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1. Introduction  

The identification of a reliable safe-haven asset during periods of financial distress remains a 

central issue in international finance. Several candidates have been proposed, including Gold, 

WTI crude oil futures, Treasury bonds, and major stock market indices. To qualify as a-safe 

haven, an asset should be traded in deep and liquid markets, be readily accessible to 

international investors, and benefit from transparent pricing mechanisms and efficient electronic 

trading platforms. Most importantly, its dependence on equity and commodity markets should 

not intensify during episodes of market stress, while its lower-tail dependence should remain 

limited. An asset cannot be considered a safe-haven if its co-movement with other markets 

increases significantly during crises or if it becomes exposed to heightened downside risk. 

Furthermore, the safe-haven properties of a given asset are not immutable and may evolve in 

response to changing economic, financial, and geopolitical conditions. In an increasingly 

financialized global economy, crises are frequently characterized by contagion effects that 

propagate rapidly across markets and asset classes.1  

The period examined in this study, spanning January 2015 to July 2025, encompasses a 

sequence of exceptional global economic and financial disruptions. The lingering consequences 

of the Eurozone sovereign debt crisis continued to weigh on financial markets between 2015 and 

2019 despite the adoption of unconventional monetary policies. These challenges were followed 

by the COVID-19 pandemic (2019–2021), which severely weakened the global economic 

outlook, triggering sharp contractions in output and substantial increases in unemployment. As 

economic activity resumed, supply-side constraints—particularly in energy markets—combined 

with a resurgence in demand to generate widespread shortages and elevated energy prices, 

disproportionately affecting European and emerging-market economies. Between 2021 and 

2023, inflation accelerated sharply worldwide, prompting central banks to undertake aggressive 

monetary tightening. Rising borrowing costs amplified financial market volatility and increased 

recessionary risks. The Russian invasion of Ukraine in February 2022 further intensified pressures 

in energy markets, reinforcing inflationary dynamics and slowing global economic growth.  

Given the increasingly international nature of financial and banking crises, identifying assets 

capable of mitigating the adverse effects of contagion on portfolio performance remains of 

paramount importance. Within this context, a substantial body of literature has identified Gold 

as a strategic asset capable of serving as an international safe-haven during periods of market 

stress. However, Gold's very success in this role may prove self-limiting, as surges in demand 

can foster speculative dynamics and heightened price volatility. This observation raises the 

question of whether alternative assets, potentially offering greater stability, may compete with 

Gold in fulfilling the safe-haven function.  

                                                      
1 While definitions of contagion vary, the most suitable in the context of this analysis is the transmission of financial 

turmoil across markets, countries, or institutions beyond what can be explained by fundamental economic factors. 
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In this essay, we investigate the transmission of dependence across major financial assets and 

two pivotal commodities. Our analysis first evaluates the remarkably resilient role of Gold as a 

hedging and safe-haven instrument and then compares its performance with that of WTI crude 

oil futures as an alternative strategic commodity. The proposed framework provides a flexible 

approach to modelling time-varying dependence structures without requiring arbitrary 

definitions of contagion episodes or extreme market events. Because dependence is allowed to 

evolve endogenously over time, the analysis can focus directly on tail dependence and assess 

whether distinct patterns of co-movement emerge across different volatility regimes.  

Recent research on cross-market linkages has increasingly focused on the interactions among 

safe-haven assets, traditional commodities, equity indices, and, more recently, 

cryptocurrencies.2 A first strand of the literature compares Gold and Bitcoin as potential hedging 

and contagion-transmission vehicles relative to global equity and energy markets. Using a TVP-

VAR framework encompassing Gold, Bitcoin, Oil, and global stock indices during the COVID-19 

period, Wen et al. (2022) find that Gold retains a robust safe-haven and hedging role vis-à-vis 

both oil and equity markets, whereas Bitcoin behaves primarily as a speculative asset that 

amplifies shocks during turbulent periods. Similar conclusions are reported by Chemkha et al. 

(2021) and Kayral et al. (2023), who show that Gold consistently provides downside protection 

during crises, while Bitcoin's correlation with risky assets rises sharply in stress regimes, 

undermining its safe-haven credentials. The emerging consensus therefore characterizes Gold 

as a conditional safe-haven whose effectiveness is strongest during episodes of acute market 

stress, whereas Bitcoin appears to function mainly as a diversifier in tranquil periods before 

becoming part of the contagion core during crises.  

A second strand of the literature examines volatility and return spillovers between commodity 

and equity markets using TVP-VAR connectedness measures (Ahmadian-Yazdi et al. 2025). 

These studies reveal substantial time variation in equity–commodity connectedness and strong 

sensitivity to crisis conditions. Energy futures, particularly Oil and Natural Gas, emerge as 

important net transmitters of volatility, while Gold generally acts as a net receiver of shocks, 

consistent with its role as a hedging instrument. Beyond aggregate connectedness, several 

contributions emphasize heterogeneity across investment horizons and market conditions. 

Younis et al. (2023), combining wavelet decomposition and TVP-VAR analysis, find that 

connectedness between Gold, Oil, and global equity markets intensifies significantly during crises 

and is particularly pronounced at higher frequencies. Gold's safe-haven role is shown to depend 

both on the investment horizon and the specific crisis episode under consideration. Similarly, 

Sahoo (2024) demonstrates that total connectedness between Crude Oil, Gold, and global equity 

(traditional and sustainable) indices rises markedly during periods of heightened uncertainty. 

                                                      
2 A renewed attention to the role of gold as safe-haven asset in crisis periods was sparked by influential papers by Baur 

and Lucey (2010), Baur and McDermott (2010), Coudert and Raymond (2011), Reboredo (2013), Beckmann et al. 
(2015), Bredin et al. (2015), Hasan et al. (2021), Akhtaruzzaman et al. (2021) and Wang et al. (2023), among others, 
using increasingly sophisticated statistical techniques. These papers usually detect a safe-haven role of Gold. 
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Although portfolio diversification benefits are enhanced by the inclusion of Gold and Oil, 

contagion remains significant during extreme market conditions.3  

Within the copula framework, contagion is typically characterized by three stylized features: (i) 

a discrete increase in dependence during crisis periods, reflected in higher dependence 

parameters; (ii) stronger lower-tail dependence; and (iii) greater asymmetry in dependence, 

whereby downside co-movements intensify more than upside co-movements. To streamline the 

analysis, we focus on the dependence between Gold and WTI Crude Oil Futures and a set of 

major financial market indices. The selection of Gold and WTI Futures as focal points of the 

dependence network is motivated by two distinct transmission channels. Gold primarily captures 

the safe-haven, monetary, and crisis-hedging channel, whereas WTI futures reflect the energy, 

inflation, and real-economy risk channel. Using weekly returns, we uncover strong evidence of 

shifts in dependence structures during episodes of U.S. stock market turbulence, accompanied 

by changes in investors' relative demand for Gold. To assess the robustness of our findings, we 

complement the Gaussian copula with the Clayton copula. The latter is particularly effective in 

detecting lower-tail dependence and crisis-driven contagion, while the Gaussian copula provides 

a benchmark characterized by symmetric dependence and the absence of tail co-movement.4 

Whereas the Gaussian specification may underestimate crisis risk because it cannot generate tail 

dependence, the Clayton copula focuses explicitly on joint downside events. Estimating both 

models therefore allows us to distinguish between general stress-induced co-movements and 

crisis-specific downside contagion, providing a richer assessment of an asset's role as a hedge 

and safe- haven across volatility regimes.  

From a methodological perspective, the literature has increasingly converged on time-varying 

and nonlinear measures of dependence, including TVP-VAR connectedness models, quantile and 

tail-based spillover measures, wavelet decompositions, and regime-switching GARCH and VAR 

frameworks. In this paper the Gaussian and Clayton copula parameters are modeled as Logistic 

Smooth Transition (LSTAR) functions of a transition variable, while the marginal distributions 

follow GARCH processes. We refer to these specifications as LSTAR-GARCH Gaussian and LSTAR-

                                                      
3 Within the commodity block, recent work identified distinct roles for energy and industrial metals, justifying our 

selection of WTI Oil Prices as second bivariate copula pivot. The COVID pandemic is followed by a flurry of papers 
assessing relative connectedness. Cunado et al. (2024) investigate realized-volatility spillovers between energy markets 
(Crude Oil, Natural Gas, Heating Oil) and industrial metals such as Copper, using a time-varying connectedness 
approach. Oil and Gas are strong transmitters in earlier subsamples, but more recent data indicate some increasing 
“immunity” of industrial metals to energy volatility, hinting at evolving contagion channels. In a multi-asset setting that 
includes Bitcoin, Kyriazis et al. (2024) show that Copper is a dominant net transmitter of shocks, while Natural Gas, 
precious metals and Bitcoin are more often net receivers. Pakrooh and Manera (2024) further document that Oil and 
Copper act as effective channels of volatility transmission from energy and metals markets to European equity indices 
and the EU carbon market. These findings collectively support a view of WTI and Copper as central contagion senders, 
with Natural Gas and Bitcoin more peripheral but increasingly integrated in crises. 
4 It should be stressed that the Gaussian model measures whether diversification benefits deteriorate (or improve) in 

turbulent markets but does not distinguish whether co-movement is concentrated in extreme negative outcomes. In 
other words: the Gaussian copula captures changes in overall correlation but not crisis-specific downside contagion. The 
Clayton copula allows strictly positive lower-tail dependence, i.e. that extreme negative returns can occur jointly with 
non-zero probability even when overall correlation is moderate. 
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GARCH Clayton copulas. Modeling Gold, Bitcoin, the DJIA, FTSE-MIB, WTI Crude Oil, Natural 

Gas, Copper, and Bund Futures dynamics within this regime switching framework—originally 

developed by Petričková and Komorníková (2012)—enables the endogenous identification of low- 

and high-contagion regimes and facilitates an assessment of how the roles of safe-haven, 

speculative, and commodity assets evolve across them. This highly flexible approach links shifts 

in dependence to a transition variable, represented here by the VIX index, thereby associating 

changes in market stress with changes in the nature and intensity of asset co-movements. 

Building on the seminal contribution of Patton (2006), the model allows copula parameters to 

vary systematically with crisis conditions. In doing so, it improves upon earlier regime-switching 

approaches such as Rodriguez (2007), Chollette et al. (2008), Lee (2009), and Garcia and 

Tsafack (2011), which identify dependence shifts without explicitly linking them to an observable 

transition mechanism.5  

The primary contribution of this paper lies in the additional insights provided by binary dynamic 

copula models into the evolution of intermarket dependence. During periods of severe 

turbulence, simultaneous and often idiosyncratic shifts in asset returns may undermine the 

reliability of conventional multivariate estimation techniques. A detailed pairwise analysis is 

therefore warranted. The interaction between complementary copula specifications provides a 

transparent and robust assessment of intermarket dependence dynamics.  

The main findings of the paper can be summarized as follows: 

- The VIX index emerges as the most relevant transition variable driving LSTAR-GARCH 

copula regime shifts, confirming the central role of the U.S. equity market in shaping 

global financial sentiment.  

- Gold futures constitute the dominant epicentre of the dependence transmission 

mechanism, overshadowing the role of WTI crude oil futures.  

- Evidence of herding behaviour is detected in most Gaussian copulas involving Gold. The 

notable exceptions are the Gold–Copper and Gold–Natural Gas pairs, where large 

negative dependence estimates suggest diversification and safe-haven properties.  

- WTI crude oil appears to outperform Gold as a portfolio diversification instrument in 

several cases, particularly in the WTI–DJIA, WTI–Bund, and WTI–Copper pairings, where 

dependence estimates are negative.  

- Clayton copula estimates indicate that lower-tail dependence remains comparatively 

stable despite the dependence shifts detected by the Gaussian copulas, suggesting that 

crisis-induced changes primarily affect overall dependence rather than extreme downside 

co-movements.  

The remainder of the paper is organized as follows. Section 2 presents the LSTAR-GARCH 

dynamic copula framework used to model time-varying dependence. Section 3 describes the 

                                                      
5 An interesting improvement in this context is provided by the Markov-Switching Generalised Autoregressive Score 
(SGASC) approach of Bernardi and Catania (2015), which links the regime switching to the scaled score of the conditional 
copula distribution.  
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data and discusses the empirical results. Section 4 provides a graphical analysis of dependence 

dynamics, while Section 5 concludes.  

 

2. LSTAR–GARCH Dynamic Gaussian and Clayton Copulas 

2.1 Marginal Models 

Let 𝑟𝑖,𝑡denote the return on asset 𝑖 ∈ {1,2}. Each marginal follows an GARCH(1,1) process:  

𝑟𝑖,𝑡 = 𝜇𝑖,𝑡 + 𝜀𝑖,𝑡,                                             (1) 

  𝜀𝑖,𝑡 = 𝜎𝑖,𝑡𝑧𝑖,𝑡,    𝜎𝑖,𝑡
2 = 𝜔𝑖 + 𝛼𝑖𝜀𝑖,𝑡−1

2 + 𝛽𝑖𝜎𝑖,𝑡−1
2 .    (2) 

 

The standardized innovations satisfy 

𝑧𝑖,𝑡 ∣ ℱ𝑡−1 ∼ 𝑡𝜈𝑖
(0,1), 

where 𝑡𝜈𝑖
(0,1)denotes a standardized Student-t distribution with unit variance. 

The probability integral transforms (PITs) are constructed as 

𝑢𝑖,𝑡 = 𝐹𝑡𝜈𝑖
(𝑧̂𝑖,𝑡),      𝑢𝑖,𝑡 ∈ (0,1),                         (3) 

 

where 𝑧̂𝑖,𝑡 =
𝜀̂𝑖,𝑡

𝜎̂𝑖,𝑡
   and 𝐹𝑡𝜈𝑖

 denote, respectively, the standardized residuals and the 

standardized Student-t cumulative distribution function. 

By Sklar’s theorem, the conditional joint distribution can be written as 

Pr (𝑟1,𝑡 ≤ 𝑥1, 𝑟2,𝑡 ≤ 𝑥2 ∣ ℱ𝑡−1) = 𝐶𝑡(𝑢1,𝑡, 𝑢2,𝑡),     (4) 

 

where 𝐶𝑡(⋅,⋅)is a time-varying copula. 

Following Silvennoinen and Thorp (2013), Beckmann et al. (2015), and related studies, we 

introduce a Logistic Smooth Transition Autoregressive (LSTAR) component, originally proposed 

by Teräsvirta (1994). Let 𝑤𝑡 denote the transition variable. The transition function is assumed 

to depend on its lagged value according to 

 

𝐺𝑡 =
1

1+exp {−𝛾(𝑤𝑡−1−𝑐)}
,   𝛾 > 0.                          (5) 

 

Where c is the threshold parameter and 𝛾 controls the speed of transition between regimes. 

Dependence varies smoothly with market stress: if 𝑤𝑡−1 < 𝑐 and 𝐺𝑡 tends to 0 the market is in 

a low-stress state, whereas, if 𝑤𝑡−1 > 𝑐 and 𝐺𝑡 tends to 1, the market is in a high-stress state. 
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2.2 The Copula Models 

The Gaussian copula captures symmetric dependence dynamics, whereas the Clayton copula 

captures asymmetric lower-tail dependence. Together, these specifications allow us to assess 

whether joint downside risk intensifies during periods of market turmoil. 

The Gaussian copula is defined as 

𝐶𝑡(𝑢1,𝑡, 𝑢2,𝑡; 𝜌𝑡) = Φ2(Φ−1(𝑢1,𝑡), Φ−1(𝑢2,𝑡); 𝜌𝑡),         (6) 

where Φ2(⋅,⋅; 𝜌𝑡) denotes the bivariate standard normal cdf with correlation 𝜌𝑡. 

Let 

𝑥𝑡 = Φ−1(𝑢1,𝑡),    𝑦𝑡 = Φ−1(𝑢2,𝑡). 

To ensure ∣ 𝜌𝑡 ∣< 1, we introduce a latent variable 𝐾𝑡 

𝜌𝑡 = sin (𝐾𝑡). 

The Gaussian copula log-density is 

log𝐶𝐺𝑡 = −
1

2
log(1 − 𝜌𝑡

2) −
1

2(1−𝜌𝑡
2)

((𝑥𝑡
2 + 𝑦𝑡

2)𝜌𝑡
2 − 2𝜌𝑡𝑥𝑡 𝑦𝑡)       (7) 

Since the latent dependence index follows an LSTAR level-switching structure: 

𝐾𝑡 = 𝑎1 + (𝑎2 −  𝑎1)𝐺𝑡 ,            (8)  

The time-varying correlation reads as 

𝜌𝑡 = sin(𝑎1 + (𝑎2 − 𝑎1)𝐺𝑡 )     (8’) 

 

where: 𝑎1 is the low-stress level and 𝑎2 is the high-stress level which correspond to the two 

LSTAR limit states, low when 𝐺𝑡 ≈ 0  and high when 𝐺𝑡 ≈ 1. 

𝜌(𝐿) = sin(𝑎1) , 𝜌(𝐻) = sin (𝑎2). 

If 𝜌(𝐻) > 𝜌(𝐿), correlation increases during stress episodes. 

As usual the parameters (𝑎1
, 𝑎2

, 𝛾, 𝑐) are estimated by maximum likelihood. 

In logs, the Clayton copula density is given by 

log 𝐶𝐶𝑡(𝑢1𝑡, 𝑢2𝑡; 𝜃) = log(1 + 𝜃) − (1 + 𝜃)(log 𝑢1𝑡 + log 𝑢2𝑡) 

− (2+
1

𝜃
) log (𝑢1𝑡

−𝜃 + 𝑢2𝑡
−𝜃 − 1),          𝜃𝑡 > 0.           (9) 

Let 𝜃𝑡 be the time-varying dependence parameter  

Positivity is ensured by defining 

𝜃𝑡 = exp (𝜂𝑡). 
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The log-parameter follows an LSTAR structure: 

𝜂𝑡 = 𝜂(𝐿) + (𝜂(𝐻) − 𝜂(𝐿))𝐺𝑡 = 𝑏0 + 𝑏1𝐺𝑡 + 𝑏2(1 − 𝐺𝑡) 6      (10) 

or, equivalently,    

𝜂𝑡 = (𝑏0 + 𝑏2) + ((𝑏0 + 𝑏1) − (𝑏0 + 𝑏2))𝐺𝑡.        (10’) 

Thus, 

𝜃(𝐿) = exp (𝜂(𝐿)),   𝜃(𝐻) = exp (𝜂(𝐻)). 

 

To avoid numerical instability, it is usually assumed that 

𝜃𝑡 = clip(exp (𝜂𝑡), 𝜃min, 𝜃max).             (10”) 

 

The Clayton copula implied Kendall’s rank correlation coefficient 𝜏𝑡 and the coefficient of lower 

tail dependence   𝜆𝐿,𝑡 read, respectively as 

                                          𝜏𝑡 =
𝜃𝑡

𝜃𝑡+2
,      𝜆𝐿,𝑡 = 2−1/𝜃𝑡 .              (11) 

In both copula specifications, dependence evolves smoothly between low-stress and high-stress 

states as market uncertainty changes. The threshold parameter c identifies the level of the VIX 

at which the transition occurs, whereas 𝛾 determines the abruptness of the response. 

The Clayton copula allows for strictly positive lower-tail dependence, implying that extreme 

negative returns may occur jointly with non-zero probability even when overall correlation 

remains moderate.  If θ(H) > θ(L), then λL
(H)

> λL
(L)

, implies contagion, joint downside risk during 

stress, whereas if θ(H) ≤ θ(L), the selected asset (e.g. gold) preserves (or strengthens) it’s safe-

haven role. 

The joint interpretation of the Gaussian and Clayton copulas provides valuable insights. While 

the Gaussian copula measure    s changes in overall dependence, the Clayton copula reveals 

whether crisis periods are characterized by an intensification of extreme joint losses beyond 

what can be explained by changes in correlation alone. 

More specifically, if the Gaussian copula indicates rising correlation while the Clayton copula 

shows little variation in lower-tail dependence, the asset may still function as a weak safe-haven: 

overall co-movement increases, but extreme joint losses do not become substantially more likely. 

Conversely, if both correlation and lower-tail dependence increase, the asset exhibits pro-cyclical 

behaviour and loses part of its hedging effectiveness. Finally, if correlation remains stable or 

declines while lower-tail dependence remains low, the asset can be regarded as a strong safe- 

haven, maintaining its diversification benefits during periods of elevated market stress. 

It should be emphasized that, within this framework, both the level and the dynamics of 

dependence evolve smoothly across regimes. 

 

                                                      
6 The second specification was adopted in the estimation to facilitate maximum likelihood convergence, 
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3. Empirical Analysis 

 

3.1 Preliminary Statistical Analysis 

The sample covers the period from January 2015 to June 2025. Weekly observations are 

collected from the Investing.com and FRED databases. The variables considered include one-

month WTI crude Oil futures prices (OIL), one-month Copper futures prices (HGN6), one-month 

Natural Gas futures prices (NGN6), the EUR/USD spot exchange rate (EURUSD), Bund futures 

prices (FGBLU6), one-month Gold futures prices (GCQ6), the FTSE MIB index (FTMIB), the Dow 

Jones Industrial Average Index (DJI), and the CBOE Volatility index (VIX).7 

The analysis focuses on percentage returns. Consistent with the existing literature, the return 

series are generally characterized by weak serial correlation, pronounced leptokurtosis, 

departures from normality, and, with one exception, substantial conditional heteroskedasticity. 

Furthermore, the significance of the BDS test statistics provides evidence of nonlinear dynamics, 

thereby motivating the use of nonlinear dependence models such as the LSTAR–copula 

framework developed in this study. 

Table 1. Preliminary Statistical Analysis 
Weekly Data 

 
01/01/2015 – 01/06/2025 

Weekly 
Returns (%) 

Mean St.Dev. Sk. Kurt. BDS(2) AR(1) AR(2) ARCH(1) ARCH(2) ADF 
(0,c) 

JB 

Gold Fut 0.186 2.062 0.088 5.300 2.852 
[0.004] 

2.904 
[0.088] 

3.073 
[0.215] 

8.542 
[0.003] 

75.285 
[0.000] 

-25.333 
[0.000] 

122.607 
[0.000] 

EUR/USD -0.002 1.111 0.009 1.617  3.197 

[0.073] 

4.495 

[0.105] 

17.468 

[0.000] 

20.401 

[0.000] 

-25.401 

[0.000] 

60.299 

[0.000] 

DJIAI 0.168 2.404 -1.147 14.243 7.162 

[0.000] 

5.469 

[0.019] 

5.994 

[0.050] 

95.109 

[0.000] 

128.78 

[0.000] 

-25.907 

[0.000] 

3033.4 

[0.000] 

Bd Fut 0.051 0.952 -0.442 6.110 3.701 

[0.000] 

0.284 

[0.866] 

0.086 

[0.958] 

10.583 

[0.010] 

15.387 

[0.000] 

-20.413 

[0.000] 

240.907 

[0.000] 

MIB -0.113 2.245 1.985 12.875 10.614 

[0.000] 

111.40 

[0.000] 

111.45 

[0.000] 

142.94 

[0.000] 

161.850 

[0.000] 

-16.473 

[0.000] 

2478.8 

[0.000] 

WTI Fut 0.048 5.681 -0.451 8.131 4.772 

[0.000] 

7.969 

[0.005] 

13.376 

[0.001] 

88.504 

[0.000] 

188.540 

[0.000] 

-17.434 

[0.000] 

625.581 

[0.000] 

NtG Fut -0.010 8.108 -0.260 4.168 2.677 

[0.007] 

0.754 

[0.385] 

2.376 

[0.305] 

2.139 

[0.144] 

14.424 

[0.001] 

-24.329 

[0.000] 

37.698 

[0.000] 

Cop Fut 0.087 3.294 -1.005 10.926 1.144 

[0.253] 

0.646 

[0.421] 

0.872 

[0.646] 

0.046 

[0.829] 

0.081 

[0.960] 

-24.321 

[0.000] 

1540.89 

[0.000] 

Bitcoin 1.109 8.034 -0.348 6.398 4.933 

[0.000] 

31.373 

[0.000] 

34.112 

[0.000] 

13.587 

[0.000] 

21.676 

[0.000] 

-18.499 

[0.000] 

277.252 

[0.000] 

Notes. Sk.: skewness; Kurt.: kurtosis;  Probability values in square brackets; AR(k): Ljung-Box test statistic for k-th 
order serial correlation of the time series; ARCH(k): Ljung-Box test statistic for k-th order serial correlation of the squared 
time series; ADF(n, c): Augmented Dickey Fuller unit root test statistic, with a constant term and nth order autoregressive 
component; JB: Jarque Bera test statistic for normality of the data distribution; BDS(k): test statistic, with embedding 
dimension k, of the null that the time series, filtered for a first order autoregressive structure, is independently and 
identically distributed.8 

 

 

                                                      
7 Reported here are the Investing.com acronyms. 
8 Analogous results are obtained for unfiltered returns, with embedding dimensions varying from 2 to 6. 
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3.2 Gaussian Copula LSTAR-GARCH Analysis 

The Gaussian and Clayton copulas capture distinct dimensions of dependence dynamics. 

Estimating both copulas within the same LSTAR–GARCH framework enables us to discriminate 

between changes in symmetric correlation structures and increases in tail dependence associated 

with periods of market stress. Table 2 reports the Gaussian copula estimates of equations (5), 

(7) and (8’) for the dependence between the rates of change of WTI crude oil futures (nearest-

to-maturity contract) and Gold futures, and the returns of a range of key financial assets, 

including Bitcoin, the EUR/USD exchange rate, the DJIA index, Bund futures, the FTSE MIB index, 

and one-month-to-delivery Natural Gas and Copper futures contracts. Overall, the estimation 

results are satisfactory, particularly for copulas involving Gold futures. The null hypothesis of 

equal dependence across regimes (𝐿𝜌𝐿=𝜌𝐻
 ) is always rejected, except for the copula linking Gold 

futures and Bund futures returns. 

Table 2. 
Gaussian Copula Kendall’s Tau under a VIX/100 LSTAR Transition Function 

log𝐶𝐺𝑡 = −
1

2
log(1 − 𝜌𝑡

2) −
1

2(1−𝜌𝑡
2)

((𝑥𝑡
2 + 𝑦𝑡

2)𝜌𝑡
2 − 2𝜌𝑡𝑥𝑡 𝑦𝑡)  (7), 𝜌𝑡 = sin(𝑎1 + (𝑎2 − 𝑎1)𝐺𝑡 , )(8’), 

 𝐺𝑡 =
1

1+exp {−𝛾(𝑤𝑡−1−𝑐)}
,   𝛾 > 0.  (5) 

 

GAUSSIAN 
WTI Fut 

WTI Fut 
Bitcoin 

WTI Fut 
€/$ 

WTI Fut 
DJIAI 

WTI Fut 
Bd Fut 

WTI Fut 
MIB 

 
 

WTI  Fut 
NtG Fut 

WTI Fut 
Cop Fut 

𝑎1 -5.289      

[-6.923] 

-0.033        

(-0.461) 

0.274       

(6.027) 

-0.267 

(-3.337) 

14.360     

(2.736) 

- 0.165        

(2.156 

0.339        

(8.562) 

𝑎2 0.811       

(1.541) 

71.025        

(3.605) 

0.246      

(0.552) 

34.858         

(4.510) 

-0.049 

(-0.682) 

- -55.068       

(-0.821) 

-1.616      

(-2.377) 

𝛾 2.548       

(3.843) 

10.077         

(7.249) 

4.358       

(2.561) 

9.260        

(10.869) 

43.706      

(3.151) 

- 16.993        

(1.119) 

59.582     

(2.156) 

C -0.604     

(-2.532) 

0.847        

(33.845) 

3.789       

(1.492) 

0.783        

(35.098) 

0.012      

(0.559) 

- 0.642         

(5.017) 

0.310       

(16.967) 

𝐿𝜌𝐿=𝜌𝐻
 2.462 

[0.116] 

1.689 

[0.193] 

4.79e-08 

[0.999] 

2.324 

[0.127] 

2.166 

[0.141] 

- 1.289 

[0.256] 

15.122** 

[0.000] 

LLF 1.953 1.503 20.025 6.646 0.563 - 6.140 35.708 

AIC 4.093 4.993 -32.051 -5.291 6.875 - -4.281 -63.415 

         

GAUSSIAN 

GOLD Fut 

GoldFut 

Bitcoin 

Gold Fut 

€/$ 

Gold Fut 

DJIAI 

Gold Fut 

Bd Fut 

Gold Fut 

MIB 

Gold Fut 

WTI Fut 

Gold Fut 

NtG Fut 

Gold Fut 

Cop Fut 

𝑎1 -0.030     

(-0.528) 

-4.116 

( -8.147) 

-0.098         

(-2.003) 

0.161 

(2.041) 

115.906         

(6.102) 

-0.146 

(-2.773) 

-0.007        

(-0.127) 

0.050        

(1.103) 

𝑎2 0.245      

(2.507) 

7.258        

(9.444) 

0.277          

(2.226) 

28.831 

(0.431) 

-0.188 

(-4.806) 

157.880       

(12.816) 

3.888        

(17.916) 

-2.038      

(-38.192) 

𝛾 35.672       

(1.255) 

0.301        

(4.372) 

228.614       

(1.109) 

9.568 

(8.855) 

12.569         

(37.217) 

9.544         

(14.883) 

90.286        

(3.180) 

2.529       

(94.116) 

C 0.187      

(6.463) 

1.725      

(5.281) 

0.215         

(12.846) 

0.924 

(3.833) 

-0.346 

(-6.348) 

0.903        

(22.435) 

0.302       

(206.071) 

7.696       

(96.011) 

𝐿𝜌𝐿=𝜌𝐻
 3,036* 

[0.078] 

7.354** 

[0.007] 

9.017** 

[0.003] 

0.125 

[0.723] 

4.405** 

[0.035] 

5.731** 

[0.017] 

3.056** 

[0.080] 

4.252** 

[0.039] 

LLF 2.519 18.262 4.887 9.003 2.276 2.908 1.528 0.666 

AIC 2.960 -28.523 -1.774 -10.007 3.447 2.183 4.942 6.667 

Notes. 𝐿𝜌𝐿=𝜌𝐻
: Likelihood ratio test of the null hypothesis that 𝜌𝐿  =  𝜌𝐻; *: significant at the 10 percent level; 

**: significant at the 5 percent level; AIC:  Akaike Information Criterion. 

 

The relevance of the WTI futures copula estimates appears more limited, as the single-regime 

specification is rejected only for the copula linking WTI and Copper futures returns. The relatively 



11 
 

large values of the transition-speed parameter, γ, suggest that the dependence dynamics of the 

Gold–Bitcoin, Gold–DJIA, and Gold–Natural Gas futures copulas are closer to a Threshold 

Autoregressive (TAR) specification than to a smooth-transition process. 

Table 3 reports the dependence estimates obtained from the LSTAR Gaussian copula models for 

the various asset pairs. Because the Gaussian copula exhibits no tail dependence, changes in 

𝜌𝑡   reflect shifts in overall co-movement across the entire joint distribution. Consequently, the 

Gaussian specification captures variations in symmetric dependence but cannot identify crisis-

specific downside contagion or determine whether co-movements are concentrated in the tails 

of the distribution. It therefore provides information on whether diversification benefits 

deteriorate or improve during turbulent market conditions, without distinguishing between 

normal and extreme market outcomes. In this framework, the latent dependence index  𝐾𝑡 is 

specified as 

 𝐾𝑡 = 𝐾(𝐿) + (𝐾(𝐻) − 𝐾(𝐿))𝐺𝑡 =  𝑎1 + (𝑎2 −  𝑎1)𝐺𝑡, 

where 𝐺𝑡 denotes the logistic transition function. 

The copula correlation parameter is given by 𝜌𝑡 =   𝑠𝑖𝑛(𝐾𝑡) implying low- and high-regime 

dependence levels equal to 𝜌𝐿 = sin (𝑎1) and 𝜌𝐻 = 𝑠𝑖𝑛 (𝑎2) respectively. (To facilitate comparison 

with the Clayton copula results, the discussion is conducted in terms of the corresponding 

Kendall’s tau values, where  𝜏𝐿  =
2

𝜋
arcsin (𝜌𝐿) and 𝜏𝐻  =

2

𝜋
arcsin (𝜌𝐻), respectively.) 

The estimates reveal substantial regime heterogeneity in symmetric dependence. Herding 

behaviour—defined here as stronger positive co-movement during periods of heightened 

volatility (𝜏𝐻 > 𝜏𝐿), or equivalently as a reduction in the absolute magnitude of a negative 

correlation—characterizes most Gaussian copulas in which Gold futures play a pivotal role. The 

only exceptions are the copulas involving Natural Gas and Copper futures, for which the high-

volatility regime is associated with weaker or negative dependence, a result consistent with the 

safe-haven properties traditionally attributed to Gold. 

The results suggest an analogous diversification role for WTI futures during periods of market 

stress, even if – as shown in Table 2 - the null hypothesis of a single-regime specification cannot 

be rejected in most cases. Specifically, 𝜏𝐻 < 𝜏𝐿 < 0  for the copulas linking WTI futures returns 

with the DJIA, the FTSE MIB index, and Copper futures, indicating a strengthening of negative 

dependence in the high-volatility regime.9 

It is noteworthy that WTI Futures behave as a safe-haven with respect DJIAI shifts, whereas 

Gold Futures exhibit a positive co-movement. 

                                                      
9 A Gaussian copula with 𝜏𝐻 < 0 says that, in the high-VIX regime, the WTI futures returns tend to move opposite to 

equity returns. However, because the Gaussian copula implies that tail dependence is nil, it cannot tell you whether safe-
haven protection is especially strong in extreme crashes. It only says the dependence structure becomes negative overall 
in that regime. 
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3.3 Clayton Copula LSTAR-GARCH Analysis 

In the Clayton specification, the dependence parameter evolves as 

𝜃𝑡 = exp (𝜂𝑡),  𝜂𝑡 = 𝜂(𝐿) + (𝜂(𝐻) − 𝜂(𝐿))𝐺𝑡 

where the lower tail dependence index is 𝜆𝐿𝑡 = 2−1/𝜃𝑡 .  

Unlike the Gaussian copula, the Clayton copula explicitly captures lower-tail dependence and 

therefore provides a measure of the extent to which extreme negative outcomes tend to occur 

jointly. It allows us to assess whether periods of market stress are associated with an 

intensification of joint losses beyond what can be explained by changes in overall correlation 

alone. 

Table 4 reports the maximum-likelihood estimates of the LSTAR–GARCH Clayton copula models 

(equations (5), (9) and (10’)) linking the returns of WTI and Gold futures with those of the 

financial assets considered above. 

Overall, the empirical performance of the Clayton copula is weaker than that of the Gaussian 

specification, suggesting that lower-tail dependence plays a more limited role in explaining the 

observed dependence dynamics across the asset pairs considered. 

 

 
Table 3. Low and High Volatility Regime Correlation and Tau indexes Implied by the LSTAR  

Gaussian Copulas 

 Bitcoin €/$ DJIAI Bd Fut MIB  NtG Fut Cop Fut 

WTI Fut         
𝜌𝐿 
𝜏𝐿 

0.838 
0.633 

-0.033 
-0.021 

0.279 
0.180 

-0.264 
-0.169 

0.975 
0.527 

 0.164 
0.105 

0.333 
0.216 

𝜌𝐻 

𝜏𝐻 

0.725 

0.516 

0.942 

0.783 

-0.872 

-0.675 

-0.296 

-0.191 

-0.049 

-0.031 

 0.995 

0.942 

-0.998 

-0.971 

GOLD Fut         

 Bitcoin €/$ DJIAI Bd Fut MIB WTI Fut NtG Fut Cop Fut 
𝜌𝐿 

𝜏𝐿 

-0.029 

-0.018 

0.296 

0.186 

-0.098 

-0.062 

0.160 

0.101 

-0.187 

-0.120 

-0.145 

-0.092 

-0.007 

-0.004 

0.050 

0.032 

𝜌𝐻 

𝜏𝐻 

0.242 

0.152 

0.988 

0.531 

0.273 

0.176 

0.097 

0.062 

0.326 

0.212 

0.717 

0.418 

-0.679 

-0.475 

-0.897 

-0.497 

Note: Kendall’s 𝜏 =
2

𝜋
arcsin (𝜌). 

 

As in the Gaussian copula specification, the null hypothesis of no regime variation in the 

dependence parameter, (𝐿𝜃𝐿=𝜃𝐻
), cannot be rejected for the copulas involving WTI futures 

returns, with the sole exception of the WTI–DJIA copula. This finding suggests that the intensity 

of joint downside co-movement remains relatively stable across market conditions, despite the 

changes in overall dependence detected by the Gaussian copulas. 

For the copulas involving gold futures, the estimated regime shifts are generally characterized 

by a LSTAR transition mechanism. The only exception is the Gold–Natural Gas futures copula, 

for which the large value of the transition parameter (𝛾) indicates a more abrupt Threshold 
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Autoregressive (TAR)-type regime change. By contrast, the null hypothesis of equal dependence 

across regimes is rejected for the Gold–DJIA, Gold–FTSE MIB, and Gold–WTI Clayton copulas. 

The index estimates set forth in Table 5 provide some interesting results. They satisfy the (𝜏𝐻 > 

𝜏𝐿 > 0) inequality, implying a higher degree of lower-tail dependence in the high-volatility regime 

(𝜆𝐿𝐻 > 𝜆𝐿𝐿 ), in the case of the Gold-Bitcoin, Gold-Euro Bund futures and Gold-WTI futures 

copulas. This result indicates that the herding behaviour, identified during turbulent market 

periods by the Gaussian copula estimates of Table 3, are accompanied by an increased probability 

of joint extreme losses, consistent with the emergence of contagion effects. 

The results for the Gold–Copper pair provide especially interesting insights. While the Gaussian 

copula estimates reported in Table 3 suggest increasingly negative dependence during periods 

of heightened market stress, the Clayton copula results in Table 5 reveal persistent positive 

lower-tail dependence. This apparent discrepancy indicates that, although the two assets may 

move in opposite directions on average during turbulent periods, they continue to exhibit a 

tendency to experience joint extreme downside realizations. The Gaussian copula therefore 

captures changes in overall correlation, whereas the Clayton specification uncovers tail-risk 

interactions that would otherwise remain hidden. 

Finally, the estimated values of 𝜏𝐿 and 𝜆𝑙𝐿 reported in Table 5 are frequently very small and, in 

several cases, statistically indistinguishable from zero. This finding is unsurprising, as periods of 

low market stress are generally associated with a limited probability of simultaneous extreme 

losses across assets, resulting in negligible lower-tail dependence. 

 

4. Gaussian and Clayton LSTAR GARCH Copula Evolution over Time  

One of the main advantages of the LSTAR–GARCH framework is that it allows for a direct 

graphical representation of how the dependence structure evolves in response to changes in the 

transition variable. This feature provides valuable insights into the mechanisms driving regime 

shifts and facilitates the interpretation of the estimated copula dynamics. 

The choice of the VIX index as the transition variable underscores the central role of the U.S. 

equity market in the global financial system and its function as a key channel through which 

market participants process and incorporate new information. In this respect, the VIX can be 

viewed as a broad indicator of market uncertainty and risk aversion, reflecting investors’ 

reactions to economic, financial, and geopolitical shocks. Alternative transition variables, 

including the U.S. Dollar Index (USDX), the 3-Month Treasury Bill rate, and the more recently 

developed Economic Policy Uncertainty (EPU) and Geopolitical Risk (GPR) indices, were also 

considered. However, these alternatives yielded less satisfactory empirical results, both in terms 

of model fit and in their ability to capture the observed dependence dynamics across asset 

markets. 
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Table 4.  

Clayton Copula Kendall’s Tau under a VIX/100 LSTAR Transition Function 

log 𝐶𝐶𝑡(𝑢1𝑡, 𝑢2𝑡; 𝜃) = log(1 + 𝜃) − (1 + 𝜃)(log 𝑢1𝑡 + log 𝑢2𝑡) − (2+
1

𝜃
) log (𝑢1𝑡

−𝜃 + 𝑢2𝑡
−𝜃 − 1),   𝜃𝑡 > 0. (9), 

  𝜂𝑡 = (𝑏0 + 𝑏2) + ((𝑏0 + 𝑏1) − (𝑏0 + 𝑏2))𝐺𝑡  (10′),   𝐺𝑡 =
1

1+exp {−𝛾(𝑤𝑡−1−𝑐)}
,   𝛾 > 0.  (5) 

 

CLAYTON 
WTI Fut 

WTI Fut 
Bitcoin 

WTI Fut 
€/$ 

WTI Fut 
Bd Fut 

WTI Fut 
DJIAI 

WTI Fut 
MIB 

 WTI Fut 
NtG Fut 

WTI Fut 
Cop Fut 

𝑏0 -18.191 

(-48.65) 

70.549         

(55.898) 

 -7.089       

(-41.458) 

-7.858          

(-16.138) 

- 0.183       

(1.591) 

2.408          

(16.097) 

𝑏1 16.825          

(41.741) 

26.814          

(2.880) 

 6.602         

(52.692) 

-6.143 

(-1.914) 

- -1.980      (-

3.602) 

-1149.885    (-

1.555) 

𝑏2 -1516.6      

-(231.1) 

-128.07       

(-162.2) 

 -209.519     

(-1.087) 

6.453     

(13.869) 

- -1.139      (-

5.797) 

-2.804       (-

16.262) 

𝜃𝐿 0.000 0.000  0.000 0.245 - 0.384 0.673 

𝜃𝐻 0.255 1.92e+42  0.614 0.000 - 0.166 0.000 

𝛾 10.287        

(662.034) 

-0.339         

-(1.138) 

 4.734        

(33.919) 

10.376     

(7519.31) 

- 9.914 

(674484) 

2.770         

(34.627) 

C 0.142       

(683.71) 

1.056         

(24.464) 

 0.078        

(12.648) 

0.142 

(11309.9) 

- 0.149 

(1508062) 

0.724         

(20.704) 

𝐿𝜃𝐿=𝜃𝐻
 5.770      

[0.123] 

4.249 

[0.235] 

 9.074* 

[ 0.028] 

2.996 

[0.527] 

- 1.228 

[0.746] 

1.666 

[0.644] 

LLF 5.825 3.225  30.820 1.719 - 8.521 28.117 

AIC -1.651 3.549  -51.639 6.561 - -7.042 -46.235 

CLAYTON 

GOLD Fut* 

Gold Fut 

Bitcoin 

Gold Fut 

€/$ 

GoldFut 

Bd Fut 

Gold Fut 

DJIAI 

Gold Fut 

MIB 

Gold Fut 

WTI Fut 

Gold Fut 

NtG Fut 

Gold Fut 

Cop Fut 

𝑏0 -0.689 

(-3.249) 

-0.042 

-(0.116) 

-0.132 

(-0.529) 

-3.315          

(-7.006) 

-76.064 

(-2.357) 

-2.288 

(-21.14) 

-0.068          

(-0.066) 

-1.009 

(-38.222) 

𝑏1 0.801 

(-2.613) 

55.767 

(2.534) 

-1.375 

(-4.174) 

2.583           

(5.459) 

-26.597 

(-0.322) 

3.364        

(51.449) 

-5.364        

(-2.607) 

0.0286      

(0.063) 

𝑏2 -2.297           

(-3.675) 

-0.992 

(-4.369) 

-0.106 

(-0.208) 

-1186.89    

( -0.023) 

78.627       

(3.362) 

-173.808 (-

207.5) 

-0.367          

(-0.178) 

-1.379 

(-11.517) 

𝜃𝐿 0.036 0.355 0.788 0.00 12.975 0.000 0.647 0.092 

𝜃𝐻 1.118 1.59e+24 0.221 0.481 0.000 2.939 0.004 0.375 

C -5.083          

(-6.317) 

0.599 

(3.175) 

0.131       

(14.765) 

8.925        

(2278.10) 

5.203         

(1.660) 

-0.065 

(-24.89) 

-7763.48    

(-4.771) 

0.183     

(8519.318) 

𝛾 1.289        

(8.142) 

2.830 

(2.534) 

5.1431       

(3.696) 

0.224        

(8324.02) 

0.135        

(3.553) 

2.653       

(59.689) 

1931.336         

(4.753) 

9.212     

(2424.918) 

𝐿𝜃𝐿=𝜃𝐻
 0.288 

[0.962] 

1.623      

[0.654] 

2.833 

[0.418] 

9.696* 

[0.021] 

10.187* 

[0.017] 

10.194* 

[0.017] 

1.498 

[0.317] 

1.302 

[0.271] 

LLF 1.256 13.302 11.761 5.354 2.159 6.555 0.398 4.197 

AIC 

 

7.387 -16.604 -13.523 -0.709 5.680 -3.111 

 

9.203 1.497 

 

 Notes. 𝐿𝜌𝐿=𝜌𝐻
: Likelihood ratio test of the null hypothesis that 𝜌𝐿  =  𝜌𝐿;  *: significant at the 10 percent level; 

**: significant at the 5 percent level; AIC:  Akaike Information Criterion. 
 

Figure 1 plots the VIX/100 index together with the dynamic Kendall’s tau coefficients implied by 

the Gaussian copula estimates of Tables 2 and 3. The pronounced VIX spike observed in 2018 

constitutes one of the main drivers of the estimated regime shifts.10 Since contagion requires 

dependence to strengthen during episodes of market stress, evidence of contagion into Gold (or 

                                                      
10 The 2018 VIX spike was caused by a macro shock from inflation/interest-rate fears that triggered a stock sell-off, and 

by a forced, self-reinforcing unwinding of crowded short-volatility positions in VIX ETPs, which greatly raised its impact. 
It has a generalized effect on the copulas, positive (a symptom of herding) in most cases and negative (portfolio 
diversification/hoarding) in the case of the copulas of Gold with the Ntg Futures and the Ftse MIB index, and of the 
copulas of the WTI Futures with the Eur/USD rate and the NtG and Copper Futures. 
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WTI) is present only when Kendall’s tau increases as the VIX rises. The first column of Figure 1 

indicates that most gold-based copulas exhibit such behaviour, consistent with herding effects, 

the Gold–FTSE MIB pair being the main exception. Moreover, several copulas display abrupt 

rather than gradual transitions between dependence regimes, suggesting dynamics closer to a 

TAR specification than to a smooth-transition process. 

 

Table 5. Low and High Volatility 
 Regime Theta, Tau and LambdaL Indexes Implied by the LSTAR Clayton Copulas 

 
 Bitcoin €/$ DJIAI Bd Fut MIB  NtG Fut Cop Fut 

WTI Fut         

𝜃𝐿 

𝜏𝐿 

𝜆𝑙𝐿 

0.000 

0.000 

0.000 

0.000 

0.000 

0.000 

- 

- 

- 

0.000 

0.000 

0.000 

0.245 

0.109 

0.059 

- 

- 

- 

0.384 

0.162 

0.164 

0.673 

0.252 

0.357 

𝜃𝐻 

𝜏𝐻 

𝜆𝑙𝐻 

0.255 

0.113 

0.066 

1.92e+42 

1 

0.999 

- 

- 

- 

0.614 

0.235 

0.324 

0.000 

0.000 

0.000 

- 

- 

- 

0.166 

0.076 

0.001 

0.000 

0.000 

0.000 

GOLD Fut         

 Bitcoin €/$ DJIAI Bd Fut MIB WTI Fut NtG Fut Cop Fut 
𝜃𝐿 

𝜏𝐿 

𝜆𝑙𝐿 

0.036 

0.018 

0.000 

0.355 

0.151 

0.142 

0.788 

0.283 

0.415 

0.000 

0.000 

0.000 

12.975 

0.866 

0.948 

0.000 

0.000 

0.000 

0.647 

0.244 

0.342 

0.092 

0.044 

0.001 
𝜃𝐻 

𝜏𝐻 

𝜆𝑙𝐻 

1.118 

0.358 

0.537 

1.59e+24 

1.000 

0.999 

0.221 

0.099 

0.043 

0.481 

0.194 

0.237 

0.000 

0.000 

0.000 

2.939 

0.595 

0.790 

0.004 

0.002 

0.000 

0.375 

0.158 

0.157 

 

The Gold–DJIA and WTI–Euro Bund futures copulas provide evidence of pronounced safe-haven 

behaviour during low-stress periods, which is subsequently replaced by herding dynamics as 

market uncertainty intensifies. In the second column of Figure 1, the negative values of the WTI–

FTSE MIB Gaussian copula observed during the turbulent episodes of 2018, 2020, and 2022 

suggest that crude oil may also exhibit safe-haven properties under specific market conditions. 

The Clayton copula dynamics reported in Figure 2, derived from the estimates presented in 

Tables 4 and 5, reveal a marked increase in the probability of joint extreme losses during periods 

of elevated market stress for the Gold–DJIA, Gold–WTI, and Gold–Copper pairs. In these cases, 

the strengthening of lower-tail dependence indicates that herding behaviour is accompanied by 

a greater likelihood of simultaneous adverse market outcomes. 
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Figure 1. 
Evolution over time of the Gaussian Copula Tau and VIX/100 Indexes  

  
Gold-Bitcoin WTI-Fut-Bitcoin 

  
Gold-Eur/Usd WTI Fut-Eur/Usd 

  
Gold-Euro Bd Futures WTI-Euro Bd Futures 

  

Gold-DJIAI WTI Fut-DJIAI 
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Notes. Blue line: VIX/100 index; Black line: conditional LSTAR GARCH bivariate copula; Shaded areas: periods of 
economic/financial turmoil.  
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Figure 2. 

Evolution over time of the Clayton Copula Tau and VIX/100 Indexes 
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Notes. Blue line: VIX/100 index; Black line: conditional LSTAR GARCH bivariate copula; Shaded areas: periods of 
economic/financial turmoil.  
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Figure 3. 

 Gaussian Copulas Tau-Vix/100 Scatter Plot 
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By contrast, the probability of joint crashes remains largely unaffected by both the 2018 VIX 

spike and the COVID-19 pandemic in the case of the Gold–Euro Bund futures and Gold–FTSE 

MIB copulas. These dependence structures appear to respond primarily to developments 

affecting European risk perceptions, most notably the outbreak of the Russia–Ukraine conflict 

and the Israel-Gaza war. Finally, in the case of the WTI-based copulas, the 2018 VIX shock is 

associated with a temporary decline in lower-tail dependence, suggesting that episodes of 

heightened financial uncertainty do not necessarily translate into stronger downside co-

movements involving crude oil futures. 

Figure 3 presents scatter plots illustrating the relationship between the VIX/100 index and the 

corresponding Kendall’s tau coefficients implied by the Gaussian copula models. 

For the Gold–Bitcoin, Gold–WTI futures, and Gold–Copper futures copulas, the estimated 

dependence coefficients tend to increase with the magnitude of the transition variable, indicating 

that herding behaviour strengthens as market stress intensifies. A similar pattern emerges for 

the Gold–DJIA copula, although in this case the relationship is characterized by a threshold 

effect: herding behaviour becomes evident only after the VIX exceeds a critical level, consistent 

with the TAR-type dynamics identified earlier. 

By contrast, the Kendall’s tau coefficients associated with the Gold–Euro Bund futures and Gold–

FTSE MIB copulas decline as the magnitude of VIX fluctuations increases. This result is consistent 

with the limited responsiveness of these markets to changes in U.S. equity market volatility and 

supports the interpretation that their dependence structure is driven by factors other than shifts 

in U.S. risk sentiment. 

The results for the WTI-based copulas are generally weaker and less informative. Nevertheless, 

a negative relationship between Kendall’s tau and the magnitude of the VIX index emerges for 

the WTI–FTSE MIB and WTI–Natural Gas futures copulas. In the latter case, heightened stock 

market stress appears to induce a partial decoupling of oil and natural gas markets, reflecting 

divergent demand conditions and resulting in a weaker co-movement of their rates of return. 

 

5. Conclusion 

From the lingering effects of the Eurozone sovereign debt crisis in the mid-2010s to the COVID-

19 pandemic, commodity price shocks, persistent inflationary pressures, geopolitical conflicts, 

trade disputes, and the growing fragmentation of global financial markets, the world economy 

has been characterized by subdued growth, heightened uncertainty, and increasing policy 

challenges. In this environment, systemic risk has originated not only from traditional business 

and financial cycles but also from political tensions, technological disruptions, and structural 

changes in international trade and finance, pointing toward a progressively more fragmented 

global economic order by the mid-2020s. 

The likelihood-ratio tests strongly reject the single-regime null hypothesis for the Gaussian 

LSTAR copula specifications, providing robust evidence of regime-dependent variation in the 
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overall dependence structure among the assets considered. By contrast, the corresponding 

Clayton copula models generally fail to reject the single-regime null, suggesting either that 

lower-tail dependence remains relatively stable across market conditions or that regime shifts 

are not primarily driven by joint downside extremes. This finding helps explain the superior 

empirical performance of the Gaussian LSTAR copula in capturing the observed dependence 

dynamics. 

The overall quality of the Gaussian copula estimates highlights the central role of gold in the 

transmission of information and risk across financial and commodity markets. At the same time, 

the results suggest that crude oil may, somewhat unexpectedly, provide more effective hedging 

properties than gold during episodes of heightened uncertainty, as it exhibits downside-

protection characteristics in several major market relationships. Another particularly robust 

finding concerns the dominant role of the CBOE VIX Index as the transition variable within the 

LSTAR framework. International shocks appear to affect dependence structures primarily when 

transmitted through the U.S. equity market, underscoring both the pivotal position of U.S. 

financial markets in the global system and their role as a conduit through which economically 

relevant information is processed, incorporated, and disseminated across markets. 
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