusion 

This paper considers the importance of twenty-two drivers, suggested in the literature, for the volatility of Bitcoin. We employ a 
DMA approach that accounts for model uncertainty due to the large set of potential determinants. The findings show that most 
important factors for Bitcoin volatility are Bitcoin Google trends, total Bitcoins in circulation, US consumer confidence and the S&P500 
index. 

Authors statement 

All the authors declare that there is no conflict of interest. 

Declaration of Competing Interest 

None 

Data availability 

Data will be made available on request. 

References 

Bariviera, A.F., Merediz-Sola, I., 2021. Where Do we Stand in Cryptocurrencies Economic Research? A Survey Based on Hybrid Analysis. J. Econ. Surv. 0, 1–31. 
Blau, B.M., Griffith, T.G., Whitby, R.J, 2021. Inflation and Bitcoin: A Descriptive Time-Series Analysis. Econ. Lett. 203, 109848. 
Bouri, E., Molnár, P., Azzi, G., Roubaud, D., Hagfors, L.I., 2017. On the Hedge and Safe Haven Properties of Bitcoin: Is it Really More Than a Diversifier? Finance Res. 

Lett. 20, 192–198. 
Catania, L., Nonejad, N., 2018. Dynamic Model Averaging for Practitioners in Economics and Finance: The eDMA Package. J. Stat. Softw. 84, 1–39. 
Corbet, S., Lucey, B.M., Urquhart, A., Yarovaya, L, 2019. Cryptocurrencies as a Financial Asset: A Systematic Analysis. Int. Rev. Financ. Anal. 62, 182–199. 
Demir, E., Gozgor, G., Lau, C.K.M., Vigne, S.A., 2018. Does Economic Policy Uncertainty Predict the Bitcoin Returns? An Empirical Investigation. Finance Res. Lett. 

26, 145–149. 
Fang, L., Bouri, E., Gupta, R., Roubaud, D, 2019. Does Global Economic Uncertainty Matter for the Volatility and Hedging Effectiveness of Bitcoin? Int. Rev. Financ. 

Anal. 61, 29–36. 
Lee, D.K.C., Guo, L., Wang, Y, 2018. Cryptocurrency: A New Investment Opportunity? J. Altern. Invest. 20, 16–40. 
Li, X., Wang, C.Z., 2017. The Technology and Economic Determinants of Cryptocurrency Exchange Rates: The case of Bitcoin. Deci. Supp. Syst. 95, 49–60. 
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