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The aim of this study is to gauge the impact of global economic policy uncertainty and natural resource prices, that is, oil prices and gold prices, on Bitcoin returns by using monthly data spanning from May 2013 to December 2021. The study applies ARDL and nonlinear ARDL for evaluating the symmetric and asymmetric effects of Global Economic Uncertainty (GU), oil price (O), and natural gas price on Bitcoin volatility investigated by using the ARCH-GARCH-ERAGCH and non-granger causality test. ARDL model estimation establishes a long-run cointegration between GU, O, G, and Bitcoin. Moreover, GU and oil price exhibits a negative association with Bitcoin and positive influences running from gold price shock to Bitcoin in the long run. NARDL results ascertain the long-run asymmetric relations between GU, oil price, gold price (G), and Bitcoin return. Furthermore, GU’s asymmetric effect and positive shock in gold price negatively linked to Bitcoin return in the long run, whereas asymmetric shock in oil price and negative shocks in gold price established a positive linkage with Bitcoin. The results of ARCH effects disclose the volatility persistence in the variables. The causality test reveals that the feedback hypothesis explains the causal effects between GU and Bitcoin and unidirectional causality running from Bitcoin to gold price and oil price to Bitcoin.
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1 INTRODUCTION
The globe has seen remarkable breakthroughs in cryptography and processing power over the last two decades, resulting in the emergence of a new sort of currency, cryptocurrencies. Bitcoin, founded in 2009, has established itself as the forerunner of cryptocurrencies, being the most practical and widely adopted one to date. The technology is disseminated via a network of wallets and nodes, enabling faster, more affordable, borderless transactions, and complete anonymity if desired. Bitcoin’s early adopters were primarily libertarians hostile to any government and those selling illegal items. Satoshi Nakamoto invented Bitcoin in 2008 and made it available to the public on January 8 2009. The founders of Bitcoin sought to establish a cash-like payment system that allowed online transactions and kept many of the benefits of physical cash (Berentsen and Schär, 2018).
In recent years, digital currencies have gained much interest, invading the intellectual, financial, and public policy sectors. The problem arises from a theoretical standpoint because digital currencies have contested characteristics that cast doubts on the traditional notion of money. The word “digital money” is vague because of a technical definition; it might refer to a protocol, platform, currency, or payment system (Dutta and Bouri, 2022) (Athey et al., 2016). Bitcoin (BTC) has got practically all of the attention among digital currencies; it was created in 2009 and functions as a peer-to-peer kind of electronic cash, allowing online transactions without using the banking system (Nakamoto, 2008). Digital money is commonly referred to as cryptocurrency since it uses encryption to govern the manufacturing of coins and transactions. Bitcoin is a potential alternative currency to traditional currencies (such as the US dollar, Euro, and Japanese yen) that offers several advantages, including low or no transaction fees, a regulated and well-known algorithm for creating new currencies, and complete transparency in all transactions. The success of Bitcoin has spawned a swarm of other cryptocurrencies termed “Altcoins,” but none have been able to threaten Bitcoin’s market dominance.
Of all the virtual currencies presently in use, Bitcoin has the largest market cap and number of transactions. The Bitcoin market friction is neither influenced by financial market fundamentals nor key macro fundamentals in the economy. Market fluctuations happen because of market behavior, that is, supply–demand interactions and major market behaviors, such as the foreign exchange market, global economic phenomenon, and business prospects. Therefore, Bitcoin’s price may theoretically be isolated from the economic and market cycles arising from monetary policy and central bank money supply management. In a study, Karame et al. (2015) established that Bitcoin’s price is determined based on the tread volume and the supply of currency. The same line of thought is available in the studies by Li and Wang (2017) and Athey et al. (2016). The performance of Bitcoin increases with other investment goals in conjunction (Wu et al., 2014) and offers diversity advantages (Briere et al., 2015). Moreover, in a portfolio with other commodities, Bitcoin is considered an effective partnership with gold and global inflation obligations because a small supply presents a straightforward precaution against inflation (Harper, 2013).
The price of financial assets is influenced by intrinsic value, investors’ expectations, the price of natural resources, and global phenomena. Over the past decades, with the advancement of behavioral finance, a growing number of researchers have evaluated the impacts of both commodity and human behavior on financial asset price fluctuations (Coulton et al., 2016; Liu et al., 2017; Dutta et al., 2020; Su and Li, 2020). Since its inception, the class of financial assets, Bitcoin, has been placed in an important position in financial literacy and understanding the inherent dynamism. Many researchers have invested time and effort to explore the key determinants. In the literature, finance scholars expose several determents that play a critical role in Bitcoin market performance, such as gold price (Kang et al., 2019), investors’ sentiment (Entrop et al., 2020; Su and Li, 2020), oil price (Okorie and Lin, 2020), the exchange rate (Chu et al., 2015; Hencic and Gouriéroux, 2015), global economic policy uncertainty (Fang et al., 2019; Wang et al., 2019; Lin, 2020), Twitter sentiment (Kaminski, 2014), online communities’ reaction (Kim et al., 2016), and inflation (Malik, 2020).
The aim of this study is to expose the impacts of global economic policy uncertainty (GU), oil price (O), and gold price (G) on Bitcoin return (BR). The study applies the test of cointegration to detect possible long-run association and symmetric and asymmetric effects of EU, G, and O on BR, investigated by performing ARDL-bound testing introduced by Pesaran and Shin (1998), Pesaran et al. (2001a), and the nonlinear framework familiarized by Shin et al. (2014). Furthermore, volatility transmission and linkage are assessed by implementing ARCH and GARCH effects (Bollerslev, 1986). Furthermore, the empirical models’ directional effects investigate the non-granger causality test familiarized by Toda and Yamamoto (1995).
This article’s remaining structure is as follows: Section 2 represents a relevant literature survey. Variable definition and methodology of the study are available in Section 3. Empirical model estimations and their interpretation are explained in Section 4. Study findings and conclusion are explained in Section 5.
2 LITERATURE REVIEW: BITCOIN COIN DETERMENTS
In recent years, digital currencies have grown in attention, inevitably approaching the environment of academia, economics, and public policies. This value emerges from a scholarly perspective because it has characteristics that create many political and financial tensions. Bitcoin has been catching almost all of its reflection in digital currency. This virtual currency was developed in 2009 and served as a peer-to-peer version of electronic cash that purchases the internet without intermediating the financial system (Nakamoto, 2008). The price driver of Bitcoin can be grouped into internal and external factors. Internal factors refer to the interaction between supply–demand variables directly pertinent to Bitcoin markets. External factors include country specifics and global phenomena (Kaminski, 2014).
2.1 Global Economic Policy Uncertainty and Bitcoin
The stable economic policy helps shape economic prospects and guides sustainable thriving, whereas economic uncertainty slows development. Under global uncertainty, researchers, including Baur (2013) and Wu et al. (2019), gauge the behavioral aspects of financial assets for hedging in uncertainty and risk mitigation. Financial assets, such as gold and Bitcoin, can act as a safe haven during a financial crisis with unique attributes. It has also been suggested that Bitcoin has been introduced to counter skepticism and insecurity in the present financial system; if any investors lose interest in conventional currencies or the economy, they might resort to Bitcoin. In a study, Fang et al. (2019) gauge the influences of global economic policy uncertainty on the volatility of Bitcoin, gold quantities, and bonds. Findings established that global economic policy uncertainty critically influences the volatility of Bitcoin commodities and gold quantities, but insignificant magnitudes appear for the bond. A similar vein of conclusion is demonstrated in the study of Bouri et al. (2017a), Demir et al. (2018), and Guesmi et al. (2019).
In the literature, the price of financial assistance and commodities immensely relies on the state of economic uncertainty, implying that a higher level of economic uncertainty can cause market movement in a positive direction (Demir et al., 2018). In the literature, economic uncurtaining and Bitcoin nexus explain that the positive association can serve as a safe-haven strategy, but a negative correlation implies a low level of economic uncertainty. When the EPU level is high, and the Bitcoin-gold correlation is negative, Bitcoin is seen as a hazard. However, Bitcoin may not serve as a haven when EPU levels are low.
Furthermore, Wu et al. (2019) evaluate the “safe-haven” properties of Bitcoin and gold for global economic policy uncertainty by applying the GARCH model and quantile regression. The study reveals that Bitcoin is more responsive to EPU shock, whereas gold exhibits stability by showing a marginal hedge and safe-haven coefficient. They also explain that under bullish and bearish market conditions, both gold and Bitcoin perform hedging properties with insignificant impact. Further evidence is available in the study by Wang et al. (2020). They reveal that Bitcoin return reaches the peak during economic uncertainty and the returns gradually decrease as uncurtaining diminishes stability. In another study, Wang et al. (2019) assess risk spillover effects arising from EPU on the Bitcoin performance by applying a multivariate quantile regression and causality tests. Studies establishing the negligible effects of EPU on Bitcoin in all quantile and Granger causality reveal no causal effects running from EPU on Bitcoin. Thus, they advocate that Bitcoin can be a haven for investors, especially during economic volatility.
2.2 Oil Price and Bitcoin
The role of oil price in predicting Bitcoin price and return volatility is also investigated in the literature (Ciaian et al., 2016). In a study, Palombizio and Morris (2012) postulate that oil price shocks indicate inflation by raising the general price level, resulting in the appreciation and depreciation of Bitcoin prices in the market. An increase in the economy’s price level results in shrinking economic progress and capital availability, thus adversely enticing Bitcoin markets (Bouoiyour et al., 2014). A growing number of researchers, including Van Wijk (2013), Guizani and Nafti (2019), and Bouri et al. (2017b), expose a negative association between oil market shocks and Bitcoin return. Wang et al. (2016) evaluated the impact of oil price on the daily volume trade and Bitcoin prices by applying VECM. The cointegration test results establish a long-run association among the variables. Moreover, considering the oil price elasticity on Bitcoin, the study discloses an insignificant effect in the short-run but statistically significant negative influences detected in the long-run. However, no association between the gold price and Bitcoin is also available in the empirical literature Briere et al. (2015), Das and Kannadhasan (2018). The empirical literature suggests that the co-movement of oil price and Bitcoin may not be true in all senses.
2.3 Gold Price and Bitcoin
The position of gold as a surrogate currency, inflation buffer, safe-haven asset, and its usage to achieve greater risk diversification in investor portfolios has received increased attention in the financial literature from policymakers, portfolio owners, and risk managers. After the abandonment of gold convertibility, this is especially the case. Gold’s function as a substitute currency represents its historical role as a store of wealth and trading media, being a valuable resource and widely regarded among diverse cultures. The substitute currency role of gold is often related to its more recent dollar hedge function. Its price volatility is closely linked to money rather than other macroeconomic and financial variables.
A growing number of researchers in the empirical literature evaluate the strategy of a safe haven through investigating the nexus between gold and Bitcoin, but conclusive evidence is yet to be disclosed. In a study, Bouoiyour and Selmi (2015) postulate that for commodity prices, especially silver and gold, Bitcoin can act as a haven; however, this benefit only prevails in the short run, and the effects gradually diminish as time progress. Hence, in the long run, the hedging capacity of Bitcoin is reduced. Dwyer (2015) observes in his findings that Bitcoin returns are more volatile than gold returns, and a similar line of conclusion is available in the study of Dyhrberg (2016).
Bouri et al. (2018) evaluate the effects of commodity prices on Bitcoin by using the daily data from July 17 2010 to February 2 2017, using the quantile nonlinear framework. Studies reveal that future Bitcoin price movements can be forecast by following aggregated commodity prices, especially gold. In contrast, Klein et al. (2018) establish that the gold and Bitcoin markets behave the opposite, and their connection to equity markets is fundamentally different because of distinct prosperities and possessions. They also advocate that only the asymmetric variance of gold markets is observed in Bitcoin return expectations. Thus, the “haven” tag for Bitcoin is not prominently established. In a study, Malik (2020) gauges the impact of gold price money supply on Bitcoin price in India for a period of 156 weeks spanning from 2017–2019 by using VECM. The study reveals that gold money supply and Bitcoin traded volume significantly influence prices. However, neutral effects between shocks in the gold market and Bitcoin performance are also established in the literature by Dyhrberg (2016), Erdas and Caglar (2018), and Das et al. (2020).
2.4 Limitations of the Existing Literature
Because of macro fundamentals, the Bitcoin price movement is apparent from the existing literature. Several studies have investigated the Bitcoin price movement with natural resource prices and economic policy uncertainties by using conventional economical tools. Asymmetrical effects of natural resource prices and uncertainties on Bitcoin performance have yet to be extensively investigated. The aim of the study is to establish a bridge by exploring fresh insight into explaining the asymmetric effects of natural resource prices and uncertainties on Bitcoin behavior both in the long run and short run.
3 DATA AND METHODOLOGY OF THE STUDY
3.1 Data and Variable Definition
This study considers four variables for the empirical model: Bitcoin return, gold price, crude oiling price, and the global economic policy uncertainty index. The study uses monthly time series data from May 2013 to December 2021. The return of Bitcoin derives from the natural logarithmic of the price difference, bt = 100*log(Pt/Pt-1). The Bitcoin price information is extracted from coindesk (2021);1. Pertinent information on gold price is exported from the World Gold Council (2021);2 and information on crude oil price from DailyFX (2021);3. The linkage between Bitcoin return and the oil price movement and Bitcoin return and gold price has been investigated under the assumption of a safe haven or diversifier (Gkillas et al., 2020). Significant research on the function of cryptocurrencies as a haven amid global financial crises has been carried out. Selmi et al. (2018) investigated the ability of cryptocurrencies to operate as hedges, safe havens, or diversifiers under market stress. The usefulness of Bitcoin in hedging against excessive oil price volatility is compared to that of gold in their research. They use a quantile technique to find possible divergences under a range of market scenarios and conclude that both assets might function as safe havens during times of economic instability. Furthermore, Guesmi et al. (2019) demonstrated that integrating Bitcoin in portfolios and investment methods that include oil, gold, and equities reduces risks by using a multivariate GARCH specification. For the proxy of global economic policy uncertainty (GU), studies by Lin (2020), Fang et al. (2019), and Wang et al. (2019) consider the GEPU index4, which is based on a study by Baker et al. (2016). Fang et al. (2019) emphasize the relevance of global economic or financial volatility when analyzing Bitcoin and other assets. As previously said, the ability of cryptocurrencies to function as a haven in a global financial catastrophe is important. Bouri et al. (2017b)and Bouri et al. (2017a) assess Bitcoin-based hedging options against global uncertainty using a quantile approach, with the American stock market’s volatility index acting as the first crucial component (VIX). They believe that Bitcoin may help investors with shorter investment horizons and reduce risks during instances of high market volatility. Both Demir et al. (2018) and Aalborg et al. (2019) come to the same conclusion: Bitcoin may be used to mitigate risk. The descriptive statistics and unconditional correlation are shown in Table 1.
TABLE 1 | Descriptive statistics and correlations.
[image: Table 1]3.2 The Methodology of the Study
Nowadays, Autoregressive Distributed Lagged (ARDL) has been applied extensively, for instance, by Qamruzzaman and Karim (2020). ARDL offers unique benefits over the existing conventional test of cointegration. According to Ghatak and Ju, (2001), ARDL has a more adaptive capacity for establishing relationships between variables, that is, regardless of sample size, it can be either small or finite, consisting of 30–80 observations. Second, the issue pertinent to a mixed order of integration is fully accommodated in ARDL. Third, Pesaran et al. (2001a) advocated that serial correlation and indignity can be resolved by selecting appropriate lags. Finally, empirical model estimation with ARDL can simultaneously produce long-run and short-run coefficients (Pesaran et al., 2001a). A basic ARDL model for these variables X, Y, and Z can be expressed as follows:
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where [image: image] are long-run coefficients whose sum is equivalent to the error correction term at the VECM model and [image: image], [image: image] , and [image: image] are short-run coefficients. The study performed linear ARDL following Pesaran et al. (2001b). The long-run elasticity is investigated by performing the following equations:
[image: image]
In recent times, the nonlinearity assessment in the empirical literature has become one of the main areas using either form of data (Xu et al., 2021; Zhuo and Qamruzzaman, 2021; Andriamahery and Qamruzzaman, 2022; Karim et al., 2022; Qamruzzaman, 2022; Xia et al., 2022; Zhuo and Qamruzzaman, 2022), that is, time series and panel data, especially after the inception of the nonlinear framework by Shin et al. (2014). Under the nonlinear framework, it is possible to detect the positive and negative shocks in the explanatory variable of the dependent variables both in the short run and long run (Ali et al., 2018; Qamruzzaman and Jianguo, 2018a; Qamruzzaman and Jianguo, 2018b; Qamruzzaman and Jianguo, 2018c).
The asymmetric long-run equation of Bitcoin return is
[image: image]
where bt is the return of Bitcoin in the period t, [image: image], [image: image], [image: image], [image: image], [image: image] , and [image: image] are the partial sum of positive and negative changes in global policy uncertainty, gold price, and oil price. The coefficient of [image: image] is the random disturbance. The nonlinear short-run and long-run equations for detecting asymmetry in this study are as follows:
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The decomposition of EU, G, and O estimates applies the following equations:
[image: image]
In the long and short run, asymmetry is investigated in the following ways.
First, the empirical model is to be estimated by applying OLS.
Second, three cointegration tests are to be performed for long-run asymmetry, that is, the F-test of Pesaran et al. (2001b), which involves the testing of the hypothesis “no cointegration” [[image: image]] against the alternative hypothesis [[image: image] ] or using the tBDM-test of Banerjee et al. (1998), involving the test of the null hypothesis of “no cointegration” [[image: image]] against the alternative of cointegration [[image: image]].
In the third step, the presence of long-run and short-run asymmetries is investigated. The long-run symmetry is evaluated by the null hypothesis of “long-run symmetry” ( [image: image], where [image: image] and [image: image], respectively, and short-run additive symmetry is investigated by testing the null hypothesis [image: image]
To assess the directional causality between Bitcoin return (bt), gold price (G), oil price (O), and global economic policy uncertainty (GU), we follow the framework proposed by Toda and Yamamoto (1995), widely known as the non-causality test. The assumption of exiting the Granger causality test, that is, some jointly zero parameters, is not valid with integrated variables. Therefore, to overcome the existing limitations in the traditional causality test, Toda and Yamamoto (1995) proposed a causality test using the modified WALD test with restrictions on a VAR parameter (k). The Toda and Yamamoto (1995) causality test is based on the idea of vector autoregressive at the level (P=K + Dmax) with a correct VAR order K and d as an extra lag, where d represents the maximum order of integration of the time series. We summarized the empirical model of the VAR system in the following equations, where each variable is treated as a dependent variable in the respective equations.
[image: image]
To detect the volatility in the system study, we introduce the following mean equation for GARH effect estimation.
[image: image]
The second model is the exponential GARCH effect.
[image: image]
4 MODEL ESTIMATION AND INTERPRETATION
4.1 Unit Root Test
Studies have performed tests of stationary following the ADF test (Dickey and Fuller, 1979), P-P test (Phillips and Perron, 1988), and KPSS test (Kwiatkowski et al., 1992) for detecting the variables’ integration order. The result of unit root tests is shown in Table 2. The study reveals that variables are of mixed order integration, that is, few variables are stationary at the level I (0), and few become the first difference I (1).
TABLE 2 | Results of the unit root test.
[image: Table 2]Next, the long-run cointegration among Bitcoin returns, goal prices, oil prices, and global economic policy uncertainty is investigated by the following the framework proposed by Johansen and Juselius (1990) and Johansen (1991). Table 3 shows the results of the cointegration test. The rejection of the null hypothesis, that is, “on cointegration,” confirms the presence of a long-run association in the equation.
TABLE 3 | Results of the cointegration test.
[image: Table 3]Next, the study assesses the long-run and short-run effects of EU, gold, and oil on Bitcoin returns by performing ARDL under the assumption of symmetry and asymmetry. Model estimation results, shown in Table 4 consist of panel-A for liner ARDL model outcomes and panel- B for nonlinear ARDL effects.
TABLE 4 | Results of ARDL and NARDL estimations.
[image: Table 4]Results of the long-run cointegration under ARDL (see panel A.1) confirm a long-run association in the empirical equation by rejecting the null hypothesis of “no cointegration,” a 1% level of significance. This finding suggests the existence of movements in the long run. Next, the long-run magnitudes of GU, oil, and gold on Bitcoin (see panel A.2) are evaluated. The study establishes adverse effects from shocks in GU (coefficient of −0078) and oil price (a coefficient of −0.034) toward Bitcoin returns. In contrast, the gold price (a coefficient of 0.035) is positively linked to Bitcoin returns. These findings suggest that Bitcoin performance’s stability immensely relies on the strength of the global economy and oil prices. Additionally, in the short run, adverse effects were established from GU (coefficient of −0.0693) and gold price (a coefficient of −0.047) to Bitcoin and a positive association between the oil price (a coefficient of 0.013) and Bitcoin. The error correction coefficient confirms the disequilibrium in the short-run rectification and reaches a long-run equilibrium at a speed of 51.2%.
Panel-B in Table 4 shows nonlinear ARDL estimation. The test statistics of Fpss, tBDM, and Wpss are statistically significant at a 1% level of significance, indicating the presence of asymmetric relations between GU, gold, oil, and Bitcoin. In the long run, studies reveal a negative linkage between GU’s asymmetry and the positive shock in gold with Bitcoin. Studies postulate that innovation causes GU in either direction, the responsiveness of Bitcoin is imperative, but positive shocks are more significant than adverse shocks. Furthermore, an upraising in the gold market can cause instability in the Bitcoin market because of investors’ perceptions and expectations about gold and Bitcoin in terms of hedging strategy. On the other hand, a positive link was established between the asymmetry of oil and adverse shocks in gold and Bitcoin, and the findings suggest that shocks in oil price can cause in Bitcoin either way. Moreover, positive shocks in oil are more prominent than negative shocks on Bitcoin, whereas adverse gold shocks can boost Bitcoin performance.
In the short-run, positive shocks in GE (coefficient of −0.023), adverse shocks in the gold price (a coefficient of −0.309), and positive and negative shocks in the oil price (coefficients of −0.008 and −0.006) established a negative link with Bitcoin return. Conversely, adverse shocks in GE (a coefficient of 0.0434) and positive innovation in gold price (a coefficient of 0.181) are positively linked with Bitcoin returns. Understanding short-run asymmetric effects, it is apparent that Bitcoin’s stable performance significantly relies on reducing the uncertainty concerning the global economic situation and the thriving of the gold market. Furthermore, the symmetry test results confirm the presence of asymmetry in both the long run and short run by rejecting the null hypothesis of symmetry at a 1% level of significance.
Next, the study applies the ARCH-LM test to evaluate the series’ volatility, and the results are shown in Table 5 andTable 6, The ARCH-LM test rejects the null hypothesis, indicating that the associate’s p-value of each test is statistically significant. These findings suggest that ARCH effects exist in the series. The coefficients of ARCH (column -1), GARCH (column -2), and EGARCH (column -3) are statistically significant at a 1% level of significance, indicating that the persistence of volatility prevails in all variables. The coefficient of α and β exposes a difference from the zero level that implies its capacity to predict future volatility with the lagged value of conditional variance and lagged residuals. Moreover, with the asymmetric effects in EGARCH, it is apparent that positive shocks in the market entice conditional volatility by 1.658, whereas negative shocks can cause a volatility by 0.342. Findings suggest that positive variation is more powerful than a negative impulse in the market.
TABLE 5 | Results of the volatility assessment.
[image: Table 5]TABLE 6 | ARCH (1), GARCH (1.1), and E-GARCH effects estimation.
[image: Table 6]The following study performed a Granger causality test for detecting the directional association between natural resource prices, uncertainties, and Bitcoin performance. The study has implemented a pair-wise Granger causality test and non-Granger casualty test following Toda-Yamamoto (1995). The results of the pair-wise causality test are shown in Table 7. Referring to test statistics, the study documented unidirectional causality between Bitcoin and gold price [BT→G]; oil price and Bitcoin performance [O→BT]; and global uncertainty and gold price. Furthermore, the feedback hypothesis explains the causality between global uncertainty and Bitcoin performance [BT←→GU]. Considering the pair-wise causality test results, it is obvious that oil price and global economic uncertainty play a critical role in Bitcoin behavior.
TABLE 7 | Results of the pair-wise Granger causality test.
[image: Table 7]The results of directional causality following Toda and Yamamoto (1995) are shown in Table 8. Studies have established several causal relationships in the model estimation. However, the feedback hypothesis explains the directional causality between global economic policy uncertainty and Bitcoin return [GU←→Bitcoin] and oil price and global economic policy uncertainty [O←→GU]. These findings suggest that global economic stability is critical for both the Bitcoin and oil markets and vice versa. Thus, it is imperative to have a continuous closer look at the oil markets’ movement because instability in global economic progress can cause virtual currency markets. Furthermore, the study also divulges unidirectional causality running from oil market price to Bitcoin [O→bt] and global economic policy uncertainty to the gold market [GU→G].
TABLE 8 | Results of the Toda–Yamamoto test for dmax = 4.
[image: Table 8]4.2 Robustness Test
The following section further investigates estimation accuracy with the daily basis data by using dynamic OLS, fully-modified OLS, and canonical cointegrating regression (CCR). The robustness test results, especially for the long-run, are shown in Table 9. The coefficients sign confirms the accuracy of the long-run coefficient derived from autoregressive distributed lagged (ARDL).
TABLE 9 | Robustness check.
[image: Table 9]5 FINDINGS AND CONCLUSION
Bitcoin emerged as a focal point in the financial investment goal with Fintech’s growth. Digital currency progress gives investors greater ways to diversify their investments. Several national governments have presently approved Bitcoin as a currency, and recent research supports Bitcoin’s currency function, which can also be used for investing and hedging. The study’s aim is to gauge the impact of GU, gold, and oil on Bitcoin returns from April 2013 to December 2021. The study applies linear and nonlinear ARDL to evaluate symmetric and asymmetric effects on Bitcoin returns in the long and short run. The ARCH-GARCH model was used to capture the presence of volatility and directional causality defects following the non-Granger causality test of Toda and Yamamoto (1995).
Results of unit root tests confirm that variables are integrated in a mixed order, indicating that the null hypothesis of the unit root rejected either at a level I (0) or after the first difference I (1). However, neither variable exposes stationary after the second difference. The availability of long-run cointegration assets by performing a cointegration test following Johansen (1991) and results reveal at least one cointegration equation with either Max Eigen or Trace Statistics.
The results of Fpass, Wpass, and tBDM reject the null hypothesis of no cointegration because all test statistics are statistically significant at a 1% level of significance. In the long run, the coefficients of GE expose adverse effects running toward Bitcoin performance, which is in line with the studies performed by Bouri et al. (2017a), Demir et al. (2018), and Guesmi et al. (2019). In a study, Wang et al. (2020) advocate that economic policy uncertainty causes volatility in Bitcoin’s trade volume, provided that a higher Bitcoin return exposes economic uncertainty. It suggests that the investor’s perception of Bitcoin is a “haven” for investment.
The asymmetric effects of global economic policy uncertainty, gold price, and oil price on Bitcoin: Fpss, Wpss, and tBDM ascertain the long-run asymmetry association in the equation. Furthermore, in the long-run asymmetry, the shock of GU and positive shocks in gold price are negatively linked to Bitcoin return. In contrast, asymmetry shock in oil price and negative shocks in gold price expose the positive linkage to Bitcoin return. These findings suggest that predicting the Bitcoin market performance under the asymmetry shock can play a decisive role; thus, complete consideration is obligatory for policy formulation.
The results of the causality tests following Toda and Yamamoto (1995) reveal bidirectional causality running between global economic policy uncertainty and Bitcoin return [GU←→ Bitcoin]. This finding suggests that the feedback hypothesis explains the causality between GU and Bitcoin. Furthermore, unidirectional causality runs from oil to Bitcoin [O→ Bitcoin] and Bitcoin to gold price [ Bitcoin →G]. The findings are in line with the findings by Atik et al. (2015). However, the finding establishes a contradictory position against the finding revealed by Kang et al. (2019).
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Constant With C& T
Panel- A: At a level
BR  -9320°  -9.324° 0057 -9202°  -9296° 0053
G -0179 0118 0717°  -1272  -0994  0243°
GU  -2226 1989 1052  -5204°  -5202° 0092
o -2.281 -2137  0494* 2327  -2356  0.180°
Panel- B: After first difference
BR -11.157° -32.185° 0098 -11.088° -32002° 0.091°
G -985° -9925° 032° -10.146° -11661° 0.108°
GU  -12690° -33083° 0348° -12619° -31646° 0301°
O -8050° -7522° 0117  -8033"  -7.557*  0.002°

Note: GU stands for global economic policy uncertainty; O denotes oil price; G the gold
price; and BT Bitcoin returns, respectively.
“denotes significance at a 1%/5%/10%, respectively.
bdenotes significance at a 1%/5%/10%, respectively.
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