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Spillovers Between Cryptocurrencies and Financial Markets in a Global 

Framework 

 

Abstract: We employ the Bayesian Global Vector Autoregression (BGVAR) model to examine 

the transmission of adverse shocks originating in the cryptocurrency market to global financial 

markets. The analysis shows that these spillover effects are not limited to a specific group of 

countries but are instead global in nature. The results indicate that shocks originating in the 

cryptocurrency market adversely affect stock markets, bond indices, exchange rates, and volatility 

indices. These shocks, while typically moderate in magnitude and short in duration, suggest that 

cryptocurrencies act as mediators of short-term negative shocks. The study also underscores the 

heterogeneous nature of these impacts across different financial markets and countries, 

highlighting the varying sensitivities and responses to cryptocurrency market fluctuations. 

Importantly, this research represents the first application of the GVAR model in the context of the 

cryptocurrency market, to the best of our knowledge. 

 

Keywords: The Bayesian Global Vector Autoregression, Spillover, Cryptocurrencies, Global 

Financial Market. 

 

1. Introduction 

The widespread accessibility of cryptocurrencies facilitates cross-border financial flows, while 

their speed and complexity have enabled swift contagion across markets (Yue et al., 2021; Kurka, 

2019). Despite the significant growth of the cryptocurrency market, it presents substantial risks 

due to its explicit volatility and the behavioral biases associated with it. Governments and central 

banks express concern about the potential impact of cryptocurrencies on established monetary 

systems and centralized policies (Bank for International Settlements, 2018). Consequently, the 

integration of the cryptocurrency market into the global financial ecosystem requires careful 

consideration. This integration challenges the previously held notion of the market's detachment 

from the broader financial system (Kristoufek, 2018; Bariviera et al., 2017), leading to 

investigations into risk spillovers and cross-market contagion effects within the field of systemic 

risk research (Vukovic et al., 2024, Jiang et al., 2022; Hanif et al., 2022; Maiti et al., 2020). 



Regardless of the extensive existing literature examining volatility spillovers, risk 

transmission, and dependencies between cryptocurrency markets and the financial markets of both 

developed and emerging economies (Özer et al., 2024; Özer et al., 2023; Vukovic et al., 2024, 

Elsayed et al., 2022; Jiang et al., 2022; Hanif et al., 2022; Aharon et al., 2021; Yue et al., 2021), a 

comprehensive analysis into risk spillovers between the cryptocurrency market and the global 

economy remains a significant gap in the research. Particularly, studies that adopt a coherent global 

framework encompassing interactions among diverse economies are currently absent. To address 

this gap, this study employs the BGVAR model to explore the interconnections among various 

financial markets. Unlike previous studies (Özer et al., 2024; Li et al., 2023b; Ha & Nham, 2022; 

Hsu et al., 2021; Bouri et al., 2017, 2018), the BGVAR framework allows for the simultaneous 

modeling of multiple financial markets. This approach aims to fill the existing gap by providing a 

comprehensive analysis of cryptocurrency's impact on the financial markets of different countries, 

leveraging the BGVAR model. Furthermore, while the traditional VAR approach effectively 

captures linkages between cryptocurrencies and other financial assets, its limitations become 

apparent when dealing with a large number of variables and lagged variables (Huber & 

Feldkircher, 2016). The BGVAR approach addresses the challenge of high dimensionality by 

deconstructing the complex VARs into interconnected conditional models specific to individual 

countries (Chudik & Pesaran, 2016). 

By employing the systematic approach of the BGVAR, this study utilizes a two-stage 

modeling process to identify cross-country spillovers. Initially, individual country models are 

estimated, which are then aggregated into a global model that interprets the transmission and 

dynamics of shocks (Feldkircher & Huber, 2016). In the subsequent phase, the Bayesian variant 

of the GVAR is applied to enhance the quality of assumption and mitigate overfitting issues 

(Vukovic et al., 2024, Boeck et al., 2022). In addition to contributing to the literature on cross-

country spillover identification, our study aligns with four other research strands. 

First, it introduces a multi-country global framework that explains the interconnections 

between cryptocurrency and financial markets. By leveraging the GVAR model, we provide an 

integrated analysis of these connections, an approach that has been underutilized in previous 

research. To the best of our knowledge, this study is the first to apply the GVAR model (including 

the BGVAR) in the context of cryptocurrency markets. Second, the selected sample period spans 

from 2015 to the end of 2022, encompassing critical phases in the cryptocurrency market's 



evolution, including its inception, the substantial capitalization growth in 2017, and the impact of 

the COVID-19 pandemic. Third, we incorporate not only Bitcoin (Elsayed et al., 2022; Zeng et al., 

2020; Wang et al., 2022; Caporale et al., 2018) but also Ethereum and XRP (Ripple), thereby 

offering a more comprehensive understanding of the cryptocurrency market's behavior (Wang et 

al., 2022). Additionally, we study in detail the impact of cryptocurrency volatility on lesser-studied 

financial markets, including those of Japan, Brazil, the Philippines, the UK, Germany, and India 

(Rehman et al., 2022). This inclusive approach provides a more realistic depiction of global 

spillovers. Lastly, by considering multiple variables for each country, we conduct a comprehensive 

examination of the characteristics of financial markets. Throughout this study, we conscientiously 

address the considerations associated with incorporating cryptocurrency market assets into the 

broader context of global financial spillover effects. 

Our approach significantly enhances the analysis of market spillovers beyond previous 

models by integrating data from numerous economies. This method acknowledges the intricate 

web of connections that connect global financial systems, enabling an examination of both the 

direct and indirect implications of economic shocks. The use of a Bayesian framework strengthens 

the GVAR model by incorporating both prior knowledge and prevailing uncertainties, resulting in 

a more precise and comprehensive understanding of how spillover effects propagate across various 

countries and markets. This approach offers new insights into the mechanisms behind these effects. 

Our research demonstrates that spillover effects from the cryptocurrency market are indeed global, 

utilizing influence on stock markets and exchange rates worldwide. These spillovers are driven by 

the direct and borderless transactions that are characteristic of cryptocurrencies, which can 

potentially trigger rapid contagion across markets. By utilizing the BGVAR model, we carefully 

examine these dynamics, taking into account the interconnectivity of the global financial market 

and the diverse impacts of cryptocurrency market fluctuations. This method is crucial for 

understanding how cryptocurrencies relate to traditional financial assets and the broader financial 

ecosystem, underscoring the necessity of incorporating the cryptocurrency market into 

comprehensive financial risk evaluations. 

Our study aligns with the expanding body of literature that employs the GVAR framework 

to study financial contagion within regional financial markets on a global scale. To our knowledge, 

only a few studies have utilized the BGVAR framework to address global financial issues. The 

study by Vukovic et al. (2024) explores the impact of fintech on financial inclusion and financial 



stability. It highlights how fintech innovations have significantly improved access to financial 

services for underserved populations, thus enhancing financial inclusion. However, the study also 

emphasizes the potential risks to financial stability posed by the rapid and widespread adoption of 

fintech, particularly in environments lacking robust regulatory frameworks. Chudik and Fratzscher 

(2011) examine the channels of global financial contagion during the 2007-2009 crisis, focusing 

particularly on liquidity conditions, credit markets, and the risk revaluation that led investors to 

seek safer assets. Their study employs various indicators, including money market rates, stock 

market indices, the TED spread, and the VIX index, to model regional financial markets. The 

GVAR framework proves instrumental in identifying shocks and their transmission, managing 

analytical complexities, and allowing for the exploration of cross-country disparities in global 

shock transmission under varying liquidity and risk appetite conditions (Chudik & Fratzscher, 

2011). Feldkircher (2014) investigates cross-country differences in the severity of the 2008-2009 

crisis using the Bayesian GVAR framework. Similarly, Galesi and Sgherri (2009) model the 

transmission of financial shocks across 26 European countries and the USA using interbank rates, 

real credit to corporations, equity prices, and GDP. Chen et al. (2010) explore the transmission of 

surges in default risk for banks and non-financial corporations across 30 advanced and emerging 

countries within the global economy. Their study incorporates macroeconomic variables within 

the GVAR framework and uses Expected Default Frequencies from Moody’s KMV Credit Edge 

to proxy bank and corporate default risk. This approach facilitates an integrated analysis of the 

domestic and international impacts of bank and corporate distress propagation while controlling 

for common global shocks and extensive financial exposures worldwide. 

Eickmeier and Nguyen (2019) provide an in-depth analysis of the mechanisms underlying 

US credit supply shocks and their propagation both within the United States and globally. Their 

research integrates real private credit and corporate bond spreads alongside the customary 

macroeconomic variables employed in the GVAR framework, such as GDP, consumer price index, 

and short- and long-term interest rates. Feldkircher and Silkos (2019) utilize Bayesian GVAR to 

investigate global inflation dynamics and the factors influencing inflation expectations. 

Additionally, Dees et al. (2007), Kempa and Khan (2017), and Sun et al. (2013) explore 

international linkages, interdependencies, and spillover effects within the Euro area. Ong and Sato 

(2018) analyze the implications of regional and global shocks as drivers of economic and financial 

integration in Asia. Furthermore, Samargandi et al. (2020) and Gurara and Ncube (2013) examine 



financial integration, contagion, and the impact of equity market and money supply spillovers on 

economic growth in BRICS economies. While these studies provide valuable insights, our 

approach offers a distinctive perspective by examining the financial contagion of cryptocurrencies 

on a global scale, thereby setting it apart from previous research. 

In the initial phase of our empirical strategy, the first step involves estimating VAR models 

specific to individual countries within the broader global context. Our model encompasses eight 

cross-sectional entities, each corresponding to a distinct country. These entities include 

endogenous variables that concern domestic financial data, as well as an exogenous variable set 

representing foreign variables, specifically data from the cryptocurrency market. Afterward, in the 

second step of our approach, we integrate the individual country-specific models into a unified 

GVAR model. During this phase, we introduce weighting parameters for the foreign variables 

within the GVAR framework. These weightings are determined based on a sophisticated and 

contextually appropriate scheme, which considers the total portfolio investment asset positions of 

each country. These positions include equity and debt instruments held within the financial markets 

of other countries, as detailed in the work of Eickmeier and Ng (2015). This approach is 

instrumental in enhancing the overall fit of our model and improving the accuracy of estimation. 

In the subsequent phase of our empirical strategy, we employ Bayesian shrinkage priors 

within the GVAR model to mitigate the risks associated with overfitting and numerical instability, 

as proposed by Vukovic et al. (2024) and Boeck et al. (2022). Furthermore, we define prior 

distributions for all model parameters at the individual entity level, following the methodology 

outlined by Koop and Korobilis (2010). These priors represent the spectrum of uncertainty around 

a prior mean, which we then update with sample data to derive posterior probability distributions. 

These posterior distributions are subsequently used for statistical inference. This phase also 

necessitates the incorporation of stochastic volatility specifications into our model, given the 

inherent volatility present in the cryptocurrency market and the observed increase in volatility 

across various countries, as documented by Huber (2016). To address this, we employ flexible 

specifications for the variance-covariance matrix. This choice is motivated by the recognition that 

including time-varying residuals enhances the overall quality of the model. As a result, we avoid 

using a fixed covariance matrix for the error term component, setting our study apart from the 

approach adopted by Pesaran et al. (2004). Throughout our study, we explicitly ensure that all 

variables within the system are either stationary or exhibit a long-term relationship among them. 



In this phase, we employ the Augmented Dickey-Fuller (ADF) test to determine the presence of a 

unit root, which indicates non-stationarity at the level of the variables. We employ logarithmic 

returns for all variables, except for the interest rate, where the first differences method is applied. 

This step is crucial for the application of the GVAR model, particularly since variables often 

exhibit cointegration, as noted by Pesaran et al. (2004). 

The final phase of our empirical strategy involves model validation and selection. Initially, 

we employ Stochastic Search Variable Selection (SSVS), Normal Gamma, and Minnesota priors 

to ensure 100% model stability. These selected priors are specifically designed to constrain the 

absolute values of eigenvalues, preventing them from exceeding unity, as recommended by Chudik 

and Pesaran (2016). This constraint is crucial for maintaining the stability of our model. Next, we 

utilize the Deviance Information Criterion (DIC) to determine the optimal lag structures for the 

variables. The DIC, a Bayesian adaptation and extension of the Akaike Information Criterion 

(AIC), aims to balance model accuracy with complexity. Following this, we assess the model's 

performance through an out-of-sample evaluation, conducting a forecasting exercise based on log-

predictive scores (LPS). This approach enables us to identify the model with the lowest DIC value 

and the highest LPS score, facilitating the development of a balanced model that combines 

accuracy with simplicity while ensuring robust forecasting capabilities. 

In the latter part of this phase, we employ the Lagrange Multiplier (LM) test to examine 

the presence of autocorrelation in the time series data. After conducting multiple trials with 

different lag structures, we select a Minnesota prior and a lag of 6, which effectively eliminates 

autocorrelation in the time series data. This approach distinguishes our work from most GVAR 

studies, which often encounter issues with autocorrelation. Finally, we apply Geweke's 

convergence diagnostics for the Markov Chain Monte Carlo (MCMC) process to verify whether 

the posterior distribution has effectively converged to its intended target distribution. Our analysis 

indicates that only 21% of the variables' z-values exceed the threshold of 1.96, signifying 

convergence for most of the variables. This comprehensive validation process ensures that our 

model is both stable and reliable, setting it apart in its ability to accurately forecast and analyze 

global financial dynamics. 

Our findings demonstrate significant adverse volatility spillover effects from the 

cryptocurrency market to financial markets across various regions, including North America, 

South America, Europe, and the combined areas of South Asia, East Asia, and Southeast Asia. 



Notably, these spillover effects are not limited to specific countries but demonstrate a truly global 

reach. The results indicate that shocks originating in the cryptocurrency market—characterized by 

moderate magnitude and short duration—negatively impact stock markets, encompassing both 

equity and volatility indices, as well as foreign exchange rates in numerous nations. This study 

provides new insights into the duration, cross-market dynamics, heterogeneity among countries, 

and policy implications of these effects, thereby enriching the understanding of the complex 

interactions between cryptocurrency markets and traditional financial systems. 

 

2. Empirical Design 

2.1. The GVAR model specification 

 

As proposed by Pesaran et al. (2004), the GVAR approach offers an effective means of modeling 

complex multidimensional systems, such as the global economy (Vukovic et al., 2024; Zahedi et 

al., 2022). The GVAR framework is particularly well-suited for examining how various countries 

respond to external shocks, as it captures trade and financial interactions alongside other country-

specific characteristics. This capability is crucial for analyzing the transmission of both local and 

global shocks. Recognized as one of the most robust frameworks available, the GVAR approach 

allows for the modeling of international shock spillovers across a broad panel of economies while 

simultaneously accounting for a multitude of macroeconomic factors unique to each economy 

(Samargandi et al., 2020). The GVAR framework can be summarized as a two-step approach. 

 

2.2 Individual country models: VARX* specification 

In the initial step, we estimate country-specific VAR models, denoted as VARX*, conditionally on 

the global context. Our model consists of eight cross-sectional entities, each corresponding to an 

individual country, represented as i = 1,..., N. These individual models encompass 𝑝𝑖 lags of 

endogenous variables (domestic variables) and 𝑞𝑖 lags of the exogenous variable set (foreign 

variables). Equation 1 represents the local model: 

 

𝑥𝑖,𝑡 = 𝑎𝑖 + ∑ 𝜑𝑖,𝑗𝑥𝑖,𝑡−𝑗
𝑝𝑖
𝑗=1 + ∑ 𝜇𝑖,𝑙𝑦𝑖,𝑡−𝑙 + 𝜖𝑖𝑡

𝑞𝑖
𝑙=1       (1) 



Where 𝑥𝑖,𝑡 is a vector of endogenous variables, 𝑦𝑖,𝑡−𝑙 is a vector of weakly exogenous foreign 

variables and 𝜖𝑖𝑡 is an error term vector. 𝑎𝑖 denotes the coefficient of the intercept term, 𝜑𝑖,𝑗 is a 

matrix of dynamic coefficients of the lagged endogenous variables in entity i, and 𝜇𝑖,𝑙 is a foreign 

variable coefficient matrix of matching size. 

The equation for foreign variables (𝑦𝑖,𝑡−𝑙) is defined in Equation 2, following: 

 

𝑦𝑖,𝑡 = ∑ 𝜔𝑖,𝑗𝑥𝑗,𝑡
𝑁
𝑗=1       (2) 

Here, 𝜔𝑖,𝑗 denotes a matrix of entity-specific weights that are non-negative and collectively sum 

to one, as specified by Chudik and Pesaran (2016). Consequently, foreign variables are integrated 

into Equation 1 through weighted cross-sectional averages. These averages are computed using a 

weight matrix designed to capture the desired cross-sectional interactions with respect to domestic 

variables. In the context of country-specific models, foreign variables are treated as exogenous, 

allowing for the estimation of the models' unknown parameters. This assumption of weak 

exogeneity is underlain by the limited impact of smaller economies on the global economy, as 

underscored by Dees et al. (2007). 

 

2.3 The global model 

 

In the second step, we integrate the entity specific VARX* models and arrange them into the global 

model, which is subsequently expressed in the following form: 

 

𝑀𝑥𝑡
 =  𝛼0  +  ∑ 𝐻𝑚𝑥𝑡−𝑚  + 𝜀𝑡

𝑁
𝑚      (3) 

 

Where 𝑀𝑥𝑡
  is a K x K dimensional matrix establishing simultaneous relationships between the 

entities, 𝛼0  is a k-dimensional vector of the constant, 𝐻𝑚 is a k-dimensional vector of global 

coefficient matrix. and 𝜀𝑡 is a global vector error term (Chudik & Pesaran, 2016). 

 

2.4 Weights in foreign variables construction 

 



The incorporation of weights on foreign variables within the GVAR framework quantifies the 

extent to which each economy or region depends on its interconnectedness with other economies. 

This inclusion of weights in the primary equation establishes a comprehensive framework that 

interlinks all participating economies. The connection between domestic and foreign variables is 

facilitated through these weights, which are constructed based on external data sources, as 

emphasized by Gross (2013). In the context of GVAR modeling, the selection of data for weight 

construction is determined by the specific focus of the application. For instance, when examining 

macroeconomic aggregates such as inflation, GDP, and monetary policy variables, trade data is 

often used for weight calculation. In contrast, when the GVAR is applied in financial contexts, the 

weighting scheme may include financial asset exposures, such as direct investments, portfolio 

debt, and portfolio equity (Gross, 2013). This tailored approach to weight selection ensures that 

the model accurately reflects the relevant economic or financial interdependencies, thereby 

enhancing the robustness of the analysis.  

For instance, Eickmeier and Ng (2015) employ different assumptions concerning the 

mutual exposures of countries, testing various weight matrices that considered portfolio 

investment positions, direct investments, banking claims, trade volume, and other relevant 

channels. Likewise, Chen et al. (2010) utilize trade weights and currency exposure measures 

derived from bilateral financial asset positions. Consistent findings from existing research 

highlight that employing more sophisticated and context-appropriate weighting schemes results in 

enhanced data representation, thereby improving model fit and estimation accuracy. To capture 

linkages between regional financial markets, we adopt the weighting scheme proposed by 

Eickmeier and Ng (2015). This scheme utilizes data from the IMF Coordinated Portfolio 

Investment Survey - CIPS (IMF, 2024), which provides comprehensive information on each 

country's total portfolio investment asset positions, encompassing both equity (investments in 

shares and other equity) and debt instruments (investments in bonds, notes, and money market 

instruments) within the financial markets of other countries. We have collected data on equity and 

debt instruments from the International Monetary Fund website, covering the period from 2017 to 

2022 for each country (IMF, 2024). 

The CPIS provides detailed data on the holdings of portfolio investment securities, 

categorized by country and type of security. This data is invaluable for determining these weights, 

as it offers a detailed breakdown of cross-border portfolio investments, which is essential for 



understanding the financial linkages between countries. The weights thus reflect the relative 

importance of each foreign country’s securities within the investment portfolio of residents from 

another country, providing critical insights into global investment patterns and financial 

interconnectedness. This approach not only captures the depth of financial relationships but also 

enhances the accuracy of models that rely on such weights to understand the dynamics of 

international markets1.  

 

---- TABLE 1 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

The constructed weights offer valuable insights into the varying levels of importance that different 

countries' financial markets hold on the global stage. The substantial weight assigned to the United 

States underscores its significant role and influence within the global financial landscape. In 

contrast, the relatively lower weights attributed to markets such as India, Brazil, and the 

Philippines highlight their comparatively limited impact on the broader global financial system. 

The use of these weights to construct country-specific foreign variables is a fundamental aspect of 

the GVAR framework's methodology. This approach facilitates the modeling of how fluctuations 

in financial indices from other countries can affect domestic economies. By incorporating foreign 

variables, the GVAR model is adept at capturing the intricate linkages and interdependencies 

among countries within the global market. This mechanism is crucial for analyzing how shocks 

and changes in one country's financial system can propagate across borders, thereby contributing 

to a comprehensive understanding of global financial dynamics. 

 

2.5 Introduction of Bayesian approach to GVAR: Priors over Parameters 

While the two-step approach of the GVAR framework significantly reduces the number of 

parameters requiring estimation, the inclusion of weakly exogenous variables and time lags can 

 
1 For instance, the weight from the US to the UK (0.323474) represents the proportion of US portfolio investments in 

UK securities relative to the total foreign portfolio investments made by US residents. The CPIS would provide the 

specific value of US investments in UK equities and debt securities. Conversely, the weight from the UK to the US 

(0.776002) similarly reflects the proportion of UK portfolio investments in US securities. CPIS data would further 

categorize these holdings by type, such as equity and debt. Please refer to Table 1 for a visual representation of the 

resulting weights. 



still result in a large number of variables. This situation indicates risks of overfitting and numerical 

instability, as noted by Boeck et al. (2022). In the Bayesian variant of the GVAR framework, the 

structure is enhanced by the integration of Bayesian shrinkage priors, which improves the 

efficiency and accuracy of model estimation and inference through additional parameter shrinkage. 

Shrinkage techniques help mitigate the challenges of over-parameterization by requiring 

constraints on parameters or by shrinking them toward zero (Koop and Korobilis, 2010). The 

process of parameter shrinkage is guided by prior probability distribution functions, with these 

priors, including their mean and variance, being incorporated into the model parameters. 

Afterward, we specify prior distributions for all parameters at the individual entity level, 

in line with the approach proposed by Koop and Korobilis (2010). These prior probability 

distribution functions, commonly referred to as priors, encapsulate the uncertainty surrounding a 

prior mean. We then update these priors with sample data to derive posterior probability 

distributions, which are subsequently used for inference. For this process, we employ the R 

programming language and the BGVAR package, which offers the flexibility to apply various 

priors. These include the Minnesota, Normal-Gamma, and SSVS priors, each introducing the 

shrinkage process in distinct ways. Despite their differences, all these priors incorporate the 

concept of non-stationary variables following a random walk process a priori, as described by 

Boeck et al. (2022).  

 

2.6 Stochastic volatility 

 

We incorporate stochastic volatility specifications into our model due to the inherent volatility of 

the cryptocurrency market and the overall increase in volatility observed in industrialized 

economies (as noted by Huber, 2016). We find that assuming a fixed covariance matrix for the 

error term component of the model is inadequate, particularly when dealing with rapidly changing 

financial variables that may exhibit unexpected shifts in volatility and volatility clustering, as 

highlighted by Dovern et al. (2016). Traditional VAR models may fail to capture the dynamics of 

volatility, potentially leading to suboptimal estimations (Vukovic et al., 2024; Huber, 2016). While 

Pesaran et al. (2004) establish the assumption of a constant error term variance as one of the 

foundational premises of the GVAR framework, our model addresses the potential presence of 

heteroscedasticity by adopting more flexible specifications for the variance-covariance matrix. 



Moreover, the inclusion of time-varying residuals enhances the overall quality of the model, 

following the recommendations of Huber (2016). 

 

3. Data and VARX setup 

 

3.1 Data and Sample 

 

In this phase, we concentrate on selecting countries and identifying key variables critical for 

modeling local financial markets within the BGVAR framework. The inclusion of countries is 

determined by two primary criteria: (1) stock market capitalizations, and (2) the level of 

involvement with cryptocurrencies, both based on 2022 rankings. By including countries from 

different regions, this approach ensures a comprehensive representation of the global financial 

landscape, enabling the observation of varied economic behaviors. We selected countries from four 

major regions: North America, South America, Europe, and the combined regions of South Asia, 

East Asia, and Southeast Asia. This geographical diversity allows us to study distinct economic 

dynamics and investment patterns, ensuring that our sample includes some of the largest and most 

influential financial markets globally. For example, the USA, Japan, the UK, and China are 

included due to their significant stock market capitalizations, while Brazil and the Philippines are 

selected based on their high rankings in the Global Crypto Adoption Index (GCAI) (Chainalysis, 

2023). This balanced selection provides a thorough analysis of both traditional and emerging 

financial markets. 

 

---- TABLE 2 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

To comprehensively capture the modes of shock transmission and potential contagion effects 

between traditional financial and cryptocurrency markets, we incorporate measurement indicators 

that represent various aspects of financial markets in the selected countries. These indicators 

include variables from the currency market, capital market, exchange rate market, and a proxy for 

financial risk. Specifically, the one-month interbank offered rate is utilized as a proxy for the 

balance of capital supply and demand in the banking system (Cao & Xie, 2022). The capital market 

is represented through major stock market indices for each country, as recommended by Chudik 



and Fratzscher (2011), with indices denominated in local currency to maintain consistency with 

currency market rates and avoid variations due to exchange rate fluctuations. Bond markets are 

included through aggregate bond indices, which reflect the performance of publicly issued 

investment-grade debt, including corporate and government bonds. 

To account for financial market risks, we incorporate volatility indices specific to each 

country, allowing us to track the impact of shocks from the cryptocurrency market on investor risk 

appetite. For countries like the UK, China, and the Philippines, where volatility indices were 

initially unavailable, we estimated these indices using the GARCH (Generalized Autoregressive 

Conditional Heteroscedasticity) methodology. For this calculation, we used historical stock data 

from the FTSE 100, SSE Composite, and PSEI indices, collected for the period from September 

1, 2015, to December 31, 2022, from the Yahoo Finance database. GARCH models are well-

regarded for their ability to estimate and forecast financial market volatility, as they effectively 

capture the persistence of volatility shocks (Engle & Patton, 2001). 

The exchange rate market is represented by the exchange rates of each country's local 

currency against the US dollar, apart from the US. The inherent flexibility of the BGVAR model 

allows for the inclusion of varying sets of variables while simultaneously estimating global 

interdependencies through shared factors or common stochastic trends. This adaptability enables 

the model to incorporate relevant variables for each country based on data availability and 

contextual relevance, ensuring the preservation of a coherent global model structure (Cuaresma et 

al., 2016; Huber, 2016; Huber & Feldkircher, 2016). 

The dataset covers the period from September 1, 2015, to December 31, 2022, aligning 

with the commencement of Ethereum trading. We use daily frequency data to maintain the 

necessary balance required by the BGVAR model, resulting in 1,811 observations per variable 

after data processing. Descriptive statistics for all markets, before (tables 3.1 – 3.8) and after 

(tables 3.9 – 3.16) data transformation, are provided in Appendix 1.  

 

---- TABLE 4 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

Following the suggestions of Zhang et al. (2021), we introduce Ethereum and Ripple (XRP) 

alongside Bitcoin in the subsequent phase. The selection of Bitcoin, Ethereum, and XRP is based 

on their market capitalizations, substantial trading volumes, ease of purchase, and strong reputation 



within the cryptocurrency field. Tables 5 and 6 illustrate the positioning of these cryptocurrencies 

within the global market, as measured by CoinMarketCap (2023). 

 

---- TABLE 5 SHOULD BE PLACED NEAR THIS SECTION ---- 

---- TABLE 6 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

3.2 Stationarity and normality 

 

One of the fundamental assumptions of the GVAR modeling is that all variables in the system are 

either stationary or exhibit a long-term relationship among them, implying cointegration, as 

proposed by Pesaran et al. (2004). In the next step, we utilize the ADF test to ascertain the presence 

of a unit root. The results of this test (Table 7) indicate that the variables displayed non-stationarity 

at the level. Consequently, we proceed to make all variables stationary by employing two 

approaches to data transformation. First, we transform exchange rates, stock markets, bonds, and 

volatility using the following expression: 

 

𝑟𝑡 = 𝑙𝑛(𝑥𝑡) − 𝑙𝑛(𝑥𝑡−1)     (4) 

 

Thus, 𝑟𝑡 is the logarithmic return of variable 𝑥𝑡. Second, we apply the first differencing method to 

interbank offered rate variables for all countries, transforming the data according to the following 

expression: 

∆𝑥𝑡 =  𝑥𝑡 − 𝑥𝑡−1     (5) 

Where,  ∆𝑥𝑡 is the first difference of time series at time t, which is simply the change in the rate 

from the previous period t−1 to the current period t. 

 

The table 7 demonstrates the p-values of ADF test for each time series for its level and transformed 

values. 

---- TABLE 7 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

At the initial stage, most variables exhibited non-stationarity, with exceptions being the stock 

market indices of the UK and China, all available volatility indices, and China’s money market 



rate. However, following data transformation, it was observed that all variables now satisfy the 

stationarity requirement. The next step involves assessing whether the transformed data adhere to 

a normal distribution, a critical assumption within the applied modeling framework. Quantile-

quantile plots for the US variables (Figure 1) and cryptocurrencies (Figure 2) provide a visual 

representation of value distribution. Although only a selection of figures is presented here for 

brevity, it is important to note that the distributions of all variables exhibit similar characteristics, 

supporting the assumption of normality (see Appendix 2, Figures 3.1-3.7). Notably, the Minnesota 

prior, one of the priors to be tested in the subsequent analysis, is recognized for its robustness to 

outliers. This robustness is achieved by incorporating data variability into the estimation of both 

the mean and covariance matrix, as highlighted by Boeck et al. (2022). 

 

---- FIGURE 1 SHOULD BE PLACED NEAR THIS SECTION ---- 

---- FIGURE 2 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

3.3 Individual Country Models: VARX* Configuration 

 

All country VARX models, with the exception of the US model, incorporate a set of endogenous 

variables where available. These variables include major stock market index prices (eq), aggregate 

bond index prices (bd), overnight interbank rates (ir), volatility index prices (vx), and bilateral 

exchange rates against the US dollar (fx). Additionally, all country models include foreign 

aggregates, and for non-US models, cryptocurrency prices are introduced as weakly exogenous 

variables. In contrast, within the US model, cryptocurrency price variables are determined 

endogenously, following the methodology proposed by Dees et al. (2007), Pesaran et al. (2004), 

Chudik et al. (2014) and Vukovic et al. (2024). 

Dees et al. (2007) demonstrate that including oil prices as endogenous variables in the US 

model enhances model quality, allowing for the influence of global variables on oil prices and 

underscoring the dominance of the US financial market, as reflected in the weights table provided 

in the weight calculation section. This approach aligns with the objectives of this research. 

Previous studies (Jiang et al., 2022; Hanif et al., 2022; Kristoufek, 2018; Bariviera et al., 2017) 

have shown that the cryptocurrency market is influenced by global financial markets, exhibiting a 



variable and time-dependent correlation with traditional financial assets. Table 8 provides an 

overview of the variables included in the models. 

 

---- TABLE 8 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

4. Model Evaluation and Selection 

 

4.1 Model Validation 

 

We begin our model specification by following a series of methodical steps. First, we identify the 

most appropriate prior specification that offers the best in-sample fit for the estimated model. 

According to Chudik and Pesaran (2016), the dynamic properties of the model are determined by 

eigenvalues, which indicate the number of cointegrating vectors in the stacked GVAR model. If 

the absolute values of these eigenvalues significantly exceed unity, the model is considered 

unstable (Chudik & Pesaran, 2016). During the estimation process, any unstable draws are 

discarded, and we report the number of stable posterior draws upon completing the model 

calculations. Our model is estimated using three different priors: SSVS, Normal Gamma, and 

Minnesota. All three priors result in a 100% stable model, with eigenvalues remaining within the 

unit circle. 

In the next step, we determine the optimal lags for both domestic (endogenous) and foreign 

(weakly exogenous) variables by adhering to the Bayesian GVAR methodology outlined by Boeck 

et al. (2022). In GVAR modeling, the evaluation of model quality is typically based on information 

criteria, with scholars often employing the AIC, Schwarz Criterion, or a combination of both to 

assess GVAR model performance (Dees et al., 2007; Eickmeier & Ng, 2015; Vukovic et al., 2024). 

In our study, we utilize the DIC, a Bayesian variant and extension of the AIC that relies on the 

posterior distribution of the log-likelihood (deviance). The DIC balances model accuracy and 

complexity (Berg et al., 2004), consisting of two components: a goodness-of-fit term and a penalty 

term. The penalty term accounts for model complexity, quantified as the effective number of 

parameters, calculated as the difference between the posterior mean of deviance and the deviance 

computed at the posterior mean of parameters (Berg et al., 2004). The goodness-of-fit term 

corresponds to the Bayesian measure of model fit, defined as the posterior expectation of the 



deviance, essentially -2 times the log-likelihood. A smaller estimated DIC indicates a superior 

overall model fit. 

Following this, we assess the model's performance through an out-of-sample evaluation by 

conducting a forecasting exercise. This involves partitioning the dataset into training and testing 

subsets, constructing the model, and generating dynamic predictions using the estimated 

coefficients. To validate our forecasts, we reserve ten percent of the dataset for testing purposes. 

Predictive performance is evaluated using the LPS, a widely applied metric known for being a 

proper scoring rule, as emphasized by Dovern et al. (2016). The LPS is computed based on the 

predictive likelihood, derived from the predictive density evaluated at the actual value of a variable 

vector observed at time t, along with the forecast horizon. The model's ability to forecast the vector 

of a variable with a given forecast horizon directly influences the LPS (McAdam & Warne, 2020). 

Our objective is to identify the model with the lowest DIC value and the highest LPS score, 

ensuring a balance between model accuracy and complexity while maintaining robust forecasting 

capabilities. For a detailed overview of DIC values and LPS scores across various model setups, 

including different lag values and applied priors, please refer to Table 9. 

 

---- TABLE 9 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

In the existing GVAR literature (e.g., Chudik & Fratzscher, 2011; Feldkircher, 2014), scholars 

commonly utilize lag values of 1 or 2 for both domestic and foreign variables, primarily because 

their analyses are often based on quarterly frequency data. However, our GVAR implementation 

differs, as we employ daily frequency data, which is inherently more volatile and contains more 

noise compared to lower-frequency data. Consequently, we consider the use of larger lag values in 

our specific context. 

As shown in Table 9, both the LPS and DIC values display remarkable similarity across 

most model setups. The Minnesota prior, with a lag of 6, yields the highest DIC value, and 

correspondingly, its LPS is also among the top scores across all setups. The maximum lag applied 

is 8, with models generally performing less effectively beyond a lag of 6. The Minnesota prior 

with lags of 5 and 7 also produces the second-largest DIC values. While the SSVS prior yields a 

comparable DIC value, its LPS is inferior to that of the Minnesota prior. However, it is important 

to consider additional model selection criteria beyond DIC and LPS, including model diagnostics 



and inference robustness (Berg et al., 2002), which will be addressed through supplementary tests 

in the following section. 

 

4.2 Model Diagnostics: Convergence Properties of the Markov Chain Monte Carlo (MCMC) 

algorithm and residuals  

 

4.2.1 First Order Autocorrelation 

 

In this phase, we utilize the F-test, specifically the LM statistic, a widely recognized tool for 

assessing the presence of autocorrelation in time series data. Our analysis centers on examining 

the residuals in each unit model, with the null hypothesis of the LM test asserting the absence of 

autocorrelation within these residuals, as outlined by Vukovic et al. (2024) and Boeck et al. (2020). 

Conducting this test is a critical step in determining whether autocorrelation is present in the 

residuals and evaluating its potential impact on the overall model's integrity and robustness. 

Upon performing the LM test, our results indicated that the initially favored model 

configurations, particularly the one employing the Minnesota prior with a lag of 6, produced 

satisfactory outcomes. To provide a comprehensive overview of the results, Table 10 presents the 

distribution of p-values for the model variables, categorized by their significance levels. This 

analysis is essential in identifying variables that may exhibit autocorrelation in their residuals and 

contributes to the decision-making process regarding the configuration and reliability of the chosen 

model. 

 

---- TABLE 10 SHOULD BE PLACED NEAR THIS SECTION ---- 

The analysis reveals that at the 5% significance level, the null hypothesis was rejected for 19 

variables. It is important to note that most variables included in the model did not exhibit 

significant autocorrelation within their residuals. 

 

4.2.2. Convergence Diagnostics and Model stability 

 



The first step in this phase involves examining the convergence properties of the MCMC chain. 

We employ Geweke's convergence diagnostics, a method that compares the mean of the samples 

taken from the end of the MCMC chain with the mean of the samples taken at the beginning, using 

a z-like statistic. The objective is to determine whether the posterior distribution has converged to 

its intended target distribution. If these two means are equal, it suggests that the samples are 

derived from the chain's stationary distribution. Consequently, Geweke's statistic approximates a 

standard normal distribution as the chain length approaches infinity. In our model, 21% of the 

variables have z-values exceeding the threshold of 1.96, indicating convergence for most variables. 

The selected model configuration, which utilizes a Minnesota prior and 6 lags, produces a stable 

model. Notably, all estimated eigenvalues (from a total of 6,000 draws) are within the unit circle, 

ensuring that they are less than 1. Furthermore, the largest eigenvalue in the model is 0.8869. 

 

4.2.3 Average Pairwise Cross-Unit Correlation of Unit-Model Residuals 

 

In GVAR modeling, significant correlations among the residuals of distinct units suggest the 

presence of shared factors influencing the dynamics of variables across these units. Such 

correlations can complicate the estimation and interpretation of the GVAR model, potentially 

leading to biased coefficient estimates and inflated standard errors, which, in turn, affect the 

efficiency and precision of impulse response analysis (Dees et al., 2007). To mitigate this issue, 

incorporating foreign variables into the system is recommended, as it helps absorb cross-sectional 

residual dependence, thereby reducing residual correlations (Dees et al., 2007). By computing the 

average pairwise cross-unit correlation of unit-model residuals, it is possible to evaluate the 

assumption of weak exogeneity. Table 11 presents the number of variables and their respective 

proportions out of the total variables, along with the corresponding correlation values. As 

observed, the cross-unit correlation of residuals in the estimated model is notably low. 

 

---- TABLE 11 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

5. Main Results 

 

5.1 Impulse Response Functions 



 

We conduct a structural analysis using Generalized Impulse Response Functions (GIRF) as 

outlined by Dees et al. (2007). This approach introduces shocks to individual errors and 

incorporates the observed distribution of all shocks without requiring orthogonalization (Dees et 

al., 2007). To assess the time profile and magnitude of shocks, we examine the effects of various 

10% negative shocks to Bitcoin, Ethereum, and XRP across different financial market segments in 

selected countries. A 10% shock is selected due to the inherent volatility of the cryptocurrency 

market, where smaller 1% shocks occur more frequently. Our discussion primarily focuses on the 

period 6 to 8 days following the shock, while longer horizons are presented visually to aid in the 

analysis of convergence. 

Each figure illustrates the posterior median response (solid black line) along with credible 

intervals, which are obtained through posterior simulations and quantify the degree of certainty 

using Bayesian analysis. We employ 95% and 90% credible intervals, with the narrower 90% 

interval offering a more precise estimate. In the figures, the 95% interval is shaded light grey, and 

the 90% interval is shaded dark grey. A red horizontal line marks the variable's pre-shock level, 

serving as a reference point for interpreting the impulse response. Additionally, Cumulative 

Impulse Response figures illustrate the accumulated effect of the shock over a specified period. 

Since the modeling utilizes log data, it is necessary to transform the impulse response 

values to understand the actual impact of the shock on cryptocurrency price levels and the price 

levels of the investigated indices. The transformation is performed according to the following 

expressions: 

 

Δ𝑙𝑛 (
𝑦𝑡+1

𝑦𝑡
) =  𝛽(𝛥𝑙𝑛 (

𝑥𝑡+1

𝑥𝑡
))      (6) 

𝑦𝑡+1

𝑦𝑡
= 𝑒

 𝛽(𝛥𝑙𝑛 (
𝑥𝑡+1

𝑥𝑡
)) 

     (7) 

𝑦𝑡+1

𝑦𝑡
= (

𝑥𝑡+1

𝑥𝑡
)𝛽     (8) 

 

Here, 𝑦𝑡 represents the price level of the cryptocurrency at time t, and 𝑥𝑡 represents the price level 

of market variable that experiences the shock at time t, with β being the estimated coefficient 

indicating the responsiveness of y to changes in x. Equation (5) describes the relationship through 

logarithmic differences (log returns), demonstrating how the log return of y corresponds to the log 



transformation of x. Equation (6) transforms this relationship back to the original scale by 

employing the exponential function. Equation (7) illustrates the relationship as a power function, 

indicating that the ratio of y levels is proportional to the ratio of x levels raised to the power of β. 

For the interest rate market variable, the corresponding expression utilizes first differencing:: 

∆𝑦𝑡 = 𝛽∆𝑥𝑡, for 𝑦𝑡+1 = 𝑦𝑡+ β(𝑥𝑡+1- 𝑥𝑡), where the relationship as a power function is given by 

𝑦𝑡+1 = 𝑦𝑡 (1 + 𝛽
𝑥𝑡+1

𝑥𝑡
).       

 

When analyzing impulse responses, we categorize the outcomes based on the response magnitude 

and the statistical significance of the findings. In Impulse Response Function (IRF) plots, a 

statistically significant response is identified when the credible intervals do not include the 

reference level (zero). Conversely, a response is considered statistically insignificant if the credible 

intervals encompass zero at a specific period. This method enables us to clearly differentiate 

between statistically significant and insignificant responses. 

 

5.2 Impulse responses of moderate magnitude 

 

Figure 4 illustrates that the responses of stock market indices follow a consistent pattern, with all 

indices presenting a negative reaction to a decline in Bitcoin returns. A 10% negative shock to 

Bitcoin price growth immediately induces a negative impact on the growth rates of equity indices 

in the USA, UK, Brazil, Germany, and Japan. This effect dissolves entirely after 8 days for all 

indices. The indices for the US, Brazil, UK, and Germany quickly get back to their initial levels, 

typically within 1 to 2 days. Notably, the Brazil index experiences an additional positive effect on 

the first day following the impact. In contrast, the decline in returns of the Japanese stock index 

intensifies on the first day after the shock, resulting in an almost 2% decrease in the returns of the 

Nikkei 225 when translated to price levels. Additionally, by day 7 post-shock, the Japanese stock 

index shows a further decrease in returns. 

 

---- FIGURE 4 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

Similarly, China, India, and the Philippines also experience a negative volatility spillover from the 

Bitcoin market, albeit with a minimal effect at period zero. However, this effect intensifies on day 



1 before diminishing and returning to baseline levels. Notably, India's index exhibits the weakest 

response to the shock in Bitcoin returns, with statistically significant effects observed at periods 1, 

2, and 6. As seen with the first group of countries, the negative impact diminishes around the 8th 

period. The most evident statistically significant negative impact is observed in the US, Brazil, and 

Germany equity indices, with growth rates decreasing by 0.22% in the US and Brazil, and 0.24% 

in Germany. When translated to price levels, a 10% reduction in Bitcoin price leads to a 2% 

decrease in the S&P 500 (US) and BOVESPA (Brazil) indices, and a 3.7% decrease in the DAX 

index. The same shock applied to Bitcoin price results in a smaller response for the FTSE 100 

(UK) index, which decreases by 0.93%. 

In Figure 5, we examine the cumulative effect of the negative shock to Bitcoin returns. All 

countries experience a negative volatility spillover that impacts their respective equity indices, 

with effects emerging in the initial days following the shock. Statistically significant effects are 

observed in the US, the UK, Japan, Germany, and Brazil. The cumulative effect of a 10% decrease 

in Bitcoin price results in a 2.5% cumulative reduction in S&P 500 prices, a 1.9% cumulative 

decrease in Nikkei 225 prices, a 2.7% decrease in DAX returns, and a 1.8% decrease in FTSE 100 

returns. The smallest cumulative effects are noted in China (-1.27%), India (-0.95%), and the 

Philippines (-0.53%); however, these effects lack statistical significance for most of the periods. 

 

---- FIGURE 5 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

The volatility spillover resulting from a 10% reduction in Ethereum's growth rate displays distinct 

effects compared to the impact of a similar decrease in Bitcoin returns, as illustrated in Figure 6. 

The magnitude of the response to a 10% decrease in Ethereum returns is especially smaller than 

that observed with Bitcoin. The responses of the UK and Germany indices are statistically 

insignificant throughout the entire period. Conversely, a positive response is observed upon impact 

for the stock indices of the US, India, Japan, and Brazil. When translated to price levels, a 10% 

decrease in Ethereum price results in an immediate increase of 0.39% in the S&P 500 and a 0.7% 

increase in the NIFTY index. India's stock index also shows a positive, statistically significant 

reaction on day 3, leading to an approximately 0.5% increase in returns. Similarly, the Japanese 

stock index shows a positive response on days 3 and 5, with a magnitude similar to the initial 

impact. A lagged reaction is observed for the stock indices of Brazil and the Philippines, where no 



statistically significant reaction is noted upon impact. Notably, the returns of Bovespa (Brazil) 

respond most strongly to a 10% decrease in Ethereum returns, translating to a 0.7% increase in 

returns on day 1. In contrast, an opposite reaction of the same magnitude is observed for the PSEi 

(Philippines), with returns decreasing by 0.7% on day 4. 

 

---- FIGURE 6 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

Turning to the cumulative effect of a 10% decrease in Ethereum's growth rate, as illustrated in 

Figure 7, the overall impact is relatively minor. The most substantial and statistically significant 

cumulative effect is observed in the Indian equity index, where NIFTY50 returns increase by 

nearly 0.9% following a 10% decline in Ethereum returns. 

 

---- FIGURE 7 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

5.2.2 Volatility indices 

 

The responses to a 10% negative shock in Bitcoin returns are mostly statistically significant at 

period 0, as shown in Figure 8. Although the magnitudes vary, the VIX index reacts strongly, with 

a 1.1% increase in US stock market volatility for every 10% drop in Bitcoin returns, significant 

both immediately and at period 4. This is followed by a smaller 0.3% decrease on the 4th day. In 

price terms, the VIX rises by about 10% in response to the Bitcoin drop. Germany and Brazil also 

see significant increases in their volatility indices, with Bitcoin’s 10% decline leading to a 7.8% 

rise in the STOXX50 Volatility index and a 4.6% rise in the CBOE Brazil ETF price. Japan and 

India initially show a negative reaction, with their volatility indices dropping before increasing in 

subsequent periods. These effects then stabilize and dissipate. 

 

---- FIGURE 8 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

Cumulatively, the responses are statistically significant for the volatility indices of the US, 

Germany, and Brazil, with the US volatility index showing the most pronounced positive reaction 



to a decline in Bitcoin's growth rate (Figure 9). In contrast, the cumulative effects for Japan and 

India are statistically insignificant and relatively minor. 

 

---- FIGURE 9 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

The impulse responses to a 10% decrease in Ethereum returns consistently show a negative impact 

on volatility indices (Figure 10). The most evident effects are seen in the volatility indices of India, 

Japan, and the Philippines. While the magnitudes are similar to those observed with a 10% 

decrease in Bitcoin's growth rate, the key difference is the direction of the responses, which are 

negative. This indicates that a decrease in Ethereum returns is likely to reduce volatility indices in 

these countries. For example, a 10% drop in Ethereum price results in a 3.1% decrease in Japan's 

Nikkei 225 Volatility index. 

 

---- FIGURE 10 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

The cumulative response figures (Figure 11), translated to price levels, show that a 10% decrease 

in Ethereum leads to a 4.6% decrease in volatility for the India VIX index and a 3.7% decrease for 

the Nikkei 225 Volatility index. These cumulative responses are statistically significant in the first 

period, immediately upon impact, for both Japan and India. 

 

---- FIGURE 11 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

In contrast to the responses of volatility indices to a decrease in Ethereum returns, the responses 

to a decrease in XRP growth rate (Figure 12) show both positive and negative effects. A 10% 

decrease in XRP returns leads to a 2.4% decrease in the Japanese stock index on day 4, while the 

Indian stock index increases by 2.4% on day 7. Overall, the responses of countries' volatility 

indices to a 10% decrease in XRP growth rate are mostly not statistically significant. 

 

---- FIGURE 12 SHOULD BE PLACED NEAR THIS SECTION ---- 

 

5.2.3 Money Market Rates 



 

We observe statistically significant and moderately sized impulse responses to a shock in Bitcoin 

returns on the interbank offered rates of China, Germany, and Brazil, with significance only at 

period 0. The Chinese SHIBOR reacts with a lag of 3 days, showing a negative response of 0.08 

points that persists for 3 more days before returning to baseline. Brazil's interbank offered rate 

responds to a 10% negative shock in Bitcoin returns with an immediate increase of 0.11 points, 

stabilizing quickly by period 1. Similarly, Germany's interbank rate reacts positively, but with a 

smaller magnitude compared to Brazil. Although Brazil’s cumulative response is statistically 

significant at impact, the overall effect is negligible, as shown in Figure 13 of Appendix 3. The 

responses of other countries' interbank rates are mostly statistically insignificant and of low 

magnitude (Figure 14, Appendix 3). 

Similarly, interbank offered rates respond to a 10% negative shock in Ethereum returns, as 

shown in Figure 15, Appendix 3. While the direction of the effect is similar to that of Bitcoin, the 

magnitude of Ethereum’s impact is much smaller. Particularly, unlike the response to Bitcoin, 

China’s SHIBOR reacts positively with a large lag of 6 days, and the US interbank rate shows 

positive responses on days 2 and 4. 

 

5.2.4 Foreign Exchange Rates 

 

Figure 16 in Appendix 3 shows that foreign exchange rates respond significantly to a 10% decrease 

in Bitcoin returns at different periods for various countries: periods 0 and 1 for the UK, periods 2, 

4, and 6 for China, period 6 for the Philippines and India, and period 1 for Germany and Brazil. 

The British pound shows a notable response, with a 0.05% increase at impact and a 4.7% 

depreciation the following day. A similar, smaller response is observed for the Chinese yuan, with 

an increase at period 3 followed by depreciation in period 4. The Brazilian real has the most 

substantial reaction, depreciating by 0.76% on day 1 after the shock. The Philippine peso's 

response is weaker. However, cumulative responses to the 10% Bitcoin shock are statistically 

insignificant for all currencies except the British pound, as shown in Figure 17 in Appendix 3. 

Responses to a shock in Ethereum returns are largely statistically insignificant, with the 

UK, Germany, India, and Japan displaying significant responses (Figure 18, Appendix 3). The UK 

sees an immediate positive reaction at period 0, followed by a negative reaction at period 1. Japan 



and Germany show a negative response 1 day after the impact. When translated to price levels, a 

10% decrease in Ethereum price leads to a 0.32% appreciation of the British pound, while the 

Japanese yen and the Euro depreciate by 0.28% and around 0.38% on days 1 and 4, respectively. 

Cumulative responses to Ethereum shocks are detailed in Figure 19 of Appendix 3. 

 

5.3 Impulse responses of low magnitude - Stock market indices 

 

A 10% negative shock to XRP returns led to statistically significant responses upon impact for 

stock market indices in Germany, the UK, Brazil, and the Philippines, as shown in Figure 20 in 

Appendix 3. These responses are mostly negative but of very low magnitude, except for India’s 

equity index, which saw a more pronounced decrease of nearly 0.4% on the 7th day after the shock. 

Additionally, the Philippines equity index showed a statistically significant negative response at 

period 1, though the magnitude was minimal. No statistically significant cumulative responses 

were observed. 

 

5.4 Inconclusive impulse responses 

 

5.4.1 Bond market indices 

 

The responses of countries' bond indices to a 10% decrease in Bitcoin log returns are generally 

statistically insignificant, with only China, India, and Germany showing significant responses at 

different periods (Figure 21 in Appendix 3). However, even in China, the magnitude is negligible, 

consistent with the responses of other bond indices. This trend is also reflected in the cumulative 

impulse responses to the Bitcoin shock, where responses remain statistically insignificant across 

all countries (see Figure 22 in Appendix 3). 

Similarly, the responses of countries' bond indices to a 10% decrease in Ethereum returns 

are mostly statistically insignificant and of low magnitude, with inconsistent directions (Figure 23 

in Appendix 3). Statistically significant responses are limited to Germany and India at periods 7 

and 6, respectively, both with small magnitudes despite differing directions. The cumulative 

responses to an Ethereum shock show similarly low and statistically insignificant magnitudes for 

most bond indices. The same conclusions apply to the responses of countries' bond indices to a 



10% decrease in XRP returns: the responses are statistically insignificant, with extremely low, 

almost negligible magnitudes (Figure 24 in Appendix 3). 

 

5.4.3 Foreign Exchange Rates 

 

The responses of foreign exchange rates to a 10% negative shock in XRP returns are generally 

statistically insignificant across most countries (see Figures 25-26 in Appendix 3). The cumulative 

responses are also statistically insignificant, indicating minimal to no impact on foreign exchange 

rates from an XRP shock. 

 

6. Discussion 

 

6.1 Effect by variables 

 

Our analysis shows that negative volatility spillovers among cryptocurrencies are most evident in 

the volatility indices of selected countries. Bitcoin had the largest and statistically significant 

impact, particularly on the VIX, followed by the STOXX50, Nikkei, and CBOE Brazil volatility 

indices. These effects were short-lived, with the most significant impact occurring shortly after the 

initial shock and subsiding within a week. While Ethereum also influenced these indices, its impact 

was smaller than Bitcoin’s, and XRP had the least effect. Notably, a 1% decrease in Bitcoin’s price 

was associated with an approximate 1% increase in the VIX. 

Stock markets in Germany, Brazil, and Japan experienced moderate, short-lived spillover 

effects from cryptocurrencies, mainly driven by Bitcoin, with the smallest impact observed in 

China. Overall, stock indices in the observed countries responded to cryptocurrency market 

shocks, indicating a connection between these markets. Cryptocurrency sentiment can influence 

investor risk aversion, leading to stock sales and increased volatility, challenging the idea that 

cryptocurrencies are entirely independent of traditional financial markets. The spillover within 

volatility indices suggests that cryptocurrency market fluctuations can impact perceived risk in 

broader financial markets. 

Equity indices were the second most affected by cryptocurrency volatility, with Bitcoin 

having the strongest impact. Ethereum’s influence was smaller, and XRP’s was negligible. These 



effects were short-term, typically lasting a few days. Interestingly, some equity indices reacted 

positively to negative Ethereum volatility, likely due to Ethereum’s role in decentralized finance 

(DeFi). Bitcoin’s reputation as a "digital gold" and its focus on currency make it a riskier asset, 

leading to negative responses in equity markets. In contrast, Ethereum’s utility in supporting 

decentralized applications and smart contracts may shield it from negative market sentiment, 

resulting in a neutral or even positive impact on stocks. XRP showed similar trends. These 

observations align with Mokni et al. (2024). Negative spillovers from cryptocurrencies can also 

impact the stock prices of cryptocurrency-related companies, affecting broader equity indices and 

investment portfolios. However, our analysis did not find any significant influence of 

cryptocurrencies on bond markets. 

In the context of foreign exchange and money markets, the Brazilian real showed a modest 

negative spillover from cryptocurrencies, with the Brazilian interbank offered rate increasing 

slightly following a Bitcoin shock. The Chinese SHIBOR responded oppositely to Bitcoin and 

Ethereum shocks, with the most significant reaction occurring after a drop in Bitcoin’s price. While 

some volatility spillover effects were observed for the Indian rupee and the Euro, they were less 

pronounced. Overall, cryptocurrencies had limited impact on money market rates in the selected 

countries. We also noted short-lived spillover effects of Bitcoin and Ethereum on the British pound, 

with similar but more modest impacts on the Brazilian real, Euro, and Indian rupee. The UK, 

however, showed a more significant exception to this trend. 

 

6.2 Overall Effect by Country 

 

We identified significant negative volatility spillovers in India, Brazil, the Philippines, and 

Germany. These countries experienced spillovers that impacted on their equity and volatility 

indices, as well as foreign exchange and interbank offered rates. The United States, ranked highly 

in the GCAI, also displayed considerable spillover effects on its equity and volatility indices. This 

strong influence likely stems from the active participation of investors and traders in the 

cryptocurrency market, encompassing direct investments and cryptocurrency-related businesses. 

Consequently, significant fluctuations in cryptocurrencies are likely to impact the financial 

markets of these countries, reinforcing the connection between cryptocurrency market movements 

and broader financial market performance. 



Significantly, Germany, despite a lower GCAI ranking, experienced substantial negative 

volatility spillovers, underscoring the complex relationship between cryptocurrency market 

volatility and broader financial landscapes. Countries with high levels of cryptocurrency adoption 

may encounter challenges in managing spillover effects due to limited government influence over 

the cryptocurrency market. The Philippines, which has the highest GCAI rank among the studied 

countries, exhibited significant vulnerability to negative volatility spillovers from the 

cryptocurrency market, particularly in its stock and foreign exchange markets. This indicates that 

cryptocurrency shocks can affect the financial markets of countries with limited exposure to 

international trade and capital flows. 

India and Brazil, ranked 4th and 7th respectively, showed significant responses to 

cryptocurrency volatility, reflecting their growing economies and financial sectors' 

interconnectedness with the global system. This interconnectedness increases the risk of financial 

contagion in a more integrated environment. However, cryptocurrency adoption alone does not 

fully explain spillover effects; factors such as regulation, investor sentiment, economic 

interconnectedness, and the nature of investor participation also play crucial roles in determining 

the magnitude and impact of these spillovers. 

Another key factor in a country's vulnerability to cryptocurrency market influences is its 

equity market capitalization and economic size. The USA, UK, and Germany, all among the top 

10 countries by market capitalization, demonstrated negative spillover effects. Their large and 

interconnected financial markets make them susceptible to disruptions in the cryptocurrency 

market. Despite Japan’s proactive cryptocurrency regulation and licensing framework, its financial 

market, particularly the stock market, exhibited significant reactions to cryptocurrency spillovers. 

In contrast, China’s financial markets showed limited influence from cryptocurrency volatility, 

likely due to stringent regulations, a focus on domestic factors, and strict capital controls that limit 

the impact of the cryptocurrency market. 

The influence of cryptocurrency markets on financial markets is shaped by various factors 

including adoption, regulation, interconnectedness, and market characteristics, with the degree of 

impact varying across different countries (Table 12). 

 

---- TABLE 12 SHOULD BE PLACED NEAR THIS SECTION ---- 

 



Shifts in the regulatory environment for cryptocurrencies play a crucial role in the stability of the 

global financial system. Regulatory actions, whether strict or moderate, significantly impact 

investor trust, market fluidity, and the integration of digital currencies with traditional financial 

structures. Stricter regulations can stabilize markets by curbing speculative trades and enforcing 

rigorous compliance, which attracts institutional investors seeking a secure, regulated 

environment. Conversely, sudden or excessively stringent regulations may stifle innovation, 

increase market volatility, and drive investments to jurisdictions with less stringent oversight. 

Striking a balance that maintains market integrity while fostering innovation is essential for 

regulatory changes to positively influence financial stability. 

The countries in our sample exhibit distinct regulatory trends. In the financial technology 

sector, both the US and the UK promote innovation while prioritizing robust anti-money 

laundering (AML) and consumer protection protocols. The US, in particular, presents a more 

complex regulatory landscape, with oversight at both federal and state levels. Germany, 

recognizing cryptocurrencies as financial instruments, advances regulations that enhance market 

transparency and security. Emerging markets such as India, Brazil, and the Philippines are 

developing regulatory frameworks that aim to balance sector growth with regulation, promoting 

the secure and innovative use of digital currencies. Japan, an early adopter of cryptocurrency 

regulation, focuses on consumer protection and AML, in contrast to China's stringent measures 

against cryptocurrency exchanges and initial coin offerings (ICOs), despite its promotion of the 

digital yuan. 

Despite China’s opposition to cryptocurrencies, there may still be a link between 

cryptocurrencies and Chinese financial markets for several reasons. First, cryptocurrency 

valuations are influenced by the global digital currency landscape, including changes in 

international markets connected to Chinese financial assets. Second, despite prohibitions, Chinese 

investors can participate in the cryptocurrency market through foreign platforms. Third, 

cryptocurrency prices are highly responsive to market sentiment and speculation, which can be 

influenced by developments or perceptions related to China's economic policies or regulatory 

environment. Fourth, as a major player on the global economic stage, China's technological and 

economic advances have the potential to impact various markets, including cryptocurrencies. 

Finally, cryptocurrencies are often used to avoid stringent capital regulations like those in place in 



China, suggesting a connection between cryptocurrency trends and shifts in Chinese financial 

market conditions, particularly when capital control policies are adjusted. 

 

6.3 Consistency with existing literature and emerging insights 

 

What do we know from this research and existing studies? In our analysis, the global 

spillover effects of cryptocurrency market shocks are found to have a moderate but significant 

impact on financial markets. This aligns with Vukovic et al.'s (2024) concerns that while fintech 

and cryptocurrency innovations can drive financial inclusion, they may also introduce new 

channels for financial instability (Maiti et al., 2022). Specifically, the study's findings on the 

delicate balance between financial inclusion and stability provide a broader context for 

understanding the global impact of cryptocurrency market volatility observed in our BGVAR 

model analysis. 

Our research confirms significant negative spillover effects from Bitcoin to traditional 

stock markets, consistent with much of the existing literature. For example, Alamaren et al. (2024) 

utilized GARCH models and connectedness measures to demonstrate significant impacts of 

Bitcoin and Ethereum on U.S. equity markets and volatility indices, highlighting substantial 

volatility transmission. Özer et al. (2024) explores the long-term interconnections between Bitcoin 

and various financial and commodity markets using the Implicit Asymmetric Combined 

Cointegration Test, an advanced variant of the Bayer-Hanck method. Their research uncovers 

significant hidden cointegration, particularly between negative Bitcoin shocks and both negative 

and positive shocks in a wide range of financial instruments, suggesting a strong linkage across 

these markets. Similarly, Lamine et al. (2023) used the Diebold and Yilmaz (2012) spillover index 

within a VAR framework to analyze U.S. and Chinese markets, observing comparable results. 

Mensi et al. (2023) further supported these findings using cross-quantilogram and quantile vector 

autoregression methods to capture extreme market behavior and interdependencies between 

cryptocurrencies and volatility indices. Other studies, such as those by Al-Shboul et al. (2022) and 

Cao and Xie (2022), also emphasize significant impacts using VAR and TVP-VAR models for 

Chinese financial markets. The findings of Fakhfekh and Jeribi (2020), Wang and Ngene (2020), 

and Kumar and Anandarao (2019), using various GARCH models, as well as Jebran and Iqbal 

(2016) in Asian markets, including China, Japan, and India, align with these observations. 



IMF study by Iyer and Popescu (2023) also identifies pronounced volatility spillovers from 

cryptocurrencies to global financial markets, particularly equities like the S&P 500 and the VIX, 

with lesser impacts on bond indices, especially during market stress. Our study emphasizes the 

immediate and short-term impacts (up to eight days) of a 10% decrease in cryptocurrency returns 

on stock market indices, noting a rapid rebound typically within one to two days for most markets, 

except Japan. We also find Ethereum's impact to be much smaller compared to Bitcoin's. 

While most studies do not isolate Ethereum's impact as prominently as Bitcoin’s, they still 

recognize Ethereum as a significant transmitter of volatility. Alamaren et al. (2024) support this 

view, though Lamine et al. (2023) and Maiti (2023) note that Bitcoin transmits more significant 

volatility spillovers, with Ethereum mainly receiving shocks. This suggests that Bitcoin plays a 

more dynamic and influential role in financial markets, aligning with its higher market volatility 

and speculative nature. 

Our findings also highlight the impact of cryptocurrency shocks on interbank rates, 

confirming a tangible connection between cryptocurrency markets and traditional financial 

instruments. Bouri et al. (2017) show significant but varying impacts on interbank rates across 

different countries, while Zhang et al. (2019) note that reactions to cryptocurrency shocks differ 

due to varying levels of market maturity and integration. Our study reinforces this by showcasing 

distinct national responses, particularly the varied impacts on Chinese SHIBOR, German interbank 

rates, and Brazilian interbank rates. The lagged responses, such as the three-day delay in Chinese 

SHIBOR’s reaction to Bitcoin shocks, are consistent with Brauneis and Mestel (2018), who 

observed delayed reactions in traditional financial markets following cryptocurrency volatility. 

This temporal aspect underscores the complexity of market interactions and the varying speeds at 

which financial systems process shocks. 

While our study shows a negative response of Chinese SHIBOR to Bitcoin returns and a 

positive response to Ethereum returns, other studies report mixed results. For instance, Liu and 

Tsyvinski (2021) find that the impact of cryptocurrency returns on traditional financial instruments 

can vary significantly, sometimes producing opposite effects depending on market conditions. The 

limited response of other countries' interbank rates in our study contrasts with broader market 

reactions observed in other literature. Dyhrberg (2016) suggests that cryptocurrency shocks can 

impact various financial markets, including commodities and forex, beyond interbank rates. This 



divergence indicates that interbank rates might be less sensitive or slower to respond compared to 

other financial instruments. 

Hsu (2022) employed a Diagonal BEKK multivariate conditional volatility model to 

analyze dynamic co-volatility spillovers between cryptocurrencies and currencies (USD, EUR, 

JPY, GBP, CNY, RUB), identifying significant spillovers, with Bitcoin and Ethereum acting as 

safe havens during specific events. In our study, we find significant volatility spillover effects from 

the cryptocurrency market to GBP and the Brazilian real, while EUR (Germany), INR, JPY, and 

the Philippine peso show minimal spillover effects, and CNY shows none. Baur et al. (2018) report 

that Bitcoin’s price volatility significantly influences currency exchange rates, particularly in 

economies with higher cryptocurrency adoption, consistent with our findings of a pronounced 

response in the British pound due to the UK's active cryptocurrency market. Corbet et al. (2019) 

examine spillover effects between cryptocurrencies and traditional financial assets, noting that the 

magnitude and direction of these effects vary across market conditions and periods. Our findings 

of weaker responses in the Philippine peso and other currencies align with Corbet et al. (2019), 

concluding that smaller economies and less exposed currencies tend to show more muted reactions 

to Bitcoin shocks. The largely insignificant responses of foreign exchange rates to a 10% decrease 

in Ethereum returns align with Kristoufek (2020), who notes that Ethereum, while significant 

within the cryptocurrency market, exerts relatively minor influence on traditional financial assets. 

The immediate appreciation of the British pound and subsequent depreciation of the yen and euro 

highlight the complex dynamics between cryptocurrency shocks and foreign exchange rates, 

supporting Bouri et al. (2017), who find that the impact of cryptocurrencies varies widely across 

different currencies and timeframes. 

Our analysis also identifies that a 10% negative shock to XRP returns has a statistically 

significant yet low-magnitude impact on stock market indices in Germany, the UK, Brazil, and the 

Philippines, consistent with Urquhart and Zhang (2019), who note that cryptocurrency market 

shocks display spillover effects into traditional financial markets, though generally modest. 

Regarding bond markets, responses to a 10% decrease in Bitcoin and Ethereum returns are 

generally insignificant and of negligible magnitude, supported by Baur et al. (2018), who find 

limited transmission effects from cryptocurrencies to bond markets, attributing this to distinct 

investor bases and risk profiles. While some significant responses are observed in China, India, 

and Germany, the overall trend remains one of insignificance and low magnitude, aligning with 



Klein et al. (2018), who also note that bond markets tend to be insulated from cryptocurrency 

market volatility and shocks. 

What emerging insights can be drawn from our study? Despite single country effects 

elaborated in previous studies, our study presents the cumulative effects of cryptocurrency shocks 

within a global framework. While immediate effects are observed in several markets, our study 

also documents cumulative responses over time, offering a more nuanced understanding of the 

temporal dynamics of spillover effects. For example, the cumulative response of the British pound 

to a Bitcoin shock is statistically significant, whereas immediate responses are more varied. This 

study also highlights how cumulative effects differ across financial markets within the same 

country, indicating that different segments of the financial market have varying sensitivities to 

cryptocurrency shocks. This cross-market analysis provides a more comprehensive understanding 

of financial interconnectedness compared to non-cumulative effect models. 

Moreover, our research shows that the cumulative effects of cryptocurrency shocks are not 

uniform across countries. Emerging markets like Brazil and the Philippines display more distinct 

cumulative responses compared to developed markets, underscoring the need for tailored policy 

responses and risk management strategies. Lastly, our study provides empirical evidence of the 

global reach of cryptocurrency market shocks, with cumulative effects observed across multiple 

countries and financial instruments, emphasizing the interconnectedness of global financial 

markets (as also documented by Özer et al., 2024; Samargandi et al., 2020; Feldkircher & Huber, 

2016; Cuaresma et al., 2016; Chudik & Fratzscher, 2011). This finding highlights the need for 

international cooperation in monitoring and regulating the cryptocurrency market. 

 

7. Conclusion, Investor and Policy Recommendations, and Study Limitations 

 

This study provides fresh insights into the complex interconnections between the cryptocurrency 

market and the broader financial system, enhancing our understanding of the effects of 

cryptocurrencies. We identified negative volatility spillover effects from the cryptocurrency 

market to financial markets across various countries within a global framework. By employing the 

Bayesian GVAR methodology, we captured the dynamic interrelationships between these markets, 

enabling us to assess how adverse shocks in the cryptocurrency market propagate to other financial 

markets worldwide. Our findings indicate that these spillover effects are not limited to specific 



countries but have a global reach. Specifically, we demonstrated that shocks originating in the 

cryptocurrency market exert a negative influence on stock markets through equity and volatility 

indices, as well as on foreign exchange rates in numerous countries. These shocks are generally 

moderate in magnitude and short in duration, highlighting the role of cryptocurrencies as transient 

transmitters of negative shocks. The effects vary across countries and different segments of their 

financial markets. Additionally, our study provides evidence supporting the resilience of bond 

markets in several countries, which appear immune to the negative volatility from the 

cryptocurrency market. 

A country's level of integration into the global financial system and its extent of 

cryptocurrency adoption significantly affect how much it is impacted by cryptocurrency market 

volatility. Moreover, the presence of a regulatory framework for cryptocurrencies within a country 

may substantially reduce its vulnerability to these spillovers. These findings have important 

implications for policymakers, investors, and regulators. They underscore the potential systemic 

risk posed by cryptocurrencies to the global financial system, particularly given their rapid 

evolution and growing adoption. 

Our study shows that the impact of cryptocurrency shocks is typically of moderate 

magnitude and short duration. Traders could capitalize on these short-term fluctuations through 

speculative trading strategies. For instance, following a significant negative shock in the 

cryptocurrency market, traders might short related financial assets, such as stock indices, and close 

their positions as the effects subside, usually within a few days. The global reach of cryptocurrency 

shocks highlights the need for enhanced diversification. Investors should consider incorporating a 

diverse mix of assets from various countries and sectors to mitigate exposure to cryptocurrency-

induced volatility. This strategy could help offset losses in one market with gains in another. 

Additionally, we identify opportunities in trading volatility indices. Investors might purchase 

volatility index options or futures in anticipation of cryptocurrency market disruptions, thereby 

profiting from increased volatility in traditional markets. 

Regarding policy recommendations, our results suggest that establishing a robust 

regulatory framework for cryptocurrencies can significantly reduce a country's vulnerability to 

volatility spillovers from the cryptocurrency market. Policymakers should develop and implement 

comprehensive regulations to oversee cryptocurrency markets, ensuring stability and minimizing 

systemic risks. Financial authorities must closely monitor the interconnectedness between 



cryptocurrency and traditional financial markets. Regular stress testing and tailing are crucial for 

understanding the potential impact of cryptocurrency shocks on the broader financial system. 

Given the global nature of cryptocurrency markets and their spillover effects, international 

cooperation among regulatory bodies is essential. Coordinated efforts can lead to more effective 

regulation and management of cross-border financial risks associated with cryptocurrencies. 

Additionally, policymakers should incorporate cryptocurrencies into standard risk assessment 

frameworks used for evaluating financial stability, ensuring a comprehensive understanding of all 

potential sources of market risk. These findings emphasize the need for further research to gain a 

comprehensive understanding of the nature and magnitude of these spillover effects and their 

implications for financial stability. 

Finally, our study has several limitations. First, the results of the BGVAR model can be 

sensitive to the choice of priors, especially since there are often no clear guidelines on the most 

appropriate priors to use for a given situation. In our study, we employed three priors—Stochastic 

Search Variable Selection, Normal Gamma, and Minnesota priors—chosen based on the nature of 

our research question and global market conditions. While these priors ensured 100% model 

stability, alternative priors could potentially yield more efficient results. However, such an 

approach would be time-intensive, requiring extensive re-testing. Additionally, our sample 

comprises eight countries to represent the global framework. Including more countries could 

enhance the realism of the global framework and allow for better identification of spillover effects. 

For example, including South Korea, where the cryptocurrency market is very popular, could 

provide a more comprehensive understanding of Asian market dynamics. On the other hand, this 

expansion could lead to overparameterization, serial correlations, and decreased model stability, 

or even model instability. Addressing this limitation could potentially require the use of quantum 

computing and the development of new algorithms. 
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Table 1: Foreign variables weighting scheme according to IMF Coordinated Portfolio Investment 

Survey data.  

Countries US UK CH JP IN GR BR PH 

US 0,000000 0,323474 0,043461 0,483472 0,001386 0,142676 0,003734 0,001798 

UK 0,776002 0,000000 0,010672 0,092240 0,000253 0,120333 0,000264 0,000237 

CH 0,639058 0,239255 0,000000 0,081398 0,001382 0,037380 0,000043 0,001483 

JP 0,841345 0,115889 0,010029 0,000000 0,000077 0,032531 0,000014 0,000115 

IN 0,782623 0,116881 0,004451 0,072058 0,000000 0,023338 0,000013 0,000636 

GR 0,614739 0,204834 0,015268 0,164413 0,000416 0,000000 0,000216 0,000113 

BR 0,777462 0,138056 0,007419 0,051653 0,000143 0,024847 0,000000 0,000420 

PH 0,701322 0,116540 0,008576 0,108973 0,000087 0,064503 0,000000 0,000000 

Source: Own calculations based on IMF (2024) CIPS data.  

Note: Each row totals to unity. Weights are determined by the formula 𝑊𝑗
𝑖 =

𝑃𝐼𝑖𝑗

∑ 𝑃𝐼𝑖𝑘𝑘≠𝑖
, where 𝑊𝑗

𝑖 is the weight of the 

foreign variable of country 𝑗 for country 𝑖, 𝑃𝐼𝑖𝑗  is the value of the portfolio investments that country 𝑖 holds in 

country 𝑗's securities, and ∑ 𝑃𝐼𝑖𝑘𝑘≠𝑖  is the total foreign portfolio investments of country 𝑖. 

 

 

 

 

 



Table 2: The global financial landscape based on a mix of significant stock market capitalizations 

and high ranks on the Global Crypto Adoption Index 

Country Stock market 

capitalization 

Global Crypto Adoption 

Index 

USA 1 5 

Japan 2 26 

UK 3 17 

China 4 10 

Germany 8 21 

India 11 4 

Brazil 19 7 

Philippines 31 2 

Source: Chainalysis (2023) and World Bank (2023).  

Notes: This table summarizes each country's ranking based on market capitalization and the Global Crypto Adoption 

Index, using data up to 2022. Stock market capitalization rankings are derived from the World Bank's 2022 World 

Development Indicators—Market Capitalization of Listed Domestic Companies (Current US$). Chainalysis data are 

sourced from the 2022 Global Crypto Adoption Index by Chainalysis Research. 

 

 

 

 

 

 

 

 

 

 



Table 4: Financial market indicators by country 

 Stock 

market 

Bond market Volatility Money market 

rate 

Exchange rate 

USA S&P 500 S&P 500 Bond 

Index 

CBOE Volatility 

Index (VIX) 

USD LIBOR - 

UK FTSE 100 S&P U.K. Bond 

Index 

Calculated GBP LIBOR GBP/USD 

Germany DAX S&P Erozone 

Bond Index 

STOXX 50 

Volatility 

VSTOXX EUR  

EURIBOR EUR/USD 

India NIFTY S&P BSE India 

Bond Index 

India VIX 

(NIFVIX) 

MIBOR INR/USD 

Japan Nikkei 225 S&P Japan Bond 

index 

Nikkei Volatility 

(JNIV) 

TIBOR YEN/USD 

China SSE 

Composite 

S&P China 

Bond Index 

Calculated SHIBOR RMB/USD 

Brazil BOVESPA S&P/B3 Brazil 

Bond Index 

CBOE Brazil 

(VXEWZ) 

Volatility  

DI Rate BRL/USD 

Philippines PSEi S&P Philippines 

Bond Index 

Calculated PHIREF PHP/USD 

Notes: Stock market indices, money market rates, and exchange rates are sourced from the Wind terminal. Bond 

market indices are from S&P (2023, 2024). Volatility indices for the UK, China, and the Philippines were calculated 

using the GARCH model on historical stock index data. VIX and VXEWZ indices are from CBOE (2024), STOXX 

50 Volatility (VSTOXX EUR) from stoxx.com, NIFVIX from the National Stock Exchange of India (NSE), and 

Nikkei Volatility (JNIV) from the Wind terminal. The DI Rate is obtained from the Central Bank of Brazil's Monetary 

Policy Rates at bcb.gov.br. 

 

 



Table 5: Share of each of the chosen cryptocurrency’s market capitalization in total cryptocurrency 

market capitalization for each year. 

Year 2015 2016 2017 2018 2019 2020 2021 2022 

Total market 

cap in billion 

USD 

5.5 7.14 15 773.2 137.1 214.8 935 1,620.9 

BTC 65,75% 90,58% 40,34% 35,78% 48,94% 60,79% 63,87% 44,3% 

ETH 0,00% 1,03% 4,77% 14,44% 10,70% 6,64% 17,03% 19,1% 

XRP 1,57% 2,83% 1,54% 16,92% 10,85% 3,89% 1,33% 0,018% 

Source: CoinMarketCap (2023).  

Note: This table displays the total cryptocurrency market capitalization (in billions USD) as of 23:59 UTC on 

December 31 for each year from 2015 to 2022, along with the market share percentages of Bitcoin (BTC), Ethereum 

(ETH), and Ripple (XRP) for each year. 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 6: Ranking of each cryptocurrency according to market capitalizations 

Year 2015 2016 2017 2018 2019 2020 2021 2022 

BTC 1 1 1 1 1 1 1 1 

ETH Na 4 2 3 3 2 2 2 

XRP 2 2 3 2 2 3 4 8 

Source: CoinMarketCap (2023).  

Note: The rankings in this table are based on cryptocurrency market capitalizations at the start of each calendar year, 

as reported by CoinMarketCap in 2023. BTC, ETH, and XRP were selected due to their significant market 

capitalizations and leading roles in the cryptocurrency market.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 7: p-values of ADF test for variables at level and after transformation 

Variables eq bd vol ir fx 

Country Level Log 

returns 

Level Log 

returns 

Level Log 

return

s 

Level First 

differ

ence 

Level Log 

returns 

USA 0,6731 0** 0,5241 0** 0,00042*

* 

0** 0,9882 0** - - 

UK 0,0361* 0** 0,4035 0** 0** 0** 1 0** 0,059 0** 

Germany 0,1914 0** 0,6078 0** 0,0004** 0** 1 0** 0,3152 0** 

China 0,0482* 0** 0,8549 0** 0** 0** 0,0611* 0** 0,106 0** 

India 0,9267 0** 0,8695 0** 0,0015** 0** 0,6519 0** 0,9311 0** 

Japan 0,467 0** 0,5786 0** 0** 0** 0,1132 0** 0,7425 0** 

Brazil 0,4046 0** 0,3512 0** 0** 0** 0,4835 0** 0,8262 0** 

Philippines 0,1425 0** 0,7776 0** 0** 0** 0,5577 0** 0,6795 0** 

Source: Own estimations.  

Note: * indicates rejection of the null hypothesis of the ADF test at the 95% significance level, ** indicates rejection 

at the 99% significance level. 

 

 

 

 

 

 

 



Table 8: Variables included in VARX country models for selected economies 

Variables All economies but the US USA 

 Domestic Foreign Domestic Foreign 

eq x x X x 

bn x x X x 

ir x x X x 

vx x x X x 

fx x x  x 

btc  x X  

eth  x X  

xrp  x X  

Source: Own Estimations.  

Notes: 'Domestic' refers to variables within a country's financial market, while 'Foreign' pertains to global financial 

market variables. In the United States model, cryptocurrency prices (BTC, ETH, XRP) are treated as endogenous, 

whereas for other economies, these variables are exogenous. 

 

 

 

 

 

 

 

 

 



Table 9: Deviance information criterion values and Log predictive scores of different prior and lag 

specifications of the model. 

 

Lag 

length 

Deviance 

information 

criterion and Log 

predictive scores 

Priors 

SSVS Minnesota Normal Gamma 

 

1 

DIC -319639 -320551 -322501 

LPS 13552 14013 14788 

 

2 

DIC -320822 -321189 -323905 

LPS 14156 14057 15070 

 

3 

DIC -322442 -321101 323112 

LPS 14819 14486 14974 

 

4 

DIC -324045 -322508 -323923 

LPS 14818 14949.87 14599 

 

5 

DIC -324318 -321598 -323412 

LPS 14832 14963 14740 

 

6 

DIC -324259 -325323 -322498 

LPS 14891 15176 14123 

 

7 

DIC -323002 -324507 -321022 

LPS 14718 15089 13995 

 

8 

DIC -322897 -321868 -319898 

LPS 14501 14725 13903 

Source: Own estimations. Notes: The results present performance metrics for each combination of prior and lag length. 

Tested priors include Stochastic Search Variable Selection (SSVS), Minnesota, and Normal Gamma. DIC values 

indicate model fit, with lower values signifying better fit, while LPS values assess predictive performance, with higher 

scores reflecting greater accuracy. 



Table 10: Results of autocorrelation of residuals test. 

The p-values Number of p-values Share of p-values in % 

>0.1 20 47.62% 

0.05-0.1 3 7.14% 

0.01-0.05 4 9.52% 

<0.01 15 35.71% 

Source: Own estimations. Note: The p-values are categorized into four ranges: greater than 0.1, between 0.05 and 0.1, 

between 0.01 and 0.05, and less than 0.01. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 11: Average Pairwise Cross-Unit correlation of Unit-Model residuals 

Correlation eq bd vol ir fx 

<0.1 4 (50%) 7 (87.5%) 7 (87.5%)  8 (100%) 6 (85.71%) 

0.1-0.2 4 (50%) 1 (12.5%) 1 (12.5%)  0 (0%) 1 (14.29%) 

0.2-0.5 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 

>0.5 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 

Notes: Most residual correlations are below 0.1, indicating low cross-unit correlation for most indicators. No 

correlations exceed 0.2, suggesting a lack of strong relationships between residuals of different units across all 

specified economic indicators. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 12: Summary of the volatility spillover effects from the cryptocurrency market to the 

financial markets in the USA, UK, Germany, China, India, Japan, Philippines, and Brazil. 

Countries eq vol bd ir fx 

USA Moderate 

effect 

Moderate 

effect 

No effect No effect - 

UK Moderate 

effect 

No effect No effect No effect Moderate 

effect 

Germany Moderate 

effect 

Moderate 

effect 

No effect Small effect Small effect 

China Moderate 

effect 

No effect No effect Small effect No effect 

India Moderate 

effect 

Moderate 

effect 

No effect Small effect Small effect 

Japan Moderate 

effect 

Moderate 

effect 

No effect No effect Small effect 

Philippines Moderate 

effect 

Moderate 

effect 

No effect No effect Small effect 

Brazil Moderate 

effect 

Moderate 

effect 

No effect Moderate 

effect 

Moderate 

effect 

Notes: This table summarizes the volatility spillover effects from the cryptocurrency market to various financial 

markets. The effects are categorized as moderate, small, or no effect based on observed impacts. The '-' symbol 

indicates that data for that market segment is not applicable. 

 


